
detcapmi evah hcihw segnahc rojam enogrednu sah gniliater yrecorG  

rof eussi nA .noisivorp erots yrecorg fo noitairav dna noitubirtsid eht  

level-orcam eht morf sesylana esu yeht fi taht si srekam-noisiced liater  

yreve ta noitulos lamitpo eht eb ton yam eseht ,snoisulcnoc rieht ward ot  

 .noitacol

liater yrecorg eht fo stcepsa rehtehw yfitnedi ot si siseht siht fo mia ehT  

siht rehtehw yfitnedi neht ,ton fi ,dna tnetsisnoc yllaitaps era epacsdnal  

,laitaps fo rebmun a esu eW .emit hguorht tnetsisnoc si noitairav laitaps  

 .smia ruo eveihca ot sdohtem laropmet-oitaps dna laropmet

dna ylppus eht ni segnahc egral neeb sah ereht taht wohs stluser ruO  

eht yfissalc nac ew wohs eW .AMH ni gniliater yrecorg fo noitubirtsid  

eht nopu desab stamrof erots tnereffid rof stekrambus daorb otni aera  

yrecorg rof dnamed rof stluser ruO .gniliater yrecorg ot ssecca ni egnahc  

remusnoc a fo stcepsa gnikam-noisiced eht lla ton taht wohs gniliater  

 .noitubirtsid laitaps rieht ni tnetsisnoc era

noisivorp eht woh erolpxe ot sdohtem thgilhgih yduts siht fo stluser ehT  

eht thgilhgih sa llew sa ,emit hguorht devlove sah gniliater yrecorg fo  

rieht dna sremusnoc ni noitacol tnuocca otni gnikat fo ecnatropmi  

 .snoisiced liater gnikam nehw ruoivaheb

-o
tl

a
A

D
D

 
3

3
/

 0
2

0
2

 +g
hgji

a*GM
FTSH

9

 NBSI 6-7698-06-259-879  )detnirp( 

 NBSI 3-8698-06-259-879  )fdp( 

 NSSI 4394-9971  )detnirp( 

 NSSI 2494-9971  )fdp( 

 

ytisrevinU otlaA  

gnireenignE fo loohcS  

tnemnorivnE tliuB fo tnemtrapeD  

 fi.otlaa.www

 + SSENISUB
 YMONOCE

 
 + TRA

 + NGISED
 ERUTCETIHCRA

 
 + ECNEICS

 YGOLONHCET
 

 REVOSSORC
 

 LAROTCOD
 SNOITATRESSID

 y
ell

u
C 

se
ma

J
A

n
 e

m
p
irical inve

stig
atio

n
 in

to
 chan

g
e
s in

 the
 g

ro
ce

ry retailin
g
 lan

dscap
e 

 y
ti

sr
ev

i
n

U 
otl

a
A

 0202

 tnemnorivnE tliuB fo tnemtrapeD

noitagitsevni laciripme nA  
eht ni segnahc otni  

 epacsdnal gniliater yrecorg

 yduts esac  natiloporteM iknisleH A

 yelluC semaJ

 LAROTCOD
 SNOITATRESSID

Area

detcapmi evah hcihw segnahc rojam enogrednu sah gniliater yrecorG  

rof eussi nA .noisivorp erots yrecorg fo noitairav dna noitubirtsid eht  

level-orcam eht morf sesylana esu yeht fi taht si srekam-noisiced liater  

yreve ta noitulos lamitpo eht eb ton yam eseht ,snoisulcnoc rieht ward ot  

 .noitacol

liater yrecorg eht fo stcepsa rehtehw yfitnedi ot si siseht siht fo mia ehT  

siht rehtehw yfitnedi neht ,ton fi ,dna tnetsisnoc yllaitaps era epacsdnal  

,laitaps fo rebmun a esu eW .emit hguorht tnetsisnoc si noitairav laitaps  

 .smia ruo eveihca ot sdohtem laropmet-oitaps dna laropmet

dna ylppus eht ni segnahc egral neeb sah ereht taht wohs stluser ruO  

eht yfissalc nac ew wohs eW .AMH ni gniliater yrecorg fo noitubirtsid  

eht nopu desab stamrof erots tnereffid rof stekrambus daorb otni aera  

yrecorg rof dnamed rof stluser ruO .gniliater yrecorg ot ssecca ni egnahc  

remusnoc a fo stcepsa gnikam-noisiced eht lla ton taht wohs gniliater  

 .noitubirtsid laitaps rieht ni tnetsisnoc era

noisivorp eht woh erolpxe ot sdohtem thgilhgih yduts siht fo stluser ehT  

eht thgilhgih sa llew sa ,emit hguorht devlove sah gniliater yrecorg fo  

rieht dna sremusnoc ni noitacol tnuocca otni gnikat fo ecnatropmi  

 .snoisiced liater gnikam nehw ruoivaheb

-o
tl

a
A

D
D

 
3

3
/

 0
2

0
2

 +g
hgji

a*GM
FTSH

9

 NBSI 6-7698-06-259-879  )detnirp( 

 NBSI 3-8698-06-259-879  )fdp( 

 NSSI 4394-9971  )detnirp( 

 NSSI 2494-9971  )fdp( 

 

ytisrevinU otlaA  

gnireenignE fo loohcS  

tnemnorivnE tliuB fo tnemtrapeD  

 fi.otlaa.www

 + SSENISUB
 YMONOCE

 
 + TRA

 + NGISED
 ERUTCETIHCRA

 
 + ECNEICS

 YGOLONHCET
 

 REVOSSORC
 

 LAROTCOD
 SNOITATRESSID

 y
ell

u
C 

se
ma

J
A

n
 e

m
p
irical inve

stig
atio

n
 in

to
 chan

g
e
s in

 the
 g

ro
ce

ry retailin
g
 lan

dscap
e 

 y
ti

sr
ev

i
n

U 
otl

a
A

 0202

 tnemnorivnE tliuB fo tnemtrapeD

noitagitsevni laciripme nA  
eht ni segnahc otni  

 epacsdnal gniliater yrecorg

 yduts esac  natiloporteM iknisleH A

 yelluC semaJ

 LAROTCOD
 SNOITATRESSID

Area

detcapmi evah hcihw segnahc rojam enogrednu sah gniliater yrecorG  

rof eussi nA .noisivorp erots yrecorg fo noitairav dna noitubirtsid eht  

level-orcam eht morf sesylana esu yeht fi taht si srekam-noisiced liater  

yreve ta noitulos lamitpo eht eb ton yam eseht ,snoisulcnoc rieht ward ot  

 .noitacol

liater yrecorg eht fo stcepsa rehtehw yfitnedi ot si siseht siht fo mia ehT  

siht rehtehw yfitnedi neht ,ton fi ,dna tnetsisnoc yllaitaps era epacsdnal  

,laitaps fo rebmun a esu eW .emit hguorht tnetsisnoc si noitairav laitaps  

 .smia ruo eveihca ot sdohtem laropmet-oitaps dna laropmet

dna ylppus eht ni segnahc egral neeb sah ereht taht wohs stluser ruO  

eht yfissalc nac ew wohs eW .AMH ni gniliater yrecorg fo noitubirtsid  

eht nopu desab stamrof erots tnereffid rof stekrambus daorb otni aera  

yrecorg rof dnamed rof stluser ruO .gniliater yrecorg ot ssecca ni egnahc  

remusnoc a fo stcepsa gnikam-noisiced eht lla ton taht wohs gniliater  

 .noitubirtsid laitaps rieht ni tnetsisnoc era

noisivorp eht woh erolpxe ot sdohtem thgilhgih yduts siht fo stluser ehT  

eht thgilhgih sa llew sa ,emit hguorht devlove sah gniliater yrecorg fo  

rieht dna sremusnoc ni noitacol tnuocca otni gnikat fo ecnatropmi  

 .snoisiced liater gnikam nehw ruoivaheb

-o
tl

a
A

D
D

 
3

3
/

 0
2

0
2

 +g
hgji

a*GM
FTSH

9

 NBSI 6-7698-06-259-879  )detnirp( 

 NBSI 3-8698-06-259-879  )fdp( 

 NSSI 4394-9971  )detnirp( 

 NSSI 2494-9971  )fdp( 

 

ytisrevinU otlaA  

gnireenignE fo loohcS  

tnemnorivnE tliuB fo tnemtrapeD  

 fi.otlaa.www

 + SSENISUB
 YMONOCE

 
 + TRA

 + NGISED
 ERUTCETIHCRA

 
 + ECNEICS

 YGOLONHCET
 

 REVOSSORC
 

 LAROTCOD
 SNOITATRESSID

 y
ell

u
C 

se
ma

J
A

n
 e

m
p
irical inve

stig
atio

n
 in

to
 chan

g
e
s in

 the
 g

ro
ce

ry retailin
g
 lan

dscap
e 

 y
ti

sr
ev

i
n

U 
otl

a
A

 0202

 tnemnorivnE tliuB fo tnemtrapeD

noitagitsevni laciripme nA  
eht ni segnahc otni  

 epacsdnal gniliater yrecorg

 yduts esac  natiloporteM iknisleH A

 yelluC semaJ

 LAROTCOD
 SNOITATRESSID

Area





 seires noitacilbup ytisrevinU otlaA
SNOITATRESSID LAROTCOD  33 /  0202

An empirical investigation into  
gniliater yrecorg eht ni segnahc  

 epacsdnal

 yduts esac  natiloporteM iknisleH A

 yelluC semaJ

fo rotcoD fo eerged eht rof detelpmoc noitatressid larotcod A  
ehT fo noissimrep eht htiw ,dednefed eb ot )ygolonhceT( ecneicS  
erutcel eht ta noitanimaxe cilbup a ta ,gnireenignE fo loohcS otlaA  
 .21 ta 0202 hcraM fo ht9 eht no ecneicS fo loohcS ehT fo 2T llah

 ytisrevinU otlaA
 gnireenignE fo loohcS

 tnemnorivnE tliuB fo tnemtrapeD
 puorG hcraeseR scitamrofnioeG

Area



Printed matter
4041-0619

N
O

R
DIC

 SWAN ECOLAB
E

L

Printed matter
1234 5678

 rosseforp gnisivrepuS
 dnalniF ,ytisrevinU otlaA ,suatnarriV isriK rosseforP

 
 rosivda sisehT

 dnalniF ,ytisrevinU otlaA ,nenatiiV okuaK rosseforP
 

 srenimaxe yranimilerP
 modgniK detinU ehT ,swerdnA tS fo ytisrevinU ,rašmeD akšrU .cS.D

 yO AT sumiktutiknupuaK ,oskaaL oppeS .cS.D
 

 stnenoppO
 modgniK detinU ehT ,swerdnA tS fo ytisrevinU ,rašmeD akšrU .cS.D

 seires noitacilbup ytisrevinU otlaA
SNOITATRESSID LAROTCOD  33 /  0202

 
 © 0202   yelluC semaJ

 
 NBSI 6-7698-06-259-879  )detnirp( 
 NBSI 3-8698-06-259-879  )fdp( 
 NSSI 4394-9971  )detnirp( 
 NSSI 2494-9971  )fdp( 

:NBSI:NRU/if.nru//:ptth  3-8698-06-259-879
 

 yO aifarginU
 iknisleH  0202

 
 dnalniF

 



 tcartsbA
  otlaA 67000-IF ,00011 xoB .O.P ,ytisrevinU otlaA  if.otlaa.www

 rohtuA
 yelluC semaJ

 noitatressid larotcod eht fo emaN
An empirical investigation into changes in the grocery retailing landscape 

 rehsilbuP  gnireenignE fo loohcS

 tinU  tnemnorivnE tliuB fo tnemtrapeD

 seireS seires noitacilbup ytisrevinU otlaA  SNOITATRESSID LAROTCOD  33 /  0202

 hcraeser fo dleiF  scitamrofnioeG

 dettimbus tpircsunaM  9102 yaM 41  ecnefed eht fo etaD  0202 hcraM 9

 )etad( detnarg ecnefed cilbup rof noissimreP  0202 yraunaJ 02  egaugnaL  hsilgnE

 hpargonoM  noitatressid elcitrA  noitatressid yassE

 tcartsbA
eht sa hcus stcepsa ni segnahc egral enogrednu sah gniliater yrecorg taht nwonk neeb gnol sah tI  

eht yb trap ni dna gnikniht sreliater yb trap ni nevird ,stamrof erots tnereffid fo ytiralupop  
ni noitairav dna noitubirtsid eht no stcapmi gib dah evah segnahc esehT .sremusnoc fo ruoivaheb  

morf sesylana esu yeht fi taht srekam-noisiced liater rof eussi na si erehT .noisivorp erots yrecorg  
the macro-level to draw their conclusions these may not be the optimal solution for every location. 

yllaitaps era epacsdnal liater yrecorg eht fo stcepsa rehtehw yfitnedi ot si siseht siht fo mia ehT  
neeb sah noitairav laitaps siht rehtehw yfitnedi ,elbissop erehw ,neht ton fi dna tnetsisnoc  

esylana tsrfi ew yduts esac a sa aerA natiloporteM iknisleH eht gnikaT .emit hguorht tnetsisnoc  
laitaps si ereht rehtehw erolpxe neht eW .8002 ot 1891 morf gniliater yrecorg fo ylppus eht  

 .gnikam-noisiced 'sremusnoc hguorht gniliater yrecorg rof dnamed eht ni ytienegoreteh
gniliater ni ylesrevnoC .sdohtem laitapsa ,raluger no sucof seiduts cimonoce etatse laer ynaM  

spatial methods are utilised but generally for a static time period. In this thesis we use a number  
eht ni sdnert ta kool eW .smia ruo eveihca ot sdohtem laropmet-oitaps dna laropmet ,laitaps fo  

 .tnetsisnoc neeb sah siht rehtehw dna doirep yduts eht ssorca serots fo noitubirtsid
yrecorg fo noitubirtsid dna ylppus eht ni egnahc fo laed taerg a neeb sah ereht taht wohs stluser ruO  

retailing to the HMA throughout the study period. In reality there has been large differences in  
ekat ot elbissop si ti taht wohs eW .stamrof gnireffid fo serots yrecorg ot ssecca fo slevel snoitacol  

daorb otni aera eht yfissalc ot siht esu dna sesylana ruo yb detareneg stluser fo emulov egral a  
 .gniliater yrecorg ot noisivorp ni egnahc eht nopu desab stekrambus

taht selbairav eht lla ton taht wohs stluser ruo gniliater yrecorg rof dnamed eht ta kool ew nehW  
influence the decision-making of a consumer are heterogeneous in their spatial distribution. 
The results of this study highlight methods that can be used to explore in-depth how the provision  

eht fo ecnedive tneserp sa llew sa level lacol eht ta emit hguorht devlove sah gniliater yrecorg fo  
nehw ruoivaheb rieht dna sremusnoc ni ytilibairav lanoitacol tnuocca otni gnikat fo ecnatropmi  

 .snoisiced desab liater yrecorg gnikam

 sdrowyeK  etatsE laeR ;sisylanA laropmeT-oitapS ;epacsdnaL yrecorG ;liateR

 )detnirp( NBSI  6-7698-06-259-879  )fdp( NBSI  3-8698-06-259-879

 )detnirp( NSSI  4394-9971  )fdp( NSSI  2494-9971

 rehsilbup fo noitacoL  iknisleH  gnitnirp fo noitacoL  iknisleH  raeY  0202

 segaP  222  nru :NBSI:NRU/fi.nru//:ptth  3-8698-06-259-879





1 

Acknowledgements

The production of the monograph has been a long time coming. The amount I have learnt from 
writing this has exceeded, I feel in many ways, the amount I learnt from the research it con-
tains! 
I would first like to thank my supervisor, Professor Kirsi Virrantaus, for not giving up hope that 
I may one day complete this monograph, even if a couple of years had often passed since she 
last heard from me. I am also grateful for the support of Professor Kauko Viitanen. The help of 
both of you made the sure my transition from the private sector back to the world of academia 
was relatively pain free. I enjoyed my four and a bit years working at the university thoroughly, 
whether it be teaching, project research or my own studies. I was fortunate to meet and work 
with many clever and friendly people throughout the Real Estate and Geomatics departments, 
and look back on my time extremely fondly. 

I would like to thank my pre-examiners, Dr. Urška Demšar and Seppo Laakso for their valu-
able and insightful comments and thoughts on my thesis. Their observations and queries 
greatly helped me to improve the final manuscript. I am also thankful to Dr. Urška Demšar for 
agreeing to act as my opponent. I would also like to thank Professor Stuart Fotheringham for 
his valuable advice on the geographical weighted regression and spatial interaction elements 
of the thesis, during my months spent at the University of St. Andrews. 

I will be forever indebted to Mikael Postila for suggesting the idea to me of undertaking my 
doctorate at Aalto, or the Helsinki University of Technology as it was all those years ago! I am 
extremely grateful to Arhi Kivilahti for his advice, friendship, project opportunities and many 
Espoo Blues games.  

Special thanks to my colleagues Simo Syrman, Laura Yrjänä, Tuulia Puustinen, Sonja Lätti, 
Ari Hyvönen, Jaakko Madetoja and Pia Korba for providing an entertaining work and social 
environment and putting up with my grumbling for all those years. Regarding the projects, I 
appreciated the support given by the KOKKKA and Kaveri projects and the opportunities for 
research and insight they provided. 

I am most fortunate to have a wonderful family to have supported me for all the years I was 
battling with this monograph. My wonderful wife Anna, who has always supported me and 
given me the encouragement to keep going, especially when the end seemed a long way from 
sight. My amazing kids Aliina and Henrik who mean everything to me. My dad, Howard, who 
was always there to offer advice and who provided real assistance with the proof reading of the 
final drafts. My mum, Caroline, and sisters, Georgina and Charlotte, who have always given 
support. I could not have done this without them all. 
 
South West London, 26 January 2020  
James Nicholas Culley 

 
 
 



2 

  



3 

This thesis has been financially supported by: 

 

KOKKKA (Kauppakeskukset Osana Kestävää Kulutusta Ja Kaupunkirakennetta ) 
Project 

KAVERI project 

Academy of Finland 

RYM-TO – Doctoral Programme in the Built Environment 

KIINKO Real Estate Education - Foundation 

 

We are also grateful to: 

AC Nielsen Finland Oy 

 

 

The author is grateful for the support. 

 

 

  



4 

  



5 

Contents

1. Introduction ................................................................................ 11 

1.1 Background and Motivation ..................................................... 11 

1.2 Aims and Objectives .................................................................. 13 

1.3 Research Questions ................................................................... 14 

1.4 Limitations ................................................................................ 14 

1.5 Overview of Dissertation ........................................................... 15 

2. Background on retail formats and retail lifecycles ...................... 17 

2.1 Introduction .............................................................................. 17 

2.2 Grocery store classifications ..................................................... 18 

2.3 Historical grocery format volumes .......................................... 20 

2.4 Format characteristics ............................................................. 22 

2.5 Changes in the retailing landscape .......................................... 24 

2.6 Evolving nature of grocery formats .......................................... 25 

2.7 Retail Lifecycles ........................................................................ 26 

3. Background on locational aspects of retailing ........................... 28 

3.1 Introduction ............................................................................. 28 

3.2 Retail Location Theory ............................................................. 29 

3.3 Retail Location Techniques ...................................................... 32 

3.4 Retail Location in Practice ....................................................... 36 

3.5 Conclusion .................................................................................37 

4. Methodology Overview ............................................................... 39 

4.1 Statistical Process ..................................................................... 39 

4.2 Spatial Analysis as a Process .................................................... 40 

4.3 Methodologies .......................................................................... 43 

4.3.1 Time Series Analysis Methodologies .................................... 44 

4.3.2 Exploratory Spatial Data Analysis ........................................ 49 

4.3.3 Distance statistics ................................................................. 53 

4.3.4 Spatial Distribution Methodologies ...................................... 54 

4.3.5 Spatial Interaction methods ................................................. 56 



6 

4.3.6 Econometric and Spatial Econometric methods ................... 59 

4.4 Statistical Significance .............................................................. 62 

5. Background and Data ................................................................. 64 

5.1 Background Information .......................................................... 64 

5.1.1 Study Area ............................................................................. 64 

5.1.2 Finnish Grocery Market ........................................................ 68 

5.1.3  

6. Investigating temporal Supply of Grocery Stores at Global Level74 

6.1 Investigating change in supply of grocery retail stores in HMA75 

6.1.1 Store classifications ............................................................... 75 

6.1.2 Data Analysis ......................................................................... 76 

6.2 Modelling change in supply of grocery retail stores in HMA 83 

6.2.1 Retail lifecycles and trend analysis ....................................... 83 

6.2.2 Time series analysis ............................................................... 90 

6.3 Spatial Autocorrelation ............................................................. 95 

6.4 Discussion ................................................................................. 97 

7. Appraisal of approaches to analysing supply of retail and its spatial distribution and 
their suitability for spatio-temporal change .........................................101 

7.1 Chapter outline ....................................................................... 105 

7.2 Simple plotting visualisations ................................................ 105 

7.3 Entropy ................................................................................... 108 

7.4 Density analysis approach ....................................................... 111 

7.5 Discussion ................................................................................ 116 

8. Assessing change in potential accessibility to grocery stores and deriving submarket 
clusters based upon historic trends ..................................................... 120 

8.1 Spatial interaction potential approach .................................... 121 

8.2 Results .................................................................................... 124 

8.3 Discussion ............................................................................... 138 

9. Investigating the presence of spatial variation in variables pertinent to retailing 
decision making ................................................................................... 143 

9.1 Established Knowledge of Consumer behaviour .................... 144 

9.2 Creation of data variables ....................................................... 145 

9.3 Exploring spatial behaviour of identified variables................ 148 

9.4 Discussion ............................................................................... 155 

10. Decisions to Bypass the Closest Grocery Store: Investigating the presence of spatial 
variation in retailing decision-making ................................................. 160 

10.1 Introduction ......................................................................... 161 

10.2 Data Description ................................................................. 163 

Overview of Finnish grocery regulation and legislation........ 72

...



7 

10.3 Proportion of consumers who patronise the closest store .. 164 

10.4 Modelling Store Choice ........................................................ 167 

10.5 Creation of Data Variables ................................................... 167 

10.6 Results .................................................................................. 170 

10.6.1 Model Fitting .................................................................... 170 

10.7 Discussion ............................................................................ 181 

11. Discussion .................................................................................. 184 

12. Conclusion ................................................................................. 192 

12.1 Conceptualisation ................................................................ 192 

12.2 Aims and Objectives ............................................................ 193 

12.3 My Contribution .................................................................. 194 

12.4 Further Research and limitations of this research .............. 195 

 
 



8 

 
 

List of FIgures

Figure 1. Lifecycle model of retail formats (Coca-Stefaniak et al. 2005)............................................. 27 
Figure 2. Spatial Process Model (Smith et al. 2013) ............................................................................ 42 
Figure 3. Overview of methodologies used in this thesis ..................................................................... 44 
Figure 4 Cumulative Density Function for binary choice model ........................................................... 60 
Figure 5 Map of Helsinki Metropolitan Area.......................................................................................... 65 
Figure 6 Map showing key areas within HMA....................................................................................... 66 
Figure 7 Population growth and change in HMA (www.aluesarjat.fi) ................................................... 67 
Figure 8 Proportion of ages groups in HMA (www.aluesarjat.fi) .......................................................... 67 
Figure 9 Car Ownership levels in HMA (HSL 2016) ............................................................................. 68 
Figure 10 Number of grocery stores in Finland and volume of sales (Nielsen 
2005,2006,2007,2008,2009) ................................................................................................................. 69 
Figure 11 Market shares of grocery retailers in Finland 1985 - 2011 (Helsingin Sanomat) ................. 71 
Figure 12 Change in number of stores by format in HMA .................................................................... 77 
Figure 13 Change in number of stores by format in Finland (Nielsen 2008) ........................................ 77 
Figure 14 Change in proportions of store formats by number .............................................................. 78 
Figure 15 Change in total size of stores by type in HMA...................................................................... 79 
Figure 16 Change in percentage of total size shares of stores by type in HMA................................... 79 
Figure 17 Volume of sales by store type € 000,000's (Current Prices) ................................................ 80 
Figure 18 Decline in stores over 80 m2 but less than 1000 m2............................................................. 81 
Figure 19 Growth in stores over 1000 m2 ............................................................................................. 81 
Figure 20 Number of entrances and exits in stores under 1000 m2 ..................................................... 82 
Figure 21 Number of entrances and exits in stores over 1000 m2 ....................................................... 82 
Figure 22 Graphs showing trend line results for overall format numbers............................................. 88 
Figure 23 Graphs showing trend line results for changes in format's commercial area....................... 88 
Figure 24 Residuals from trend analysis regressions........................................................................... 90 
Figure 25 ACF plot for 2nd differences large stores on small stores ................................................... 92 
Figure 26 ACF for 2nd differences small stores ................................................................................... 92 
Figure 27 Annual change and rate of change large stores................................................................... 94 
Figure 28 Annual change and rate of change small store .................................................................... 94 
Figure 29 Clusters of significant number of store closures................................................................... 97 
Figure 30 Outline of accessibility concepts in relation to this thesis................................................... 104 
Figure 31 Changes between 1981 and 2008 for A) household numbers; B) large stores m2 per 
household; C) small stores m2 per Household .................................................................................... 107 
Figure 32  Relative entropy curves for A) small stores; B) large stores; C) household numbers....... 110 
Figure 33 Map showing coverage of small format stores ................................................................... 114 
Figure 34 Grid cells with access to small stores................................................................................. 114 
Figure 35 Map showing coverage of large format stores ................................................................... 115 
Figure 36 Grid cells with access to large stores ................................................................................. 115 
Figure 37 Distribution of probabilities of spatial interaction at a given distance. A) small format grocery 
B) large format grocery stores. ............................................................................................................ 125 



9 

Figure 38 Results of Distance Decay Regressions for small stores A) all distances B) up to 2000m 126 
Figure 39 Results of Distance Decay Regressions for large stores................................................... 126 
Figure 40 Change in potential access to small stores between 1981 and 2008................................ 128 
Figure 41 Average access to small stores between 1981 and 2008.................................................. 128 
Figure 42 Average silhouette scores for small store clusters............................................................. 129 
Figure 43  A) K-means centres for annual potential accessibility to small stores B) standardised 
version C) standardised version minus extreme clusters ................................................................... 131 
Figure 44 K means clusters submarkets of potential accessibility to small stores............................. 132 
Figure 45 Median potential accessibility to small stores for each cluster........................................... 133 
Figure 46 Change in potential access to large stores between 1981 and 2008 ................................ 134 
Figure 47 Average access to large stores between 1981 and 2008 .................................................. 135 
Figure 48 Average silhouette scores for large store clusters ............................................................. 135 
Figure 49  A) K-means centres of annual potential accessibility to large stores B) standardised version
............................................................................................................................................................. 136 
Figure 50 K means cluster submarkets of potential accessibility to large stores ............................... 137 
Figure 51 Median potential accessibility to large stores for each cluster ........................................... 137 
Figure 52 Central Helsinki Clusters - relative levels of potential accessibility.................................... 140 
Figure 53 Eastern Helsinki and Vantaa Clusters - relative levels of potential accessibility ............... 141 
Figure 54 A) Location of respondents and choice situation B) and surface showing Geographically 
Weighted Mean of respondents’ choice situations.............................................................................. 167 
Figure 55 A) Relative attractiveness of single close grocery store versus B) relative attractiveness of 
many close store alternatives.............................................................................................................. 168 
Figure 56 Spatial autocorrelation in the residuals of the Logistic Regression and Logistic 
Geographically Weighted Generalised Linear models. ....................................................................... 177 
Figure 57 Left Column: local parameter estimates (Odds Ratios) for non-stationary relationships. 
Right Column: Significance of local parameter estimates................................................................... 179 
Figure 58: Change in density of stores  A) small stores; B) Large stores; C) Households................ 211 

 
 
 



10 

List of Tables

 

Table 1. Examples of store formats (Guy 1998) ................................................................................... 19 
Table 2 Distance decay function options .............................................................................................. 58 
Table 3 City characteristics within HMA................................................................................................ 66 
Table 4 Main reasons for selecting the most frequently used consumer goods shop (Nielsen 2005 -
2009)...................................................................................................................................................... 69 
Table 5 Volume and market share of grocery stores by major chains in Finland 2009 (Nielsen 2009) 70 
Table 6 Trend analysis on store numbers............................................................................................. 86 
Table 7 Trend analysis on commercial area ......................................................................................... 87 
Table 8 Ljung-Box test of residuals from trend analysis ....................................................................... 90 
Table 9 - ADF and KPSS tests for total size volume data .................................................................... 91 
Table 10 Granger Causality results....................................................................................................... 93 
Table 11 Results of model..................................................................................................................... 93 
Table 12 Results of Log-Logistic non-linear least squares regression for small stores...................... 126 
Table 13 Results of Log-Logistic non-linear least squares regression for large stores ...................... 127 
Table 14 Principal Component Analysis for grocery store preferences .............................................. 147 
Table 15 Moran's I results for Respondent’s 256 Nearest Neighbours .............................................. 149 
Table 16 ANOVA test results for both small store submarkets and large store submarkets.............. 151 
Table 17 Games-Howell procedure results for Car Ownership rates in large store submarkets........ 152 
Table 18 Means of variables detected as having significant variance across large store submarkets
............................................................................................................................................................. 154 
Table 19 Means of variables detected as having significant variance across small store submarkets
............................................................................................................................................................. 155 
Table 20 Initial results of store choice................................................................................................. 164 
Table 21 Percentage of respondents by retail group .......................................................................... 165 
Table 22 Grouping of respondents based on format choice and proximity ........................................ 165 
Table 23 Results from global logistic regression model 1 without submarkets .................................. 171 
Table 24 Results from global logistic regression model 2 with submarkets ....................................... 172 
Table 25 Predictive accuracy of regression models ........................................................................... 175 
Table 26 Odds Ratio results from logistic geographically weighted generalised linear model ........... 176 



11 

1. Introduction

1.1 Background and Motivation

Retailing is an incredibly dynamic industry. Changes such as the introduction and growth of 
new store formats often occur rapidly over a relatively short time period (Wrigley, N 
1987,1991,1993). The development of grocery retail formats has been a topic of active discus-
sion and academic research over the years. The growth of hypermarkets and superstores as 
well as planners’ response to the growth has received much attention from academics around 
Europe during last four decades (i.e. Sumner & Davies, 1978; Gibbs, 1987; Davies & Sparks, 
1989; Cliquet, 2000; Hallsworth & Evers, 2002; Wood et al, 2006). In fact, the sheer rapidity 
of the growth of hypermarket retailing, nationally and internationally, unsurprisingly has re-
sulted in a perceived related diffusion of conflict between new large stores and existing retail 
practices throughout Europe (Dawson, 1979).  

In academic literature the debate on how much the decline of small formats can be attributed 
to the growth of large formats has been varying (i.e. Thomas & Bromley, 1993; Guy, 1998; Cli-
quet, 2000; Guy & Bennison, 2002). One issue identified as being pertinent to the demise of 
small, convenience, retail formats in the UK has been the entering of the large format retailers 
to the convenience retailing (Cocastefaniak et al, 2005). This has been part of other significant 
changes that have affected the grocery retailing landscape such as the more restrictive planning 
legislation that was introduced during late 1990s (Wood et al, 2006). This forced the major 
multiple grocery retailers to innovate in the formats they developed. 

Whilst there are a large number of qualitative studies that have focused on changing store 
numbers there are few studies that have conducted a quantitative analysis of the changing 
number of stores and their accompanying distributions. In turn there are a number of quanti-
tative studies that aimed to identify the effects of spatial competition at both the inter- and 
intra-format levels and how this competition could theoretically affect store numbers (Gonzá-
lez-Benito, 2005; González-Benito, Muñoz-Gallego and Kopalle, 2005) but these studies have 
focused upon one static temporal period. The changing number of stores can be thought of as 
representing the supply of particular retail offerings. As an overview a couple of relevant arti-
cles for this discussion have been produced by Paruchuri et al. 2009 and Cliquet 2000. In Pa-
ruchuri et al. (2009) they investigated the popular belief that the opening of a Wal-Mart store 
has a large negative effect on locally owned smaller retail stores. Results indicate the opening 
of a Wal-Mart store drives down entry rates of smaller stores in the same zip code, but not an 
increase in the exit rate of these stores, whilst in the adjacent zip codes it is the exit rates of the 
smaller stores that seem to be most affected. Cliquet (2000) focuses on the changing numbers 
of hypermarkets in France, and later compares this to other countries such as Portugal (Cliquet 
& Perrigot 2005), in relation to retail format lifecycles. 
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Wrigley et al. produced a paper in 2009 entitled ‘Extending the Competition Commission’s 
findings on entry and exit of small stores in British high streets: implications for competition 
and planning policy’.  This paper extends and critiques the Competition Commission’s 2008 
major report into grocery store competition in the UK, by focusing directly on the extent to 
which the entry of small stores may have been constrained, and exit of small stores accelerated 
by, the competitive impacts of larger format food store openings by the major grocery retailers. 
Through incorporating a regional, geographical, element into their analysis they found that the 
entry of small stores in some regions had been constrained, and the exit of small stores accel-
erated, by the competitive impacts of larger format food store openings by the major grocery 
retailers, in contrast to the findings of the Competition Commission. 

These dynamic and competitive facets of the retailing industry are likely to result in land-
scape that is constantly evolving. The articles mentioned demonstrate that phenomena such as 
competition, whether intra or inter-format, will affect the survival of existing stores as well as 
the entry of new stores. Each time a new store opens or an existing store closes this event will 
change the nature of the retailing landscape. The impact on locations close to the event occur-
rence will most likely be affected more than locations further away. This definition of the term 
retail landscape is one that we will use throughout this thesis but is slightly hard to exactly 
define. It is a term that is used to describe many aspects of retailing, such as the emergence of 
e-commerce (Bakos, 2001) but is more commonly used when discussing aspects that are to do 
with physical stores and their spatial distribution.  For example: 

The Competition Authority has used InSite mapping capabilities throughout the Report to 
provide a geographical description of the grocery retail landscape during the period 2001-
2006. (The Irish Competition Authority 2008). 

A similar term often used is retail geography. Retailing, especially grocery retailing has a 
great deal of spatial aspects. The location of a store, the makeup of the potential customers in 
its catchment area, and the relative location of its competitors are just some of the factors that 
can make or break a retail store. Therefore store location is stated as being the most crucial 
decision a retailer can make (O’Malley, Patterson and Evans, 1997). Due to this any changes 
that occur in retailing are likely to have an impact on the distribution of store networks and 
these networks are likely then to evolve over time. In addition, whilst part of the retailing land-
scape is the distribution of the stores, the other part is the consumers who patronise those 
stores. Their make-up and preferences are unlikely to be consistent throughout the region as 
well and identifying their spatial distribution can have many positive benefits when consider-
ing making changes to a store network. Of course there are also other related concepts such as 
the logistics of supply to the existing store networks. 

 Analysing the changes in these distributions are not well studied using quantitative methods. 
Retailing phenomena are generally studied at a regional level with one model produced to fit 
the entire region. This model is generally temporally static as well. This thesis aims to break 
down this regional outlook to see whether results garnered at this level may be obscuring in-
teresting localised patterns. 

There are many modelling techniques that are used by retailers as laid out in Reynolds and 
Wood 2010. In nearly every case these models rely on variables reflecting aspects of the con-
sumer and store. An inherent trait of these models is that the effects identified through mod-
elling are spatially consistent. For example, if in reality the effect of price on retail store choice 
varies between being very important and not important across a region, but in the model it is 
assumed to have a constant magnitude, then error will have immediately been introduced to 
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that model. This could mean that whilst a decision is the correct one to make at the regional 
level, when it is implemented at the local level it may have an adverse or unpredictable impact. 
For example increasing sales performance is down to targeting the right locations and right 
product mix for the right consumers (Bowlby, Breheny and Foot 1984b). If we are misidenti-
fying the consumers the location is serving, then we are likely to misidentify the product mix 
to serve the actual consumers. 

By making the correct locational decisions retailers can avoid costly mistakes, survive eco-
nomic downturns, move with long term trends affecting the geography of demand and improve 
the performance of their existing portfolio. These considerations over time will result in a 
changing retail landscape. By examining the changes that have taken place actors in any aspect 
of retailing will be better placed to understand the impacts of their locational decisions and 
identify the impact in the surrounding landscape of long run trends within retailing. 
 

1.2 Aims and Objectives

The aim of this thesis is to identify whether aspects of the grocery retail landscape are spa-
tially consistent and if not then, where possible, identify whether this spatial variation has been 
consistent through time. 

This thesis is focused on conducting an empirical investigation into changes in the grocery 
retail market within the designated study area, in this case the Helsinki Metropolitan Area 
(HMA) for the years 1981 to 2008. For the purposes of this study we envision that the grocery 
landscape can be seen as comprising two components; firstly, the grocery stores themselves 
and secondly, the consumers who patronise those stores. 

The grocery landscape for both components can vary in two aspects; there can be changes 
that occur spatially across the landscape and there can be changes that occur temporally within 
the landscape between time periods. The two components can be studied together to identify 
spatio-temporal changes within the retailing landscape. Much of the previous empirical work 
into retail has used data that represents one particular moment in time. For data that we have 
information for multiple years we intend to explore whether patterns of change occur through 
times in different ways in different locations.  Unfortunately, the data we have on consumers’ 
demand for groceries is from just one survey and so this data will be examined purely regarding 
spatial phenomena. 

This study adopts an empirical approach to the subject. Therefore, the study is heavily de-
pendent upon the data that is available for analysis. Due to the complexities and limitations of 
the datasets we aim to explore the results of a variety of methods for each section ranging from 
simple to complex in their methodology and determine the advantages and limitations of each 
method. For the main these methods have been identified or adapted from previous studies in 
comparable areas.  

However, many of these methods even when adapted produce a large volume of complicated 
results when dealing with spatio-temporal issues. One area of which there is almost no previ-
ous work within grocery retailing studies is to classify an area into spatio-temporal submarkets. 
These would allow us to disseminate large volumes of information in a greatly reduced form. 
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An important part of this study will be to explore the impact that the level of geographical 
resolution of analysis can have on identifying patterns of change. Our hypothesis is that ana-
lysing much of this data at a regional level will mask important localised patterns that occur 
within the landscape. 

By increasing our understanding of these phenomena will enhance the abilities of actors in-
volved with retail location decision making as well as other actors such as city planners, inves-
tors, logistic analysts and so on. 
 

1.3 Research Questions

 
From the aims and objectives, we can derive the following research questions: 
 

I. Is there any evidence of overall change in the supply of grocery stores within HMA 
over study period? 

II. Can we identify spatio-temporal patterns of change? Can we produce a method that 
allows us to classify this change through identifying submarkets within the study 
area? 

III. Do factors that affect store patronage decision-making also have spatial considera-
tions? 

IV. For the aspects of grocery retailing studied can we conclude that analysing at the re-
gional level may mask important localised patterns? 

 

1.4 Limitations

As with any empirical investigation a large amount of the limitations rest upon the quality 
and availability of the data. The reliability of the results therefore depends on the quality of the 
original data. We will describe in length in chapter 5 the pre-processing work that had to be 
done to make the Nielsen data fit for purpose. Although we produced a dataset that was as good 
as we could get it, there is a likelihood that some errors remained. This would be most liable to 
occur when either attempting to follow the same store through time, or when geocoding ad-
dresses that were incomplete or historic. There were also some assumptions that had to be 
made, especially with designating store size, and whilst these are unlikely to have much impact 
on aggregate modelling of the data there is a possibility they could exert some influence as the 
granularity of the geographical resolution the analysis is being conducted upon shrinks. 

Another issue with the data is the historical availability. Due to the huge amount of data pro-
vided by Nielsen we focused on identifying methods that would best suit analysing this data. 
This in itself gave us a large number of options. Trying to source additional data back to 1981 
was not possible in many cases at anything other than a regional level. When studying figures 
at the regional level we were limited to 28 data points representing the 28 years we had data 
for, meaning the incorporation of any more variables that we may hypothesise are related to 
store numbers changing would have reduce the degrees of freedom in our model below an ac-
ceptable level, particularly when lagged variables were taken into account. 
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A line had to be drawn under the number of analyses to include within this thesis. We had 
completed a number of further analyses but felt that the majority of these took the thrust of 
the thesis tangentially away from the main focus as stated in the aim. We will look to publish 
some of this work in the future to further the main findings presented within this document. 

This thesis investigates changes in the grocery landscape, be they spatial, temporal or a com-
bination of both. Therefore, the thrust of this analysis is on the use of quantitative methods to 
identify these phenomena through observations gained from the data. This is not a thesis on 
Finnish grocery retailing and so any interpretations are based upon the data available, not on 
in-depth knowledge of the market. In many ways this is a useful way to approach this study as 
our findings are not clouded by expected conclusion based upon personal knowledge. Instead 
we are approaching this from a clean slate. Drawing serious conclusions on what the findings 
say about the Finnish grocery retailing market is left for experts in that arena. Where 
knowledge on the Finnish grocery market was needed in order to determine suitable variables 
or methodology implications, advice was sought from colleagues within the projects who had 
more experience in the field. 

The main bulk of this thesis was conducted whilst working as a doctorate candidate at Aalto 
University. Therefore, the analyses and literature review are based upon work conducted up to 
2013. There may be relevant recent studies that are not referenced but a line needed to be 
drawn in order to complete this dissertation whilst in full-time employment. 
 

1.5 Overview of Dissertation

We will start this thesis with three chapters laying out an overview of the theoretical back-
ground used in this dissertation. This thesis uses a large number of quantitative methodolo-
gies, mainly drawn from econometrics, spatial analysis and time series analysis in conjunction 
with theories on grocery retailing drawn from the literature, previous studies and the retailing 
business.  

Chapters 2 and 3 provide background and a literature review into the important concepts 
behind this dissertation. Chapter 2 focuses on previous studies into the changing number of 
stores over time and the theoretical concept of retail lifecycles. Chapter 3 examines why we 
expect spatial factors to be present within retailing issues and the theoretical justifications 
about how that spatial phenomena comes into effect. 

Chapter 4 will outline the theoretical methodologies and the overall process that we adhered 
to within this study to give ourselves a suitable framework to undertake our analysis success-
fully. We will explore the main branches of analytical methodologies that have been used 
within the various studies conducted in the thesis. 

Chapter 5 will provide a detailed overview of the data used within this thesis and, just as 
importantly, the steps that were taken to process this data into a useable form. We will also 
outline any remaining issues with the data. 

Chapters 6,7,8,9 and 10 are then the analytical chapters. Each of these chapters outlines a 
study of a particular facet of our overall project aim. Chapter 6 examines the changing number 
of stores over time and whether there is any indication of a relationship between the numbers 
of large format stores and small format stores. Chapter 7 looks at this change in supply of stores 
by examining how the distribution and influence of grocery stores has changed over time across 
the study area. Chapter 8 looks at classifying the study area into broad sub-markets based upon 
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the change in potential accessibility to grocery stores for locations within the study area. Chap-
ter 9 uses these submarkets as part of a wider investigation into the spatial distribution of dif-
ferent consumer segments and consumer preferences towards aspects of grocery shopping 
within the study area. Chapter 10 then focuses upon the creation of a number of spatial inter-
action models to explain consumer retail patronage decision making regarding grocery stores. 
This chapter focuses upon whether factors that influence store choice have the same level of 
influence across the whole study area. 

Chapter 11 draws the findings of the previous chapters together and analyses it in regards 
lessons held within the literature review chapters. The chapter attempts to answer the research 
questions posed in this chapter. 

Chapter 12 provides a final summary of the dissertation as well as a focus upon the limitations 
of the study and recommendations for future research. 
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2. Background on retail formats and retail 
lifecycles

2.1 Introduction

Retail formats have rarely remained stable. Their cyclical nature has been theorised as early 
as the 1950 ‘s when McNair (1958) laid out his influential theory on concepts of retail develop-
ment widely referred to as the ‘Wheel of Retailing’ (Hollander 1960, Cliquet, 2000). This dy-
namism is apparent in many aspects of retailing such as changes in customer interaction meth-
ods, store sizes, locational preferences, product mix, store sizes and marketing strategies to 
name but a few. 

Within the grocery store sector the focus over the last 30 years or more has been on the de-
cline of the traditional small convenience store in contrast to the rise and dominance of the 
large regional, national or even multi-national supermarket and hypermarket chains.  

In this literature review we shall examine some of the key areas of grocery retail research that 
are relevant to the work conducted in this thesis. We have kept a Northern and Western Euro-
pean focus to this literature review with many of the key studies focusing on the grocery market 
in the United Kingdom. We have included international examples where relevant but have not 
included Northern American or developing grocery markets due to their potential dissimilarity 
to the Finnish grocery market. We have not focused upon the disruption caused by discount 
retailers, such as Aldi and Lidl, in this thesis. These formats only appeared significantly in Fin-
land towards the very end of our study period and it was felt that we did not have enough years 
of their presence to identify any meaningful analysis of their impact in the retailing landscape. 

The structure of this chapter is as follows. Firstly we shall look at some of the issues that have 
arisen when attempting to classify grocery stores into unique formats and the relevant termi-
nology. This will have a bearing on the analytical research when we examine the evolution of 
differing grocery retail formats over the study period.  If the aim in this thesis is to identify 
changes and relationships between alternate store formats over time it is important that we 
have classified stores correctly into those formats from the beginning or else the relationships 
we seek may become to blurred to identify clearly. 

Secondly, we will highlight some of the prevailing trends within these different formats over 
the last few decades and look at whether there is any similarity in occurrences amongst Euro-
pean countries. Thirdly, we will look at format characteristics and how these characteristics 
may influence the patterns identified previously. Fourthly, we will briefly discuss the major 
changes in the physical landscape of grocery retailing due to the switch in in popularity of spe-
cific store formats and how that has affected the way consumers are envisioned to use grocery 
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stores. Lastly we will examine whether there is any evidence for a more recent shift in the long 
term format trends identified historically. 

In the final section we shall briefly examine the concept of a retail lifecycle. Whilst the focus 
of this thesis is not on managerial aspects of grocery retailing we feel it is important to have a 
basic understanding of the concept of a retail lifecycle as it will have a bearing on the later 
analytical methodologies. 

2.2 Grocery store classifications

An important starting point of a study into grocery retailing is to review the literature on the 
subject for a consideration on terms that will be used constantly within this thesis such as ‘con-
venience store’ and ‘supermarket’. The grocery store sector is one that is extremely difficult to 
‘pigeonhole’ (Gordon & Wilson 1999). The definition and even use of the same term, such as 
‘convenience’, varies from study to study, often depending on the period and location of the 
research. 

In an influential paper focused upon the ‘classification of  retail stores and shopping centres’ 
Guy (1998) first defines in its simplest terms a retail outlet as a building from which retailing 
is carried out. He then outlines the complications in classifying retail outlets by listing four 
common systems that are used for this purpose, each related to some physical or economic 
characteristics. Firstly, it is possible to classify retail outlets by the type of good they stock, 
secondly, by the purpose of the shopping trip made to the retail outlet, thirdly, by the size of 
the store and lastly by the store ownership. Grocery stores are one example of defining stores 
by product type. 

 In relation to classification by shopping trip, purpose convenience goods are defined as 
‘goods which the consumer purchases frequently, immediately and with a minimum of effort’. 
Therefore, trips to a convenience store would theoretically be of a shorter time duration and 
would also need to be made more frequently. This definition of a convenience store is an im-
portant point. A shortcoming with much of the prevailing grocery retailing literature is that the 
focus is on the evolution of a limited number of large format outlets whilst ignoring the more 
traditional small retail outlet. In this literature, whilst the definition of a supermarket or hy-
permarket is clearly defined, there is little attempt to define a convenience store to the same 
extent. It is clear that small retail outlets are much too varied in nature to fall into one category. 
Instead, if we attempt to relate shop type and size to the typology of shopping trips then it can 
become clearer. Guy’s illustration of a potential approach to classify retail outlets is shown in 
Table 1. 

The division of stores by size class into different format types is an important aspect of this 
research. Guy warns that classification by size implies the use of arbitrary boundary definitions 
and that in different countries this can mean different sizes. For example, whilst in the majority 
of Europe, hypermarkets are recognised as having a lower limit of 2500 m2 sales area, in Ger-
many a lower limit of 1500 m2 is sometimes used. 

This preference of classification by size is one that is addressed in the majority of the studies 
into retail formats, but again usually for defining the cut-off point for supermarket/hypermar-
ket definition. The use of size is understandably popular due to its simplicity but there is no 
standardisation as to what size range constitutes what store format category between countries 
or studies. Studies that have their focus upon smaller stores are understandably more compre-
hensive at defining convenience stores, but until recently the number of these studies has 
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tended to be smaller.  In one of the earliest but influential articles on the subject of convenience 
retailing, Kirby (1986) describes the British convenience store as being a self-service establish-
ment ranging in size between 1,000 and 3,000 sq. feet (approx. 95 to 280 m2) located within 
proximity to residential housing. At that time many of the conveniences store were operated 
by independent traders, although some specialist store chains in the convenience sector were 
beginning to emerge. 
 
Table 1. Examples of store formats (Guy 1998)

 

 
 
Baron et al. (2001) draw their categorisation of UK grocery stores from the Institute of Gro-

cery Distribution groupings, namely ‘Convenience retailing’, ‘Traditional/retailing/developing 
convenience’, ‘supermarkets and superstores’ and ‘alternate channels such as kiosks and mar-
ket stores’. The convenience store definition they use aligns to Kirby’s convenience store defi-
nition of a store size of less than 28o m2 (3000 sq. feet) and a location close to customer’s 
homes.  Reflecting on Kirkby’s work Baron et al. (2001) state that it wasn’t until the mid-1980’s 
that this definition of a convenience store could really be identified in the UK’s retail system.  

The Competition Commission’s reports of 2000 and 2003 viewed the UK’s grocery market 
as split into two markets. Stores above 1400m2 provided a ‘one-stop’ grocery shopping market 
that was treated as a separate sector from the ‘secondary’ grocery market provided by stores 
below that size of which a significant proportion was made up of convenience stores, with those 
stores, as before, defined by being smaller than 280m2 (3000 ft2) (Wrigley et al., 2009). 

Internationally, the size and definition of various formats often differs from that of the UK. 
For example in Spain the definition of a convenience store in law is that of a retail establish-
ment less than 500 square metres (Berné-Manero, Fuente-Mella and Marzo-Navarro, 2009).  
In Germany, a conventional supermarket that is often used for convenience shopping is be-
tween 400 and 1,000 m2 (Zentes and Rittinger, 2009) but these are latterly competing heavily 
with convenience stores that are defined as small outlets with opening times of up to 24 hours. 
The Competition Commission in the UK has taken a similar approach over the years in regard-
ing the UK grocery sector as being divided into two markets. They determined that the type of 
consumer behaviour characterised as ‘one-stop’ grocery shopping was conducted in grocery 
stores over 1400 m2  and that this could be regarded as a separate grocery retailing sector to 
that characterised by ‘convenience’ or ‘secondary’ shopping behaviour, which is conducted in 
stores below that size (Competition Commission 2008; 2003; 2000, Wrigley et al. 2009)  

The definition of hypermarkets by size varies between studies. Some of this variation is due 
to whether the stated space relates to the floorspace of the store or the physical area, normally 
Gross Internal Area, of a store. In France, a sales area of over 2500m2 is the official definition 
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of a hypermarket (Cliquet et al., 2009) and is comparable to a total store size of over 5000m2 
(Cliquet, 2000a). Farhangmehr et al. (2001) highlight the confusion in Portugal over the con-
cept of a hypermarket. Whilst there is an official definition, stores above 2000m2 in munici-
palities with a population being over 30,000, they instead adopted the Nielsen classification of 
stores with a sales area over 2500m2 as defining a hypermarket. In the city of Braga, the study 
area for their paper, they actually found the average hypermarket to be over 8000 m2 in size. 

In addition to the basic classifications listed above other methods of classification crop up in 
the literature. There are other important factors, considered inherent advantages of conven-
ience stores, that are often then associated with the classification of certain stores as falling 
into the ‘convenience’ category. In addition to size, the location of stores in the definition of 
convenience is also important. Historically, opening hours are seen as one of the important 
distinctions between convenience stores and supermarkets. In Spain, the legal definition of a 
convenience store includes being open to the public at least 18 hours a day (Berné-Manero, 
Fuente-Mella and Marzo-Navarro, 2009). In the UK convenience stores are also defined 
through their offering of local shopping and long hours (Baron et al. 2001, Gordon and Walton 
2000).  

Berne-Manero et al. (2009) desired to create a more detailed analysis of convenience stores 
by breaking down what they perceived as the generic format definition. They found more 
meaningful results in relation to convenience stores in Spain by reclassifying stores by whether 
or not they had a service (i.e. petrol) station attached and also by the type of store management. 
They perceived that stores attached to service stations mainly dealt in specific product catego-
ries that complement the supply of a petrol station. Similarly Kirkby drew upon the relation-
ship between ‘convenience’ stores and petrol stations and observed that the rise of the conven-
ience store in Denmark has been inextricably linked with the petrol service station (Kirby, 
1986). 

2.3 Historical grocery format volumes

The prevailing trend in grocery store numbers from the 1980s to the late 2000s across the 
majority of Europe has been a steady and strong decline in the number of small, mainly inde-
pendent, stores (Berné-Manero et al. 2009). At the same time there has been a very strong 
growth in the number of large, generally chained owned, supermarkets and hypermarkets.  

In the United Kingdom there has been concern over the declining numbers of small, grocery 
stores for many years (Clarke & Banga 2010; Gordon & Walton 2000; Baron et al. 2001). The 
emphasis of this decline has been in the independent food and grocery stores, where non-affil-
iated retailers and symbol group members are classified as independent retailers (Baron et al., 
2001). Gordon and Wilson (1999) state that the number of non-affiliated independents de-
clined from 24000 to 22000 in just two years from 1996 to 1998. Indeed Coca-Stefaniak 
(2005) goes so far as to state that the ‘Decline in the small independent retail sector, especially 
food stores, is one of the more intractable issues in retail research.’   

The original motivation for a study by Wrigley et al. (2009)  focused upon extending the 
competition commission’s findings on the entry and exit of small stores was to discuss evidence 
provided by the Association of Convenience stores (ACS). Their evidence had demonstrated a 
significant decline in the numbers of independent convenience stores in the UK since the pub-
lication of the Competition Commissions previous study into the matter in 2000. The ACS’s 
argument was centred on their findings that 20% of independent stores had closed in four 
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years, and more than 2000 in total, to the year 2005. This problem is one already examined in 
the Competition Commission’s report and had been found that data offerings from different 
actors did not always tally together when investigating the change in numbers of various gro-
cery store markets. Whilst numbers of larger grocery stores tended to be identified consistently 
in various datasets the numbers of small convenience and speciality grocery stores were a lot 
harder to determine. 

The same pattern of change can be found in many other European countries over a similar 
time period. Looking at Southern European countries we found that in Portugal, the smaller 
and more traditional grocery store formats suffered heavily through the 1980s and 1990s. A 
study into the volume of closures of small stores found that between 1981 and 1990 around 
3300 small grocery stores had closed (9270 between 1976 and 1990) and market share had 
fallen from 37.3% to 24.6% (Farhangmehr et al. 2001). In Spain, the number of small tradi-
tional food retail outlets fell 50 per cent between 1988 and 1995 with the corresponding fall in 
market share heralding a dramatic collapse from 71 per cent of market share in 1975 to 12 per 
cent in 1996 (Flavián and Polo, 1998). The numbers of small stores between 1982 and 1989 fell 
by 10148 outlets (Farhangmehr et al. 2001). In France, the number of smaller food stores had 
fallen significantly, almost two thirds, by 1997 (Cliquet, 2000a). 

The same patterns have been seen in Northern European countries. In Denmark over the ten 
years from 1998 to 2008 small supermarkets, in this case defined as being below 1,000 m2, 
have decreased from holding a market share of around 38% of the grocery market to about 
23% (Aastrup et al., 2010). Since the turn of the millennium Belgium has seen the disappear-
ance of many small and medium grocery stores (van Waterschoot, Lagasse and Van Kenhove, 
2012) and in Germany the conventional supermarket of medium size is not only losing market 
share to the larger superstores and hypermarkets but also small ‘convenience’ stores’ that are 
often attached to petrol stations (Zentes and Rittinger, 2009). 

The numbers of large supermarkets and hypermarkets have followed a contrasting path to 
those of small grocery stores. Unlike smaller grocery stores hypermarkets tend to be owned by 
only a few major regional, national or even international chains. In France, in 2004, 95% of 
hypermarkets belonged to just six chains. Between 1973 and 2003 the number of hypermarkets 
in France grew from 275 to 1235 and the number of hypermarkets in Spain grew from 1 to 340 
(Perrigot and Cliquet, 2006a).  That study also shows that between 1993 and 2003 the number 
of hypermarkets in Italy grew from 182 to 388. This was in spite of a study by Nielsen in the 
1970s that stated a number of hypermarkets between 200 and 300 would be enough to saturate 
the French Market (Cliquet, 2000a).   

In the Northern European countries again, a similar pattern can be seen. In Denmark over 
the ten years to 2008 hypermarkets grew their market share from around 23% to 29% and 
large supermarkets grew slightly from a round 25% to 27% (Aastrup et al., 2010) whilst large 
superstores and hypermarkets have also increased their market share heavily in Germany 
(Zentes and Rittinger, 2009).  

Finland has seen a very similar pattern with large supermarkets and hypermarkets growing 
in both their numbers and market shares (Nielsen 2005,2009). At the same time the number 
of smaller grocery stores has fallen by as much as 80% from the period 1990 to 2007 (Nielsen 
2008).  This pattern of change provided motivation for new planning legislation at the turn of 
the millennium designed to protect smaller stores and local town centres (Yrjänä et al. 2018). 
This topic is discussed in more detail later in the thesis in chapters 5 and 6. 
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The neighbouring country of Estonia has also undergone a shift in dynamics between large 
and small format stores. Between 2000 and 2008 the overall number of grocery stores in Es-
tonia declined from around 2,250 to about 1,450. Over the same period, however, the average 
size of grocery store sale space grew from around 150 m2 to over 350 m2 (Statistics Estonia 
2018) . Some of this growth came from the Finnish grocery retailers Kesko and S-Group mov-
ing into the Estonian grocery market by opening large grocery stores (Estonica 2012). However 
it has been noted that in Estonia that whilst the majority of new openings since the millennium 
were large supermarkets and hypermarkets, recently a growing number of smaller stores have 
been opening as large stores are no longer considered very convenient (Statistics Estonia 2018, 
Pärli 2017).  

In the UK, as early as 1986, Kirkby was already recognising that there would be a shift over 
the next five years to large supermarkets and hypermarkets as retailing organisations started 
to close their less efficient small stores. This pattern was seen in many developed countries 
globally, such as Australia where the transformation from small to large supermarkets and hy-
permarkets saw a growth over the 1980s from an average store size of 800m2 to over 4000m2 
(Merrilees and Miller, 1997). 

Not all this growth has come from new hypermarket locations being constructed. Much of 
the growth in hypermarket numbers has occurred due to existing supermarkets being enlarged 
so that their total sales area crosses the hypermarket size threshold. Many analyses and studies 
have treated supermarkets and hypermarkets together due to the enlargement of existing 
stores to hypermarket of over 2500m2.(Cliquet, 2000a; Cliquet and Perrigot, 2005; Perrigot 
and Cliquet, 2006b)   

As outlined the prevailing trend in many developed countries has been that the number of 
hypermarkets and large supermarkets grew as the number of smaller grocery stores declined. 
However several studies written after the turn of the millennia noted that this pattern was 
changing, as noted in Estonia above. In Portugal, Farhangmehr et al. (2001) classified the his-
tory of hypermarkets into three stages: stage 1 being the introduction of the concept in the 
1980s, stage 2 being strong growth in the first half of the 1990s and then a final stage of a 
decline in numbers in the later part of the 1990s. In the UK some of major retailers such as 
Tesco have ceased to prioritise large store development and have instead concentrated on mak-
ing inroads into the convenience sector (Wood1 and Mccarthy2, no date; Wrigley et al., 2009). 
The Competition Commission’s 2008 study even concluded that this entry by large retailers 
into the convenience store market was not resulting in the decline in independent convenience 
stores and some areas were even seeing robust growth in this part of the sector (Competition 
Commission 2008). 

2.4 Format characteristics

A major issue with the growth of larger supermarkets and hypermarkets is their obvious need 
for large sites. As space is at a premium within most urban centres this has inevitably led to a 
move to edge-of-town and out of town locations (Thomas and Bromley, 2003). This has led to 
a problem that has become a corner stone of the discussions on grocery retailing and urban 
planning at national and regional levels. The problem being that due to these unconventional 
locations on the edge of town they are almost totally dependent on the car-borne shopper 
(Jones, 1982; Cliquet, 2013).  



Background on retail formats and retail lifecycles

23 

Whether we are looking at a large hypermarket or a small grocery shop each grocery format 
type as its advantages and disadvantages. As Colla (2004) states each grocery retail format 
offers a range of services that distinguish each format from the other in qualitative or quanti-
tative terms: be it different combinations of product range, price, convenience, location per-
sonnel, service offerings or amenities. In the past convenience stores, particularly independ-
ents were envisioned as maintaining many aspects of competitive advantages over larger for-
mat stores. These traditional advantages held by independent convenience stores were location 
and opening hour legislation as well as more personal factors such as home delivery , informal 
financial services such as extended credit and social familiarity (Baron et al., 2001; Coca-
Stefaniak et al., 2005). In addition, smaller convenience stores often had a greater sense of 
individuality with large variations in the elements of differentiation and the bundle of charac-
teristics between stores and types (Berné-Manero, Fuente-Mella and Marzo-Navarro, 2009). 
On a more personal level, small stores are important as they often perform an important social 
function. For many people, such as the old, infirm, households without a car or access to good 
public transport or those living in more inaccessible areas they are often the only store that is 
accessible or even available (Clarke and Banga, 2010). So, if a small local store closes then 
many residents may have no choice but to use larger superstores, whatever the difficulties to 
the consumer, if no other grocery option is available to them (De Kervenoael, Hallsworth and 
Clarke, 2006).  

The initial advantages of hypermarkets and large food stores over the smaller stores are well 
documented. These advantages allowed the large format store to experience immediate suc-
cess. Low prices, large assortment of products, large amount of free parking all appeal to the 
consumer. The introduction of the hypermarket format in many European countries also co-
incided with a strong growth in the amount of car ownership amongst households in those 
countries as well as often an improvement in the public transportation offerings. Studies at the 
turn of the millennia, such as Farhangmehr et al. (2001), have found that hypermarkets are 
often stated as the preferred store type for households grocery shopping. This result was per-
ceived as the greater ability of the superstore format to meet the needs of the time-poor con-
sumer seeking a one-stop way of shopping (Merrilees and Miller, 1997) as the ability to pur-
chase everything in one trip outweighed the travel costs of getting to the destination. 

 In France, the growth of the hypermarket format, since its conception, coincided with a con-
sumer boom in the 1960s, the French government encouraging suburban growth, the lack of 
regulation that hindered large store growth and the French government attempting to lower 
inflation (Cliquet, 2000a).  

Large format grocery stores are nearly always owned by large regional or national multiples 
and so are not as susceptible to some of the problems that small stores suffered historically, 
when many of these were independently owned. Problems such as inefficiencies in their supply 
chains compared to national brands, lack of investment capital, lack of business experience, 
inability to afford rising rates, rents and taxes and low operating margins (Baron et al., 2001). 
Higher uncompetitive prices are a problem for independently owned stores due to market dis-
tortions leading to the inability to complete on equal terms with large retailers. Therefore it 
has been argued that large supermarket operators, that benefit from vertical supply linkages 
and buying power regarding suppliers, can lead to exploitation of consumers regarding price, 
therefore gaining a powerful trading advantage within local markets (Clarke and Banga, 2010). 
Regarding rural small food stores and retailers, Paddison & Calderwood (2007) found there 
were other potential disadvantages of small stores such as reliance on local wholesalers, an 
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ageing shop infrastructure and a relatively static, or only marginally improving, shopping en-
vironment. 

Alongside this, one of the key advantages of smaller grocery stores, found in many European 
countries, lay in legislation that allowed them longer opening hours than their larger format 
rivals. However, various legislation changes meant that in a number of countries larger stores 
can now also remain in operation for the same hours. Taking the UK, for example, large format 
stores can stay open 24 hours a day, from Monday to Saturday, and a further six hours on 
Sunday (Baron et al., 2001). These benefits realised through the hypermarket format are why 
retailers with large store portfolios changed their emphasis from small stores to operating 
chains of large format stores in addition to increasing the size of existing stores. Changes in 
legislation that affected grocery stores in Finland is covered in Chapter 5. 

 Small stores also faced problems from entry into the sector without the necessary financial 
or business acumen needed (Coca-Stefaniak et al., 2005), particularly when it comes to the all-
important site location decision making. Most small retailers lack the money or experience to 
develop sophisticated location decision-making analyses (Clarkson, Clarke-Hill and Robinson, 
1996; Cliquet, 2000a), something we will discuss further in the next chapter. 

2.5 Changes in the retailing landscape

One of the knock on effects of changing trends in grocery retailing is a heavy impact on ex-
isting town centres. The scale and function of the food stores originally available in those tra-
ditional centres helped draw greater numbers of shoppers to those centres. In the UK, towns 
that had a large food store open on the outer edge of the urban area found food stores in the 
centre experienced losses of between 13% and 50% of their former trade (Thomas and Bromley, 
2003) and that by 2001 out-of-town superstores are likely to have ‘killed off’ more than 20,000 
small retailers, including butchers bakers and grocers (Baron et al., 2001). Even the introduc-
tion of innovations such as a local loyalty card scheme for shopping in town centre stores have 
not been able to fend off the impact of a large out of town food store (Hallsworth and Worthing-
ton, 2000). In Portugal it was the small stores and the isolated stores that were most affected 
by the changing retail landscape and the majority of retailers state that they had seen their own 
businesses affected by hypermarkets, particularly the owners of mini markets and small gro-
cery stores (Farhangmehr, Marques and Silva, 2001). One upshot of this was that the potential 
construction of small stores often had an advantage, in that they were more acceptable to local 
planning authorities, to limit the impact of the damage to town and neighbourhood centres 
(Jones, 1982). 

In Estonia it has been noted that the number of cars rose from 30 per 100 residents in 1997 
to 39 per 100 residents in 2007. This change has been related to the change and location of 
store formats. Thanks to the car the shop may be located further from a consumer’s residence 
but the time taken to access the store may be the same or shorter than it used to take to reach 
a store by foot. Therefore stores were increasingly built on the edge of cities and needed more 
space, especially or parking (Statistics Estonia 2018). 

Initially it was assumed that small stores and large stores served different purposes, with 
small stores being used for so-called top-up shopping whereas large stores were mainly used 
for one-stop shopping needs. However, it is reported that many of the studies examining this 
‘two market’ assumption found that the majority of shoppers use small and large stores inter-
changeably to a major degree. The same customers can visit different stores at different times 
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to satisfy various purchasing requirements (Colla, 2004). Therefore small stores can be seen 
to complement other formats and larger grocery stores enabling consumers who have access 
to these stores to feel as though they have a full and varied choice (Farhangmehr, Marques and 
Silva, 2001; Clarke and Banga, 2010). 

2.6 Evolving nature of grocery formats

Whilst this all sounds bleak for the future of small format stores, this is not necessarily the 
case. In the next section we shall discuss briefly the lifecycles of retail formats. In many of the 
later studies there has been an identification of either a cessation or a reverse in the decline in 
numbers of small format stores. Reasons suggested for this reversal include changes in con-
sumer profiles with the emergence of time poor/cash rich consumers, the rise of single person 
households requiring less of a single one-stop shop and the increasing mobility of consumers 
(Baron et al., 2001). These changes have resulted in the small, convenience, store format mov-
ing toward regaining its status as a highly attractive sector. 

In addition to evolving consumer profiles favouring an increased utilisation of small format 
stores, major retailers have also discovered that there have been decreased opportunities for 
large store developments. Originally it was hypothesised that the small convenience store pro-
vided a niche market for small retailers that the large supermarket groups found difficult to 
match. That changed in the late 1990s in the UK as major retailers started recognising the 
convenience sector as a major business opportunity (Baron et al., 2001). Initially the first 
moves by majors into the small convenience store market came partly through the innovation 
of opening stores alongside petrol forecourts such as Tesco’s partnership with Esso (Coca-
Stefaniak et al., 2005).  

The expansion of large retailers into the small convenience store market has hugely increased 
the pressure on independent small chain retailers. The historically independently owned, often 
called ‘mom and pop’, convenience store has now been transformed and replaced by a more 
modern convenience store owned by large retail corporations. These corporations are return-
ing with their interest in the convenience store to high street locations (De Kervenoael, Hall-
sworth and Clarke, 2006) that had formerly been abandoned in the search for large edge-of-
town locations needed for large format grocery stores and their adjacent parking needs.  

Regulation and legislation changes also affected the popularity of large format stores with 
retailers. Political and legislative forces raised barriers to the approval of sites for new large 
units and in countries such as Portugal laws on opening hours were changed to restrict the 
amount of time large stores could remain open (Farhangmehr, Marques and Silva, 2001). 
Movements to protect independently maintained small stores through politically driven sup-
port have occurred in other European Regions as regulators, legislators and planners better 
understand the economic and social role that small stores can provide (Clarke and Banga, 
2010).The effect of legislation can play an important role in the growth of the retail industry 
and its sub-sections and can steer corporations to develop certain formats at the expense of 
others (Colla, 2004). The limits that legislation and regulations placed on the expansion of 
supermarkets can act as a barrier to expansion and instead force retailers to expand through 
acquisitions or joint ventures rather than entry or new store openings (Wrigley 2002) Hyper-
markets and large format stores whose sales strategies are based on volume are finding it dif-
ficult to adapt to changes in regulations and consumer behaviour. The declining importance of 
shoppers making planned grocery purchases, especially through a ‘one-stop shop’ event, will 
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favour the renaissance and growth of smaller, local convenience stores. However it is seen that 
this sector will be increasingly dominated by major grocery corporations (Colla, 2004).  

2.7 Retail Lifecycles

It has long been proposed that many different aspects of retailing, including retail formats, 
can also be considered to follow lifecycles. The best known (Alexander, 2013) and most widely 
discussed, and indeed widely criticised, concepts used to try and explain lifecycles in retailing 
is known as the ‘wheel of retailing’ and was first proposed by McNair in 1958. His hypothesis 
was that retail forms continuously adapt and evolve to fit their marketplace. At their concep-
tion new types of retail forms enter the marketplace as low-status, low margin, low price oper-
ators. As their form matures they extend the number of establishments they occupy and in-
crease their total investments but at the same time running higher operating costs. Finally they 
become retailers offering high prices to meet their high costs which leads them open and vul-
nerable to competition from new retail forms who will then go through the same cycle  (McNair 
1958, Schultz 2002). 

However, this theory has perceived drawbacks and has been critiqued by many authors since 
its proposition, most notably by Hollander only a year later in 1960.  Hollander noted a number 
of non-conforming examples of retailing that did not fit within the wheel hypothesis, although 
conceding it does describe a fairly common pattern in most industrialised, expanding econo-
mies (Hollander, 1960). The fact that the wheel hypothesis describes a fairly frequently ob-
served phenomenon is a fundamental point in the opinion of Brown (1990) when he revisited 
Hollander’s critique of the wheel of retailing 30 years later and even its strongest critics admit 
that the idea is seductive as well as having the advantages of being easily teachable and stimu-
lating academic debate (Savitt 2009). Brown notes that much of the research on retail change 
up to that point had been characterised by an absence of systematic study and so the bulk of 
academic literature on retail lifecycles had been descriptive rather than analytical. 

The idea of a retail lifecycle is then closely tied in and strongly related to the concept of a 
wheel of retailing. A retail lifecycle can be envisioned if the retail outlet or format can be 
thought of as being the ‘product of a retail company (De Kervenoael, Hallsworth and Clarke, 
2006). The four stages of the retail lifecycle can be summarised as: 

Stage 1 – Early growth or innovation phase: During this stage the size of the store and the 
product assortment range are smaller than the size they can reach in later stages. Timewise 
this stage can range from a few years to a decade or more. 

Stage 2 – Accelerated development stage: During this stage the main characteristics of the 
stores are solidifying but now competition is starting to arise in the gaps left by the new retail 
format. Good, suitable, locations are still available and profitability remains strong. 

Stage 3 – Maturity stage: During this stage the growth rate in terms of store numbers, market 
share and profitability varies between slight annual gains and slight declines. The characteris-
tics that define these stores are now stabilised. This stage is also marked as the moment strong 
competitors often attempt to enter the market. 

Stage 4- Decline – During this stage the store concept goes into strong decline in terms of 
store numbers, market share and profitability. Large dynamic retailers can regroup fascia to 
build large retail groups but in some cases only one company may remain operating in the 
market (Perrigot and Cliquet, 2006b). 
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Perrigot and Cliquet also offer the view that whereas in a product lifecycle we can never be 
entirely sure whereabouts on the lifecycle curve we are currently situated, when treating retail 
stores as the product we can be more definite. Retail outlets exist in a very clearly delineated 
space. Therefore they believe that ‘there a maximum corresponding to a saturation point on 
the retail life cycle curve of a defined concept’ (Perrigot and Cliquet, 2006a). In a series of 
articles that we will discuss in depth in a later chapter they try and confirm that retail stores 
have lifecycles through empirical methods. However as other authors have discussed we need 
to tread carefully around the word ‘saturation’ when it comes to discussing retailing (Jones, 
1982; Guy, 1996). The diagram in Figure 1 below clearly illustrates the business lifecycle of 
retail formats. 

 
Figure 1. Lifecycle model of retail formats (Coca-Stefaniak et al. 2005)

 
Berne et al (2009). write that retail companies now operate using various formats in their 

markets. As over time the characteristics and services that one format offers have diversified 
this has allowed other categories to co-exist with the original category in that format. This re-
sults in an environment which benefits from both intra-and inter-format competition. For 
them the convenience store is a format that is divided already into a great many categories. It 
is a format that is constantly evolving and offers a highly differentiated bundle of characteris-
tics within its different types whilst maintaining the basic services in long opening hours and 
small store size. Each of these different type of convenience store is in a different stage of its 
lifecycle, from emerging types, through to types in the extended maturity stage (Berné-Manero, 
Fuente-Mella and Marzo-Navarro, 2009). In the view of Colla, retail formats settle rather than 
disappear altogether, as long as they continuously adapt to meet consumer expectations (Colla, 
2004). 
  



Background on locational aspects of retailing

28 

 
 
 

3. Background on locational aspects of retail-
ing

3.1 Introduction

We discussed in the last chapter how retail markets, especially the grocery sector, are very 
rarely static and can undergo huge changes over time, for instance in volume of stores and 
format preference. The changes in the volume and popularity of different store formats are 
likely to be reflected in an ever changing physical retail landscape. This could be through the 
distribution of format types, changing priority of locational aspects and spatial coverage as 
retailers battle for market share. On one hand you have an increasing competition for sites as 
a number of different retailers consider similar locations and on the other hand you have 
changes in demographics structure, population distribution and factors such as percentage of 
car ownership (Bowlby, Breheny and Foot, 1984a) all affecting the spatial fabric.  

For instance in a saturated market the opening of new grocery stores may no longer be a 
viable option due to lack of suitable locations and so converting small stores to larger ones may 
be the only route for growth. This could be seen as an act of aggression that destabilises the 
current retail landscape and leads to intensive price competition and store closure (Guy, 1996). 
In this case a saturated market is one in which the entry of a new grocery store can only happen 
by the demise of an existing store. Therefore we can see that the strategies and decisions 
adopted by a retailer could be identified by the spatial pattern of store openings and closings. 
Theoretically the switch in store format preference would result in a similar pattern of spatial 
change as obsolete formats struggle to keep pace with the changing retail environment. 

In general retailers have two main options for increasing sales performance. Targeting the 
right locations and targeting the right product mix for the right consumers (Bowlby, Breheny 
and Foot, 1984b). Whilst product mix is a fascinating sector of study it is beyond the scope of 
this. Concentrating on the spatial aspect of retailing there is an evident link between a retailer’s 
target customer and location. It is argued that when it comes to stores selling convenience 
goods, such as groceries, the location of the store is more important than local competition, 
demographic composition of the catchment area and, to a large extent, the price of the good on 
sale (Davies and Clarke, 1994). Therefore store location is stated as being the most crucial de-
cision a retailer can make (O’Malley, Patterson and Evans, 1997). By making the correct loca-
tional decisions retailers can avoid costly mistakes, survive economic downturns, move with 
long term trends affecting the geography of demand and improve the performance of their 
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existing portfolio. These considerations over time will result in a changing retail landscape. For 
example in the 1970s and 1980s petrol station generally served neighbourhood locations but 
over time the changing geography of demand led to a more prevalent highway orientated loca-
tional pattern. (Rogers, 2005).   

3.2 Retail Location Theory

A beneficial starting point to understand how retail location decision making influences the 
physical retailing landscape is to consider the theoretical foundations for the spatial organisa-
tion of store locations. 

When it comes to analysing store location factors there are 4 key long-established theoretical 
approaches that have held sway. Each of these four key theories contains a strong spatial ele-
ment within the theoretical framework and these theories have had a strong influence over the 
methodologies used by location decision makers. 

The four key concepts are  
1. Central Place Theory 
2. Principle of minimum differentiation 
3. Bid-Rent theory 
4. Spatial Interaction theory 

Central Place Theory (CPT) was first proposed by German geographer Walter Christaller in 
1933. In essence the theory seeks to explain the locational pattern that results from the dis-
pensing of goods and services by a central place, ranging in scale for phenomena such as a town 
centre down to an individual store, to the surrounding area.  CPT proposes that the process of 
central places providing goods to the surrounding area would inevitably lead to clear retail 
patterns and a clearly stepped hierarchy of centres (Clarkson, Clarke-Hill and Robinson, 1996). 
CPT is based upon two fundamental concepts – a) the range and b) the threshold of a good. 
The range of a good can be understood as the maximum distance a consumer will travel to 
purchase a good. Christaller equates this with the distance to the nearest centre that stocks that 
good (Eppli, Mark J.Shilling, 1996). Similarly, the maximum range is where the maximum cost 
of a good (product price plus distance cost and other costs) equals the maximum value of that 
item to a consumer. Demand for the good drops as distance from the centre increases and, at 
some point, the distance travelled will therefore exceed the need or desire for a good. 
Similarly, the threshold is the minimum market, often expressed in terms of population or total 
disposable income, which is required for the selling of a good so that the retailer can break 
even. Range and Threshold then combine to produce a market area. 
The appeal of CPT is that it informs the number, size, hierarchy and spatial positioning of retail 
centres in the landscape under the aegis of certain assumptions. The key to these assumptions 
is that all consumers are identical. Hence each consumer has the same level of disposable in-
come and desire for the good in question and each consumer is fully informed and therefore 
acts in a perfectly rational manner. Equally all centres are equally accessible from any con-
sumer location and the travel costs (both monetary and psychological) are uniform (Brown, 
1993b) .  
Each consumer would visit their nearest centre that provides them with the good they require. 
The shape of the resulting market area based upon the threshold and range of the good would 
be hexagonal around each central place, as that is the shape that results from break lines cre-
ated equidistant from locations on a grid. In addition low-order goods would produce smaller 
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market areas and higher order goods would produce larger hexagonal areas (Eppli and Benja-
min, no date). Grocery goods will have a lower range and threshold in relation to more expen-
sive and infrequently purchased goods such as vehicles but consequently will have many more 
stores. Marjanen (1997) considers that during the period of the late 1990s shopping centres 
stores, products and prices could theoretically be envisioned to be more homogenous than they 
had been in prevailing periods. Consequently, it could appear logical that if a consumer is faced 
with a choice of alternate shopping destinations they would act accordingly to CPT and fre-
quent the centre closest to their location. If that is not the case then it is important for retailers 
to determine what factors are driving a consumer to make that choice. 
CPT has of course undergone many challenges and prospective improvements from its initial 
inception. Even as early as the 1950s Berry and Garrison published a series of articles focused 
upon adapting CPT from its focus upon an uniform landscape to one where purchasing power 
and population distributions vary according to location (B Berry and Garrison, 1958; Brian 
Berry and Garrison, 1958). One of the key criticisms of central place theory rests upon its as-
sumption of single-purpose shopping trips to the nearest centre. Many authors argue that in-
stead of a trip to a shopping centre for the purchase of a single product type many shopping 
expeditions instead involve the intention to purchase a wide variety of goods (Clarkson et al. 
1996; O’Kelly 1999; O’Kelly 1983; Mulligan 1983). One theoretical outcome of this is that there 
is then a propensity for a smaller centre that offers just one of the goods desired to be bypassed 
in favour of a larger centre where many of the goods can be purchased together (Ghosh and 
McLafferty, 1984). Therefore it has long been argued that although CPT establishes a strong 
theoretical foundation for the spatial distribution of retail establishments, the model by no 
means adequately depicts all the aspects of consumer behaviour, nor the inter-relationships 
that exist among inter- and intra-format retailers (Eppli and Benjamin, no date). 
The Principle of Minimum Differentiation seeks to establish the principle that retail stores that 
operate within the same, or similar, market sector will gain additional advantages by clustering 
together at a single location. These added benefits result from the additional utility that is 
passed on to consumers through their ability to then conduct comparison shopping activities. 
The original theoretical concept was first proposed by Hotelling (1929) in his paper ‘Stability 
in competition’. 
Hotelling’s initial proposal rests upon a list of key assumptions: That there are initially two 
establishments under consideration that sell products that can be regarded as identical to the 
customer; the market area that the retail establishments operate in is bounded and linear in 
shape; the transport costs within this market area are constant; all the consumers within the 
market area are identical and operate along utility-maximising principles; these consumers are 
distributed evenly within the market area; and finally that consumers will patronise a location 
based upon price with the proviso that if the prices at the two establishments are the same the 
consumer will patronise the closest (Eaton and Lipsey, 1979; Brown, 1993b; Clarkson, Clarke-
Hill and Robinson, 1996). 
Hotelling’s proposition is that as customers will always patronise the closest store, to maximise 
the number of customer’s that can be drawn to their store, a retailer will seek to relocate on the 
side of their competitors that would give them maximum exposure to the potential market 
(Hotelling 1929). In the case of two stores this would result in both stores located adjacent to 
each other either side of the halfway point on the linear market, all assumptions being valid 
(Brown, 1993a). 
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There is an understanding that the degree of clustering experienced by retailers is closely re-
lated to the order of the good (Kivell & Shaw 1980). Therefore a high order good such as jew-
eller or automobile trader will end up closely clustered together at a single location but that a 
very low order good, such as groceries, will be the least agglomerated. As outlined in Eppli and 
Benjamin (1994)  there are many critical studies conducted on the Principle of Minimum Dif-
ferentiation, the majority focused upon the results of relaxing some of the strict and wide-
ranging assumptions that were proposed in the original principle. 
The concept of Bid Rent Theory is primarily known through work done by Alonso (1960) in his 
seminal paper ‘A Theory of the Urban Land Market’. Alonso built upon earlier propositions 
such that due to the restrictions on the amount of land in urban areas, all locations within the 
areas will be occupied by the activity (be it residential, commercial and so on) that is willing 
and able to pay the highest rent for that land (Haig 1926a,1926b). Alonso focused upon the 
notion that when a purchaser acquires land, the acquisition is also in fact two goods: land and 
location. In relation to business, he theorises that a firm will pay the highest rents at the loca-
tion where that business’s profit (defined as the volume of business minus operating costs and 
land costs) is highest. Conceptually, to be able to attract custom from the entire urban area, a 
business will want to locate as close to the centre as possible.  
This will then form a bid rent curve where business will pay the highest rents where activity is 
greatest and the amount they are willing to pay will then fall away rapidly with distance from 
this central location. The higher the bid rent curve the lower the profits for a firm at that loca-
tion. Beyond a certain point the land rents will be so high that for a particular firm to locate at 
that site would mean that firm could only operate at a loss (Alonso 1960). Therefore, if a retail 
firm stands to make a greater profit at a location, than say an office building or residential 
property, then that firm will be able to afford a higher rent for the land at the site. 
Bid rent curves can therefore be constructed for different retailing functions. Higher order re-
tailing functions such as department and specialist stores would theoretically desire the most 
central locations as they need to attract customers from the entire urban area. Lower order 
goods such as grocery stores are willing to trade off the accessibility of the primary shopping 
locations in favour of lower land rents found at the city fringe or suburban locations (Brown, 
1994).  
We envision that this concept does not hold true for all types of grocery retailing. Whilst for a 
large supermarket or hypermarket the greater size means that lower land rentals in suburban 
or out-of-town locations are crucial, for smaller grocery stores the ease of accessibility to a large 
base of consumers means that central locations are likely to be desirable. 
The concept of bid rent curves put forward by Alonso (1960,1964) is based upon the concept 
of a monocentric city model. A monocentric city is one that can best be described as having 
only a single Central Business District (CBD) that is the location of all businesses in that city 
(Arnott & McMillen 2006). However, in reality cities are more likely to subscribe to the multi-
centre, or polycentric, model. In this model secondary employment centres are recognised as 
being an significant aspect of the urban landscape (Smith and Zenou 1997) and these secondary 
employment centres give rise to a multi-nodal city. As rents rise in the traditional CBD new 
retailing subcentres are likely to arise in suburban areas due to transport accessibility and the 
need to service these suburban areas (Rodrigue 2017). 
The final theory we will briefly discuss in this chapter is Spatial Interaction Theory. The core 
premise behind spatial interaction theory is that customers trade off the attractiveness of al-
ternate viable shopping destinations against the deterrent effect of distance to these alternate 
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destinations. The theory believes that there are three elements that effect the patronage deci-
sions of consumers towards viable store destinations. On firstly there is the distance deterrent 
effect of travel to the alternate stores from the consumer’s location; secondly there are pull 
factors, such as the relative ‘attractiveness’ of the stores; lastly there are push factors, such as 
the intensity of competition (Fotheringham, 1983; Rogers, 1992). The theory postulates that 
shoppers in the surrounding landscape will gravitate towards, and therefore patronise, the 
shopping destination which maximises its attractiveness in relation to the cost of travel relative 
to the alternate competing destinations (Fotheringham, 1983; Bowlby, Breheny and Foot, 
1985a; Curry and Moutinho, 1992; Rogers, 1992; Birkin, Clarke and Clarke, 2002; Thompson 
and Walker, 2005). Babin et al. (1994) relate how Spatial Interaction can be balanced in com-
parison to the other retail location theories. Where the Principle of Minimum Differentiation 
struggles with the introduction of a store that vends a different assortment of goods to the 
incumbent destinations, Spatial Interaction can encompass the agglomeration benefits of this 
new store due to the increased attractiveness of the retail centre as a whole. The similarities to 
Central Place Theory are even stronger. Whilst as first it may seem that Spatial Interaction 
Theory discards the crucial assumption in CPT that consumers will patronise their closest cen-
tre, in fact Spatial Interaction Theory predicts that is all destinations are equally attractive then 
customers will patronise their closest centre to minimise the deterrent cost of travel (Clarkson, 
Clarke-Hill and Robinson, 1996). Spatial Interaction Theory can also be used to analyse the 
impact of hypothetical factors that affect retail patronisation. Several studies have been con-
structed to provide evidence of how the deterrent effect of distance will differ for alternate 
product categories (Curry and Moutinho, 1992). Extensions to the theory include that of Foth-
eringham’s competing destinations which hypothesises that a consumer first selects a broad 
region to patronise and then chooses a specific destination within that broad region (Fother-
ingham, 1983, 1985). 
It is important to have an understanding of these four theories as they underpin the concepts 
of location planning utilised by retailers. These theories help to explain the shape of the retail 
landscape seen in the area of study and they influence the manner in which retail factors are 
analysed and decisions made. It is clear in the above mentioned theories that spatial and loca-
tional aspects have to clear role to play in shaping the retail landscape.  
We will refer back to all theories in the discussion as the bulk of this research deals with how 
customers and grocery stores interact at the local level and whether these patterns can be dis-
tinguished from the aggregate pattern.  

3.3 Retail Location Techniques

Retail location decisions are rarely made on experience alone, although this should not be 
ignored (Clarke, Horita and MacKaness, 2000; Clarke, Mackaness and Ball, 2003). The tech-
niques commonly utilised have their foundations in the understanding of retail phenomena, 
especially the importance of location, grounded in the four theories described above. The four 
most widely used modelling techniques for retail location planning are: 

1. Analogue modelling 
2. Ratings/ratio method 
3. Multiple Regression 
4. Spatial Interaction models 
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All of these modelling methods require a level of spatial exposure in their calculation. This can 
range from identifying events that are close in proximity to the features of study, analysing 
deterrent effect of distance decay, calculating static catchment areas or creating probability or 
likelihood surfaces. 
 
Analogue Models 

Analogue models are the most conceptionally and methodologically simple retail location 
analysis techniques. The method involves attempting to forecast potential sales of a new, or 
existing store, by drawing analogies with a set of existing stores (Bowlby, Breheny and Foot, 
1985a). These alternate stores are selected on the basis of similarity to the store or site under 
investigation through physical, locational and trade area factors. Alternatively, if top perform-
ing stores in a portfolio can be identified then they can be used to identify locations that are 
most similar to these sites for future development. Spatial systems and loyalty card data infor-
mation have been incorporated into this method to provide a deeper understanding of similar-
ity/differences between stores (Clarkson, Clarke-Hill and Robinson, 1996).  

It is readily apparent that the success or not of this technique rests on two key assumptions: 
identifying similar stores and successfully transferring trading characteristics over geograph-
ical locations (Clarke, 1998). An alternate to identifying specific analogue stores to compare to 
is instead to determine the characteristics of an ‘average’ store. In the real world a comparison 
between all the stores in a chain will reveal huge discrepancies in terms of performance. There 
is always an additional element of confusion in this. Even if a suitable analogous store is deter-
mined, is it possible to account for whether this store is under/over performing within its trade 
area (Bowlby, Breheny and Foot, 1985b)? It is also difficult to analyse green field sites as many 
of the factors you would utilise for the analysis have no information, due to the lack of any pre-
existing store (Thompson and Walker, 2005). This method is also closely linked to what has 
been termed the ‘parasitic method’. In this method one retailer who recognises that their busi-
ness is closely related to another in terms of customer profile, whilst at the same time not di-
rectly competing, follows new store opening announcements of their target retailer and then 
finds an alternate new store location in close to proximity to their target (Birkin et al., 1996; 
Clarke, 1998) 

Ratings/Ratio Method 
The ratio/ratings method is, at its simplest, based upon a checklist of factors and is well fa-
voured amongst retailers as it provides a systematic procedure for evaluating locations in 
terms of the location of a new or existing site (Ghosh and Craig 1984). A retail location ana-
lyst will have a long physical list of criteria to analyse. This checklist will cover site-specific 
factors as well as trade area characteristics (Clarke, 1998). The criteria are typically then 
turned into quantifiable methods through the ratio/ratings method. This method is used to 
provide single scores for each site based upon the quality of attributes at that location. This 
method has the advantage that it not only enables an analyst to quantitatively compare sites 
it also allows for each site to see where the strength of that site is derived. They often prove 
useful for retailers in market and site screening tasks, especially in sectors with few compara-
ble stores. The limitation is in its ability to predict turnover (Rogers, 2005). As both the ana-
logue methods and ratio/ratings methods require for the most part human input and assess-
ment they tend to be time consuming when dealing with a large number of comparable stores 
(Curry and Moutinho, 1992). 
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Multiple Regression  
The third widely used method is multiple regression. The use of multiple regression is a 

widely used technique in real estate analysis for a wide variety of undertakings (Brookes and 
Tsolacos 2010). Regression analysis works by defining a dependant value, such as store turn-
over, and attempting to correlate this with a set of independent or explanatory values (Clarke, 
Horita and MacKaness, 2000). In many ways it is comparable to the ratio/ratings method in 
that a large number of numerical, ordinal and categorical variables that are related to store 
performance are identified. In this case a quantitative model is then constructed that enables 
store performance to be monitored as well as the potential of new sites. To run a regression 
model requires a great deal more technical sophistication than other techniques as there can 
be problems with the variables selected such as multi-correlation or non-linearity as well as 
the model needing a great deal of diagnostic testing to determine its validity. These models are 
commonly used to forecast potential store revenue at a new site or if an existing store is modi-
fied. This approach has additional advantages: it can a) help inform which variables determine 
turnover and which have no clear influence and b) the outputs and residuals of the model can 
be assessed to identify under- and over performing existing stores (Rogers, 1992)   

Many of the variables that can be incorporated into the ratio/ratings method and the multiple 
regressions method are heavily spatially dependant. As data becomes easier to collect or pur-
chase and methods become more sophisticated, more complex attempts at multiple regression 
modelling have developed (Wood and Tasker, 2008). Typically, variables that can be included 
within the regression model can fall into spatial and non-spatial variables. Spatial variables 
include (Simkin, 1990): 

Competition – This can provide both benefits and disadvantages. For many product 
types, such as fashion clothing, there are benefits for being located close to competi-
tors. Conversely, for other product types, such as groceries, similar retailers will be 
competing for business with the store in question. Spatial factors, such as number and 
distance of competitors, as well as non-spatial factors, such as similarity in product 
offering, marketing influence and customer perception, can all be included. 
Catchment Area Demographics – The amount of disposable income in catchment that 
has the potential to be attracted to the site in question based upon the social-de-
mographics of the consumers contained within the catchment. 
Store accessibility – How visible and accessible the store in question is to consumers 
within the catchment. 

Non-spatial variables that can be included are mainly focused upon: 
Store characteristics – Aspects such as store size, layout, frontage, age, rent and rates, 
amount of parking, number of employees, product mix and so on. 

The resulting models can then be used to identify the best geographical locations in which to 
locate new stores or alternately provide a better information upon areas in which existing 
stores operate and so assist decisions upon extensions or closure (Bowlby, Breheny and Foot, 
1985b). 

The analysis of a site’s catchment area is an important source for creating data to be incor-
porated in the methods described. Whilst they rely upon a defined catchment area, these catch-
ment areas are often defined arbitrarily (Clarke, 1998). At the simplest level they can merely 
be a radius from a location or using experience of the market to determine a set of geographical 
blocks, such as postcodes or census geographies, to construct a catchment (Bowlby et al. 
1985a). Catchment analysis can become more complex through the rough analysis and profil-
ing of customers to identify critical drive time values. The major flaw in both of these methods 
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is that they assume a site will have an equal drawing power in all directions (Clarke, 1998). The 
presence of transport networks, physical barriers and competitor locations mean these catch-
ment areas of stores are often skewed in certain directions. An alternate method is to utilise 
multiple regression and maximum likelihood estimation methods to select, or create, relevant 
geographical blocks based upon a wide set of input criteria. Whilst each of the methods de-
scribed above are heavily dependent upon spatial phenomena in their calculations, they all fail 
to account fully for spatial interactions. In addition, these methods also give equal weight to all 
households within a catchment. Households situated adjacent to a site are given the same im-
portance in terms of likely patronage as a household situated say five miles away (Birkin et al., 
1996). 

It is important that locational models incorporate interactions between, as well as within, 
catchment areas (Barnes, 1981). The primary weakness of the methods listed above is that they 
evaluate sites in isolation and so do not account for competition on the retailer’s own network 
(Birkin et al., 1996). Whilst these techniques may adequately account for variation in sales 
between stores the inability to model spatial interactions leaves them unsuitable for the calcu-
lation of impact analysis.  

Spatial Interaction Models 
As we discussed in the theory section spatial interaction is the movement or communication 

over space that results from a decision process. Huff (1964) used consumer survey techniques 
to outline a set of basic principles regarding shoppers’ patronage patterns. Firstly, the propor-
tion of consumers patronising a given shopping area varies with distance from the shopping 
area. Secondly, the proportion of consumers patronising alternate shopping centres varies de-
pending on the depth of product mix on offer at each location. Thirdly, the distances consumers 
are willing to travel to shopping centres vary for different products. Lastly, the strength of at-
traction of any shopping centre is influenced by the proximity of competing areas. Huff used 
these principles to develop a model that represented a theoretical abstraction of consumer be-
haviour. The model allowed the analyst to calculate the probability of a consumer patronising 
a particular shopping area by taking into consideration all the potential shopping areas simul-
taneously. Rather than a fixed rigid catchment that assumed demand is constant anywhere 
within the area the model developed by Huff instead resulted in a demand surface. This also 
enabled overlapping catchment areas to be created for competing stores as for each store there 
is a probability that a consumer resident at any location in the wider area will patronise that 
store. 

Spatial Interaction Models, sometimes also known as gravity models, have gained in com-
plexity since Huff’s original model and is a core technique for retail location decision making 
for grocery supermarkets (Wood and Tasker, 2008). The core premise of the models remains 
the same. When choosing between two stores that are equally accessible a consumer will show 
a preference for the one that is more attractive. When choosing between two stores that are 
equally attractive a consumer will show a preference for the one that is more accessible. How-
ever these models can be calibrated to allow for the stochastic nature of consumer behaviour 
(Birkin et al., 1996). The model is usually created to forecast store turnover and expected ex-
penditure which is critical as it allows the location decisions to be assessed in financial terms 
(Curry and Moutinho, 1992). The model results in flows of revenue, or consumers, between 
locations in the study area to each competing destination and so can replicate existing spatial 
interactions. In addition the models allow ‘what-if’ scenarios to be created so that alternate 
store location decision strategies can be developed, such as what is the impact on existing 
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stores, including competitors, of the opening or closing of a store or how much extra revenue 
over the coming years will a full store refurbishment potentially yield (Thompson and Walker, 
2005).  Before any of this analysis can be run the model needs inputs to be defined and then 
the model to be calibrated on real world data. This step can be problematic in obtaining enough 
reliable information to ensure correct calibration and the models need users with enough ex-
perience and knowledge to design and implement (Benoit and Clarke, 1997). 

3.4 Retail Location in Practice

The influence of the retail location theories on decision makers should result in distinct spa-
tial patterns that are apparent in the physical landscape. The role of retail location decision 
making goes beyond the simple identification of potential new sites for stores. Whilst site 
screening and selection is still the most common task conducted by retail location decision 
makers, other widely conducted tasks include competitor analysis, identifying catchment ar-
eas, cannibalisation, monitoring outlet performance, customer profiling, setting sales targets, 
network planning and market mapping. The decision criteria that result from conducting these 
tasks are usually referred to as the 6 R’s of retail location: 

1. Roll-out – opening a new store or increasing floor space in the existing store 
2. Relocation – moving of a site due to competition or availability of a new site 
3. Rationalisation – Closure of individual stores or selling of divisions 
4. Refascia – Altering image of outlet by changing the brand 
5. Refurbishment – updating fascias 
6. Remerchandising – Altering product range of a location, perhaps based upon chang-

ing demographics (Hernández and Bennison, 2000; Byrom et al., 2001) 
If the retail environment is as dynamic as studies in the previous chapter have found then we 

would expect there to be cycles when each of these decision criteria find favour with retailers. 
Hence the types of decisions made by different retailers may not be contemporaneous, as each 
retailer deals with their own economic position. 

The information provided from conducting these tasks feeds into all aspects of retail man-
agement; be it management of existing stores, development of new store formats, acquisition 
of stores and portfolios or making financial business cases. 

There is academic work on assessing how retailers put site location techniques into operation 
dating back as far as 1985 (Simkin, Doyle and Saunders, 1985). They state that intrinsic to the 
analysis of retail location is the calculation of trading area delineation and inclusion of behav-
iour, habits, preferences, decision-making and perception. 

Simkin et. al. used a survey to prove their hypothesis that whilst checklist and analogue meth-
ods discussed in academic literature had been adopted by retailers the more complicated math-
ematical techniques had not. The one exception their research found was with grocery retailers. 
These retailers were devoting financial resources to the development of mathematical models 
of location analysis, largely based upon regression techniques. 

A more comprehensive study of the methods of retail location decision making was con-
ducted 15 years later by Hernadez and Bennison (2000). Their aim was to see whether the 
modelling based approaches, that Simkin et al. had observed retailers judging as complicated 
and cumbersome in 1985, had actually gained in popularity over the succeeding 15 years. 

Futhermore, Hernadez and Bennison found that there had been a growth in the adoption of 
a wide range of methodological techniques since the previous survey, reflecting the growth in 
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complexity of the retail environment. They found that location decision makers were heavily 
involved with the development of new stores of established formats, the disposal of individual 
stores and the refurbishment of existing stores. The size of the retailer’s property portfolio af-
fected the complexity of decision-making technique adopted as did the retail sector. The gro-
cery sector as a whole was found to use the whole range of techniques available to some degree. 
Factors such as competition, saturation and development costs have resulted in greater em-
phasis being placed upon efficient management of existing grocery store portfolios at the ex-
pense of new site development. The work concluded that locational decision making remained 
a blend of formal statistical techniques and expert’s intuitive judgement.  

Ten years later Reynolds & Wood (2010) revisited Hernandez and Bennison’s study to see 
how location decision making had again evolved in the intervening years. The authors have 
found that quantitative and analytical methods have become more established within the retail 
sector but note that some of their responses may be influenced by the conditions in the retail 
sector of the last few years, namely the global financial crisis. They found that the majority of 
location departments contained 10 or fewer people with the exception of grocery retailers who 
tended to have larger than average location decision making teams. They found that the types 
of decisions made by the members of the location decision making teams still tended to be 
focused upon individual stores rather than at the group or divisional level. The teams were 
actively involved in what they term the ‘core’ tasks: namely site selection, competitor analysis 
and catchment area identification. Whilst experience and checklist methods were still used 
universally the majority of grocery retailers were now also using multiple regression and spa-
tial interaction models extensively. Their findings showed the adoption of more analytical 
measures that had been identified by Hernandez and Bennison had continued. 

3.5 Conclusion

Due to these notions we would expect that there is spatial order to the location of retail ac-
tivities within a study area and that over time these spatial arrangements will alter as they are 
influenced by changes within the retailing industry. If there is no spatial aspect to change in 
the retailing landscape we would either expect any changes that occur within the industry to 
affect all locations equally or for there to be instead a completely random and theoretically 
unexplainable pattern of events. 

The retail theories described are all predicted upon the notion that there is an identifiable 
order in the world and that people are rational, utility-maximising decision makers and that 
economic activity takes place in freely competitive, equilibrium-seeking contexts or settings. 
The theories are based upon stated, invariably highly simplified, assumptions and thus de-
scribe the spatial patterns of retailing that ought to occur, given the underlying assumptions, 
not ones that necessarily do. 

As well as the usual criticism’s into the essence of consumer behaviour and its relevance to 
the theory Clarkson et al. (1996) raise an relevant drawback that applies to many of the theories 
discussed here. They argue that these theories fail to take into account the temporal dimension. 
Land use activities occupy sites successively and so once a site has been well established they 
can be particularly difficult to move, especially once lease covenants are taken into considera-
tion. To illustrate their supposition consider large modern urban areas where pedestrianisa-
tion schemes, congestion and restrictions on access such as parking and congestion zones 
means that central areas have lost much of their accessibility notions.  
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In addition, there are important roles played in the location of different aspects of real estate 
activities by numerous agents, all often with vested interests in specific site being used for spe-
cific real estate activities. These agents include urban planners, municipality authorities, fund-
ing institutions and property developers to name but some (Brown, 1993b). 

Of course it is important to note that changes in spatial patterns and distributions of grocery 
stores will not be entirely due to the implementation of location decision making strategies by 
retailers. Issues of geography, consumer behaviour, government and municipality planning 
regulations, infrastructure growth will all impact how the distribution of stores may change 
over the years (Wood and Tasker, 2008). Additionally, these issues will not affect all retail in 
the same way. Entry and expansion in the convenience store market in many countries is not 
as heavily regulated by land–use regulations (Wood and Mccarthy, 2014). 

The use of theories and modelling techniques does not make retail location an objective sci-
ence. Whilst the methods can reduce some of the subjectivity, there is still an important ele-
ment of the decision that comes from common sense, experience and site visits (Clarke, Horita 
and MacKaness, 2000; Rogers, 2005). Whilst we may theorise that it should be possible to 
determine changes in the retail landscape over time due to the application of methods incor-
porating spatial analysis, in reality this subjective element combined with factors above such 
as planning regulations may limit the identification of these spatial changes. Indeed due to the 
cost and expertise involved in adopting many of the techniques, as well as problems with cor-
rect implementation (Birks, Nasirin and Zailani, 2003) of the models, the number of retailers 
basing decisions heavily on their use may be minimal. Retailers that operate large superstores 
may rely heavily on the more complicated techniques available but due to the low investment 
levels convenience store operators have traditionally not had the capital to invest in the same 
techniques (Wood and Browne, 2007).  
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4. Methodology Overview

As we said in our Aims in the Introduction, this study adopts an empirical approach to the 
subject. Therefore, the study is heavily dependent upon the data that is available for analysis. 
Due to the complexities and limitations of the datasets we aim to explore the results of a variety 
of methods for each section ranging from simple to complex in their methodology and deter-
mine the advantages and limitations of each method.  

There are a number of approaches that could be taken to explore this subject. As ours is an 
empirical study the methods adopted can in part be defined by the data that is available to us. 
In addition, as this thesis will evolve in respect to successive investigations being informed in 
part by information garnered in previous sections of the thesis, it would be useful to have es-
tablished for our own benefit a system outline to adhere to. This will enable us to act as in-
formed in our decision making and to spend less time being dragged down blind allies that do 
not further our knowledge of the subject. 

In this section we will first briefly outline the ‘spatial statistical process’ that provided the 
structure of this thesis. This process is outlined to illustrate the methodological approach that 
we use in this thesis. We feel this should be outlined as the breadth of this thesis is large with 
a number of methodologies used that originate in different analytical branches, for example 
some are from pure statistics, some from spatial statistics where as others originate from ge-
ography. This process will not be something we continuously refer back to within the thesis but 
should demonstrate how the thesis study progressed and demonstrate how we moved through 
methodological approaches. The general direction of starting from simple approaches, and 
then adding complexity, is one that is used in every part of the study. 

After outlining the process we adhered to we will then give a brief description of the key 
methodological areas used and the utilisation of key techniques from those areas. 

4.1 Statistical Process

The datasets available for use in this thesis are large, complex and varied. Each dataset has 
readily observable advantages and disadvantages but also indications that they have the po-
tential to throw up additional complexities once analyses are under way. 

Bearing this in mind it was decided that there was an obvious benefit in considering the type 
of analysis process that would be most suitable in order for us to conduct this thesis in the most 
efficient and reliable manner possible. There are a huge number of techniques that can be ap-
plied in data mining, i.e. extracting important relationships from masses of data. However, we 
have to be careful and knowledgeable about the techniques that we apply in order to avoid the 
pitfalls of mistaking the ‘spurious for the substantive’ (White 2000).  

Therefore, before any analysis was conducted, a short investigation into guidelines for the 
most appropriate process within which to conduct our analysis was undertaken. 
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A good starting point is the article Scientific Method, Statistical Method and the Speed of 
Light by MacKay & Oldford (2000). For these authors the concept of statistics is defined in 
large measure by the focus on seeking an understating of a population from sample data. They 
envisioned that statistical method can usefully represented as a sequence of stages, each with 
its own issues to be understood and addressed.  

Each of these stages is dependent upon the preceding stage. Therefore each stage is ‘legiti-
mised (or not) in the context of the stages that precede it (e.g. there is little value in a Plan 
that does not address the Problem.)’. In addition, this method provides the ability to look 
ahead at any stage and make choices that will simplify actions that are undertaken in a later 
stage.  

Whilst this thesis has some sections where the data will be queried using more traditional 
statistical measures, the main emphasis will be on interrogating the data using spatial analysis 
methodologies due to the interest in the impacts of spatial relationships and competition upon 
the Helsinki grocery retailing landscape. For this reason we have chosen to follow the spatial 
statistical process method outlined in some detail by Smith et al (2006) in the book Geospatial 
Analysis which builds upon Mack and Oldford’s work by considering the spatial context. In 
this book the authors devote a chapter to the methodological context of the spatial process. 
Previously authors such as Mitchell (2005) and Haining (2003) recognised that in spatial anal-
ysis the analytical is far more complex than a simple sequence moving from problem specifi-
cation to outcome. Instead the sequence is not only iterative but that each stage of the analyti-
cal process one looks back at the previous step and re-evaluates the decisions that were adopted 
in that step. If in any stage the results produce new questions or errors the user may return to 
a preceding stage of the process and adapt that stage to better suit their requirements. 

4.2 Spatial Analysis as a Process

In essence spatial analysis is concerned with phenomena that have an explicit spatial context 
where data at one location is not independent of data at other locations. However, the term is 
not that well defined and different authors have used the varying definitions depending on the 
object of their work. Indeed, in one book, O’Sullivan and Unwin’s Geographic Information 
Analysis (2003), they use the term spatial analysis when referring to either spatial data ma-
nipulation, spatial data analysis, spatial statistical analysis or spatial modelling. Nevertheless, 
at the core of almost all versions of spatial analysis is Tobler’s first rule of geography in that 
‘everything is related to everything else, but near things are more related than distant things’ 
(Tobler 1979).  This leads to the concept of spatial autocorrelation, also termed spatial depend-
ence, where spatial data is distributed so that similar values are located in close proximity to 
each other (Fotheringham et al. 2002). This is closely aligned with the concept of spatial het-
erogeneity which refers to the uneven distribution of a process or event across and area. Spatial 
heterogeneity can also be thought of as spatial non-stationarity (Zhang et al. 2009) in that as 
well as events, relationships can be unevenly distributed in space. Fotheringham et al. (2002) 
state that if the relationships we are investigating between variables are spatially non-station-
ary then the magnitude and the significance of those relationships will depend on the location 
at which they are measured. 

The purpose of spatial analysis often stretches beyond merely identifying patterns in spatial 
data, through to being able to construct models which gain an understanding of the relation-
ships that cause those patterns. When spatial factors such as distance decay or contiguity are 
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identified in data we frequently want to know whether the pattern identified is purely the result 
of explicitly spatial factors or the result of other explanatory factors that have not been analysed 
or are unmeasurable.  

Smith et al. propose that spatial analysis may be considered upon the similar lines as that 
proposed for statistical analysis by MacKay and Oldford but that the steps need clarification 
and some amendments to fit within the spatial context. Their proposal is outlined in the figure 
2 below, taken from their book ‘Geospatial Analysis’. Although the general sequence is to move 
round the diagram from stage-to-stage in a clockwise direction each stage may, and often will, 
feedback to the previous stage. They also state that it is also possible, especially if managing 
customer expectations, to examine the process in an anti-clockwise direction starting with the 
problem definition and then moving expectations as to the conclusions. In this case care has 
to be made not to pre-judge the outcomes. These five stages are: 

1. Problem 
2. Plan 
3. Data 
4. Analysis 
5. Conclusion 

Accordingly they explain that the five stages of the PPDAC model in a spatial context can be 
broken down as follows: 

Problem: i.e. Framing the question 
It is crucial to provide clarity into the understanding and definition of the problem to be 

studied right from the start. If this is unclear then there is a greater chance of failure in the 
overall analytical process. This can be avoided by breaking the problem down into a number of 
key components and in addition simplifying the problem to focus on only the most important 
and relevant of these components to the wider study. The initial problem specification may be 
altered at a later time in light of preliminary investigations or unforeseen events. 

Plan: i.e. Formulating the approach 
The next stage is to formulate an approach that will optimise the chances of addressing the 

problem identified from the previous stage and producing results that meet the necessary ex-
pectations. 

Interestingly, Smith et al. advise that the application of a single analytical technique is to be 
avoided except when the analytical approach itself is the subject of the investigation. For them, 
if a series of approaches, visualisations, techniques and tests all reveal a similar outcome, then 
you can have a far higher confidence in the findings. 

At this stage it is also essential to identify available datasets to examine their quality and 
strengths and weaknesses, as well as carry out exploratory analysis if possible on subsets of the 
data as this will help clarify the most suitable approaches, as well as minimise the number of 
unknowns. Some iteration may be required within this stage and between stages before a sat-
isfactory plan is developed. 
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Figure 2. Spatial Process Model (Smith et al. 2013) 

Data: i.e. Acquiring the Data 
Spatial analysis can differ from other forms of statistical analysis in that the datasets analysed 

are often produced by third parties, rather than being produced as part of the research. There-
fore, any analysis of a pre-existing and externally sourced dataset should be based on a thor-
ough understanding of the quality and provenance of those datasets. 

Spatial datasets are unlikely to be perfect. They are likely to contain errors, distortions, miss-
ing values, restrictions due to privacy issues or other uncertainties. There are many different 
approaches and methods that can be used to conduct spatial analysis. The best method for any 
particular investigation will depend upon the problem definition and the suitability and avail-
ability of the data that is available for study. 

Therefore it is worth carrying out a thorough data exploration to better understand the data 
and to reveal underlying patterns as the purpose of the Data stage is to execute the plan and 
assure the quality of the data in preparation for analysis. 

It is worth noting that we envision that in some instances, as will be shown in parts of this 
thesis, the problems to be investigated are partially raised by the nature of the data that is 
available. The attributes of the data also raise many questions and problems that may impact 
later stages, such as how complete is the data both spatially and perhaps temporally? How 
accurate is the data? Are the datasets compatible with one another? Another question that we 
think is worth bearing in mind is why was the data collected and for what purpose was it to be 
used? 

Analysis: Analytical Methods and Tools 
The purpose of this stage is to use the Data and information from the Plan stage to deal with 

the questions that arose within the Problem step.  
As this is one of the later stages of the process, it is advisable for the initial selection of tools 

and models to have been made prior to this stage. The objective of spatial analysis is often 
described as the identification and description of spatial patterns resulting in attempts to un-
derstand and model the processes that have given rise to the observed patterns. Often using 
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the simplest and clearest tools, models and visualisations that fit the problem and objectives is 
the recommended route. However factors such as availability of tools or time and cost con-
straints can come into play. Mackay and Oldford state that the form and formality of the Anal-
ysis depends upon many things, such as the skill and knowledge of the analyst, the amount of 
variability induced by the plan and the intended audience for the research. 

The identification of a spatial pattern is closely associated with a number of assumptions and 
preconditions. Firstly, the definition of what constitutes not a pattern in relation to the study 
is important; secondly the definition of the dataset and the spatial extent of the observations 
and, finally, the manner in which the observations were made, modelled and recorded. 

Once an initial model is postulated, model fitting and assessment tools can be used to suggest 
refinements to the model. The final model is used to analyse relationships of interest in the 
data and also to assess the levels of uncertainty arising from sampling and measurement er-
rors. 

Conclusion: i.e. Delivering the results 
The final stage is to reach conclusions based upon the analyses conducted and to communi-

cate these conclusions to interested parties. Any implementation of findings belongs to this 
model process and is a separate task. 

As Mackay and Oldford write “Concise numerical summaries and presentation graphics 
should be used to clarify the discussion. Statistical jargon should be avoided. As well, the Con-
clusion provides an opportunity to discuss the strengths and weaknesses of the Plan, Data 
and Analysis especially in regards to possible errors that may have arisen”. 

Having such as structure is useful in two ways. It provides the structure that will be used to 
undertake the empirical investigation but it also allows completed studies to be critically re-
viewed as Mackay and Oldford did with their example study in their 2000 article. Therefore 
we will bear these two factors as in mind when conducting this thesis. 

4.3 Methodologies

This thesis uses a wide range of methodologies drawn from a number of statistical disciplines. 
We have stuck to using tried and tested techniques for a number of the analysis as this allows 
us to contrast our findings with other studies as the methodologies are broadly similar, the 
interpretation of the results is often clear and the limitations of the methods are well known 
and understood. We have sometimes expanded on a traditional technique, especially when we 
have bought in a temporal element.  

The rest of the section outlines the methodologies used in the thesis. We have classified them 
into broad categories for help with organisation, although some of the methods could conceiv-
ably fit into a number of categories. The majority of the methodologies are spatial in nature 
although some, such as the time series, are not. Figure 3 on the following page provides an 
overview of the methodologies described in following section. 
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Figure 3. Overview of methodologies used in this thesis 

4.3.1 Time Series Analysis Methodologies 

The simple plotting of data against time is an incredibly efficient way to start analysis. It can 
give clear indications of how a variable has changed from one period to another as well as the 
overall pattern of change across the study period.  
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Whilst this can be exceptionally informative we often wish to extend the analysis to look at 
identifying further patterns and relationships between variables and their temporal relation-
ship. We often want to identify whether there is a clear trend to the changes in a variable and 
also whether changes in one variable may have evidence of a relationship with changes in an-
other. 

Whenever a variable is measured either sequentially or at fixed intervals throughout time the 
resulting data will form a time series. Time series analysis has been used to investigate real 
estate phenomena, for example, for decades and there is a large amount of literature and pre-
vious studies into the viability of using different time series techniques with various real estate 
data, as well as determining how different functions of real estate evolve over time. 

Arranging data into a time series is obviously crucial if we want to investigate temporal 
changes. The type of time series if often dependant on data availability. If the data is collected 
annually then each record in the time series will represent one whole year. By investigating 
these time series, we are able to uncover whether there are any patterns of change that have 
occurred within our data as well as isolate periods of interest regarding the magnitude of that 
change. 

One of the most important features of most time series is that observations close together in 
time tend to be closely correlated, a feature known as serial dependence and conceptually 
closely related to the notion of spatial dependence mentioned above. A main aim in time series 
methodology is to explain this correlation and the main features of the data using appropriate 
statistical models and descriptive statistics. 

Deterministic trends 
A common form of time series analysis is one that attempts to identify data that is thought to 

have a deterministic trend. A trend is a systematic change in a time series that does not appear 
to be periodic. The simplest model for a trend would be a linear increase or decrease in a vari-
able over time. The main features of many time series datasets are trends and seasonal varia-
tions that can be modelled deterministically with mathematical functions of time. If the fre-
quency of the data is annual then we don’t need to delve into the complexities of modelling 
seasonal variations in time series but instead can concentrate on the trend element. 

If we have some plausible physical explanation for a trend we will usually wish to model it in 
some deterministic manner. If we are able to identify that our data does display the character-
istics of having a strong deterministic trend we could also forecast to determine the current 
whereabouts of our data within the trend pathway. Forecasting with trends relies on extrapo-
lation, i.e. the assumption that past trends will continue. Whilst we can’t check this assumption 
in any meaningful way, if we have likely causes for that trends we can then justify extrapolating 
it forwards. Whilst in the absence of any shocks or breaks to the system that generated the data 
series, the trend is likely to change relatively slowly. It is important to realise that expecting 
the trends to continue long into the future is unwise. At best we should only see forecasts, or 
scenarios, predicted by these models as being a reasonable approximation for the future values 
of the data series for only a few steps ahead. In reality high order polynomials especially may 
give a good fit to the historic time series but be treated with caution when used for extrapola-
tion in any process beyond as a general guide. As a guide though they can be very useful for 
identifying patterns of past behaviour that can be tied to theoretical concepts. 

The idea of a trend is a compulsive one when examining data. Often it can be clear whether 
the overall numbers are declining, growing or switching between the two. The nature of this 
pattern is however very interesting. Are the numbers, for example declining at a constant rate? 
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Did the numbers grow slowly at the start and then grow more rapidly? To answer that we can 
fit trend lines that best fit the data, where we understand a trend to be the broad, underlying 
movement in data that represents the general direction in which the data is moving (Curwin & 
Slater 2002). Common examples of trends are linear, quadratic and cubic. Other trends that 
are in common use can easily be shown by the options available when fitting a regression line 
in modern versions of Microsoft Excel. In general, the fitting of a trend line is done using simple 
regression techniques. 

The basic equations for quadratic and cubic regression models are found below: 
 

1) =  +  +  +    (quadratic  model) 
2) =  +  +  + +    (cubic model) 

 
 1In reality there are various issues with modelling deterministic trends in time series and so 

we should also consider a more complex, alternative analysis technique for looking at the rela-
tionships between the two time series. Granger describes fitting a trend line as a “blind hope 
that whatever mechanism generated the trend in the past will continue to work in the future.” 
(Granger 1989 pg. 38). It is therefore worth investigating the results of the trend analysis fur-
ther. Once we fit mathematical model of a deterministic trend to a time series we refer to the 
discrepancies between fitted values calculated from the model and the true data values as a 
residual error. 

Theoretically, if the mathematical model used encapsulates most of the deterministic fea-
tures of a time series, our residual error series would therefore appear to be the realisation of 
independent variables from some probability distribution. This residual error series form a 
time series and tend to be serially correlated themselves.  The identification of serial correla-
tion in this residual series is used to improve forecasts and simulations. Unfortunately, if this 
serial correlation is positive, the estimated standard errors of the parameter estimates will tend 
to be less than their true value. This will lead to erroneously high statistical significance being 
attributed in statistical tests, i.e. some parameters will appear to be statistically significance 
when, in reality, they are not.2 

We can use well stablished methods, such as the Ljung-Box test, to test for independence in 
the residuals to show that for each regression the residuals mean we can accept or reject a null 
hypothesis on no autocorrelation in the residual series. If we reject the null hypothesis, this 
would imply that the residuals, which can also be thought of as the random component of the 
series, are not just the result of a series of independent random variables, but are in fact heavily 
dependent on previous values of that series. 

Stationary models 
In itself this movement around the trend is interesting. If, however, we are interested in ex-

ploring how variables could possibly influence one another this persistent pattern could cause 
additional complications. This brings us onto the concept of stationarity of a variable. The term 
strictly stationary is reserved for a process where the distribution of values remains the same 

                                                           
1 Much of the following section is based upon information provided in the books Introductory Time Series with 
R (Cowpertwait & Metcalfe 2009) and Real Estate modelling and Forecasting (Brooks and Tsolacos 2010). Any 
additional sources are referenced as required 
2 To overcome this problem more complex models such as General Lease Squares can be run instead of OLS to 
improve the statistical accuracy of the coefficient standard errors but the overall outcome of the model in 
terms of the fitted lines will be the same. 
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at any point in time therefore the probability that a value falls within a particular interval re-
mains the same as time progresses. However, when we usually refer to stationarity in time 
series modelling we are referring to what is also called a weakly stationary process. To meet 
these criteria a time series should exhibit a constant mean, a constant variance and a constant 
autocovariance structure.  Identifying whether a time series is stationary or not is often essen-
tial as it can strongly influence the variables behaviour and properties.  

The terms Autocovariance and Autocorrelation refer to covariance and correlation of a var-
iable with itself over time. In the same manner, the regression of a time series variable upon 
past terms from the same series is known as an autoregressive model. The number of steps in 
time between the values in an autoregressive model is known as the lag. For example, if you 
are using a time series where the values are measured quarterly and you are investigating the 
relationship between a value and the value one year previously that would be a lag of 4. The 
graphical plotting of the results of autocorrelations at different lags is known as a correlogram. 
In the same way the correlations at different lags between two or more variables is referred to 
as the cross correlation function.  

Earlier we have discussed our methodology for analysing whether our data displayed a de-
terministic trend. There is another type of trend that also occurs in time series data called a 
stochastic trend. A stochastic trend is where the time series shows changes in direction at un-
predictable times as opposed to the more constant deterministic trend. For example, if one 
variable is heavily dependent upon changes in one or more separate random variables then 
changes in that time series may appear unpredictable if those other variables have not been 
determined. 

It is a common practice in econometrics to explore the relationship between two or more 
variables. We are often interested in analysing the relationship between one or more explana-
tory variables and the variable of interest. However, analysing the relationship between two or 
more non-stationary time series can easily lead to the problem of spurious regression. Two 
non-stationary time series may appear to be strongly linked but this apparent relationship 
could be due to shared external factors that give rise to an underlying trend.   

Differencing 
The most common way to transform a non-stationary series into a stationary one is through 

differencing. The first difference is the change in a time series from one period to the next. So 
if our variable of interest is y the first difference (Δy) is yt – yt-1. If we are using natural logs of 
the variable in question then the first difference is analogous to the percentage change between 
periods. Differencing can remove both stochastic and deterministic trends from a variable. If 
the resulting first difference series remains non-stationary we can difference the series again.  

Augmented Dicky-Fuller (ADF) test 
The most common test as to whether a time series is stationary or not is the Augmented 

Dicky-Fuller (ADF) test although problems with choosing the correct critical values for small 
number samples (Cheung & Lai 1995) has to be borne in mind.  

The ADF test has two forms and in both cases the null hypothesis is that the time series under 
investigation is non-stationary. In the first form the alternative hypothesis is that the time se-
ries is stationary and is calculated through the equation: 
 

3) ∆ =  + + ∆  +  ∆   + ⋯+ ∆ +  
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Where Y is the time series being tested, u is the error term and β,δ and γ are coefficients to 
be calculated. The OLS t-statistic testing δ = 0 is known as the ADF statistic and due to its non-
standard distribution a special set of critical values are used to accept or reject the null hypoth-
esis (Stock and Wilson 2007). 

The second form of the test takes the alternative hypothesis that the time series is stationary 
around a deterministic linear time trend, in which case the time trend t must be added as a 
regressor in the test equation: 
 

4) ∆ =  + + +  ∆  +  ∆  + ⋯+  ∆ +      
 

 The ADF test statistic from this regression is then compared to a special set of critical values 
as well (Stock and Wilson 2007). 

 Kwiatkowski–Phillips–Schmidt–Shin (KPSS) test 
An alternative method is known as the KPSS (Kwiatkowski–Phillips–Schmidt–Shin) test. In 

this test the null hypothsis is now that the time series under investigation is stationary (Hyder-
man & Athanasopoulos 2018).  

 In the KPSS test the time series under investigated is assumed to be able to be decomposed 
into the sum of a deterministic trend, a random walk and a stationary error 

 
5) =  +  +   

 
Where  is the deterministic trend,  is the stationary error and  is a random walk: 

 
6) = +  

 
Where  are independent and identically distributed (iid) (0, ). The stationary hypothesis 

is that  =0. The one sided LM statistic is derived and compared to a special set of critical 
values (Kwiatkowski et al. 1992). 

Granger Causality Test 
In comparing two time series it is useful to estimate whether one time series is likely to have 

influence on another. It therefore allows us to determine to some extent whether our variables 
are endogenous of exogenous within our model. An endogenous variable is one that can be 
determined by other variables in the model, whereas an exogenous variable values are deter-
mined outside the model. The phrase’ causality’ is problematic so the phrase ‘granger causes’ 
is often used as a shorthand to denote the results of this test as to not imply that one variable 
definitively causes another (Gujarati 2004). 

As the future cannot predict the past if variable X is shown to granger cause variable Y then 
changes in X should predate changes in Y. The Granger Causality test is simply the standard 
F-test.  

We first run the regression of our current Y variable on all lagged Y terms but do not include 
any X terms in this regression. From this we obtain the restricted sum of squares, RSSR.  We 
then rerun the regression now including lagged terms of X from which we obtain the unre-
stricted residual sum of squares, RSSUR. The null hypothesis is that the lagged terms of X do 
not belong in the regression. We test this by calculating the F-statistic as follows: 
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7) =  (  )/ /( )  

 
This can be compared to critical values from the F distribution where m is equal to the num-

ber of lagged X terms and k is the number of parameters in the unrestricted regression (Guja-
rati 2004). 
 

4.3.2 Exploratory Spatial Data Analysis 

Exploratory Data Analysis is a broad term often used in statistics and associated disciplines 
for a collection of methods. These could be used to produce descriptive statistics pertaining to 
a relevant dataset as well as methods for detecting patterns in datasets or outliers or erroneous 
data points (Good 1983). These methods can be purely visual, such as plotting charts and maps 
or quantitative descriptions of elements of the data set (Haining 2003). Before carrying out 
any advanced analysis it is recommended that we first carry out some exploratory data analysis 
(Fotheringham et al. 2003) as mentioned in the spatial analysis process approach above. 

Exploratory Spatial Data Analysis is made up of methods for exploring spatial data. With 
spatial data the spatial relationships amongst the dataset are now fundamental to the explora-
tion of the dataset (Haining 2003). 

Simplest Plotting Visualisations 
The simplest outcomes for any spatial or non-spatial analyses are non-model-based indica-

tors. A common starting point with spatial data for multiple time periods, is to simply map the 
overall changes in a variable of interest for the study period. This can reveal which areas the 
change, be it positive or negative, has been the largest and conversely which areas have re-
mained relatively stable. 

For non-spatial data similar indicators can be produced by simply plotting the data in an 
appropriate chart or alternative visualisation or even aggregating the data into a table.  

The straightforward change in magnitude of a variable of interest, whilst informative, can be 
misleading as it can obscure the finer detail of a pattern and it often does not provide that much 
insight into the manner in which the level of a provision has changed. A better method is to 
normalise the data by some method.  When we are looking at data that is organised by area we 
often need to take the raw empirical data, be it counts or a continuous variable, and adjust it 
by a population value for that zone. The most common method is to produce a ratio by dividing 
the value in question by the population value. This allows the areas in the study region to be 
analysed on a similar footing. This process is known as normalisation (Smith et al. 2006). 

The geographical level that is chosen to calculate the statistics can play an important role in 
the results that are obtained. The use of too coarse a geography can result in map that is easy 
to interpret but that obscures many of the patterns that we wish to identify. Conversely using 
very small-scale geographical levels can result in a map that is not easy to interpret without 
resorting to further, more complex, geographical analysis.   In addition when using pre-defined 
areas we can run into other spatial issues. The shape and the limits of an area in the way they 
were defined can impact the resulting values calculated for those areas, a problem referred to 
in spatial literature as the Modifiable Areal Unit Problem (MAUP) (Openshaw 1977, 1984). 
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Moran’s I 
 In 4.1.1 above we described the concept of spatial dependency, also known as spatial auto-

correlation. The understanding of whether events displaying similar values are randomly dis-
tributed or clustered in the same locations can then go on to influence our later research. There 
are a number of methods that have been adopted to test for spatial autocorrelation. Some of 
these methods focus on providing a global method of testing for autocorrelation and others 
allow the local determination of spatial autocorrelation to occur. The most widely used of these 
methods at the global level are the Getis Ord G statistic, Geary’s C and Moran’s I. 

 The Getis Ord G Statistic is generally seen as a method to identify hot and cold spots of values 
in a spatial distribution, i.e. concentration where very high values are located together and ar-
eas where very low values are located together (Haining 2003). Geary’s C is computationally 
very similar to Moran’s I but is more sensitive to local spatial autocorrelation (Haining 2003). 
We will concentrate on Moran’s I for two reasons. Firstly, it is a widely used statistic that is 
used a lot when investigating whether the residuals produced by a regression model exhibit 
spatial dependence (Wilhelmsson 2002, Dube & Legros 2013), and secondly the global statis-
tical can be broken down into investigating spatial autocorrelation at a local level (Anselin 
1993,1995). 

The formula for calculating the Global Moran’s I figure is as follows: 
 

8) =  ∑ ∑ ∑ ∑ (  )(  )∑ (  )  

 
Where yi is the ith observation,  is the mean of the variable of interest and wij is the spatial 

weight, also termed adjacency (Cheng et al. 2014), between i and j. 
Z-scores to test statistical significance can then be calculated as follows 

 
9) =  [ ][ ]  

 
Where 

10) [ ] =   
 

And the variance is calculated as follows: 
 

11)  [ ] = [ ] − [ ]  
 

Where 
12) [ ] =   

13) = [( − 3 + 3) − + 3 ] 
14) = [( − ) − 2 + 6 ] 
15) = ( − 1)( − 2)( − 3)  
16) =  ∑ ( )(∑ ( ) )  

17) = (0.5)∑ ∑ ( + )  
18) =  ∑ (∑ + ∑ )  

 
(McCoy & Johnston 2001) 
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 The outcomes of the test can been seen to be altered by the choices that are made in con-
ducting the test, most importantly by the spatial weighting method chosen (Bivand et al. 
2008). The most common weighting function is inverse distance weighting (Connolly and Lake 
2006). 

The global statistic can then be tested for divergence from expected values, under assump-
tions of normality and randomisation (Bivand et al. 2008). Anselin (1995) then showed how 
the global Moran’s I statistic could be broken down into its constituents parts to highlight local 
levels of spatial autocorrelation. These local measures sum up to the global levels of spatial 
autocorrelation and the formula for the calculation of a local Moran’s I score at location i is as 
follows: 
 

19) =  (  )∑ (  )∑ (  )  

 
Where the notation is as described for the global statistic (Bivand et al. 2008). 

K-means clustering 
If clustering is identified in a dataset, say spatial data by using Moran’s I, then we may wish 

to take our analysis a stage further and assign membership of each point in the dataset to the 
relevant cluster of a set. There are a number of different techniques that are used to assign 
cluster membership to a dataset. Hierarchical techniques start with individual points and then 
group them into fewer and fewer higher-order clusters. Intensity, or density, methods identify 
dense concentrations of points and, finally, partitioning methods take the whole distribution 
of points, then break that distribution into a number of smaller units (Connolly & Lake 2006). 
We will focus on an extremely well known method of partitioning a dataset into clusters known 
as k-means. As well as being a widely used technique for clustering datasets k-means has the 
advantage of being suitable for both spatial (O’Kelly 1994)  and time series (Lily et al. 2012, Fu 
et al, 2004) datasets. 

K-means clustering is conducted by first selection of a predefined k number of random points 
to act as ‘seeds’ (Connolly & Lake 2006). Each point is then added to the cluster it is nearest by 
Euclidean distance. The method is then to calculate the squared distance between each obser-
vation and the mean of each cluster. Once the squared distance is calculated, if it is found that 
the observations sits closer to the mean of another cluster than the one it currently resides in, 
then that observation is reassigned to the other cluster and the clusters are recalculated. This 
process is repeated until none of the observations needs to be reassigned (Lily et al. 2012). 

Once all the objects have been allocated each cluster’s sum of the squared distances can be 
calculated to provide an assessment of the clustering solution. A couple of drawbacks to the 
method are; firstly, the user has to define the value of k and secondly, as the placement of the 
initial seeds are random different optimal solutions can be found through the process and un-
less the position of the seeds is noted, the exact process may not be replicable (Connolly & Lake 
2006) 

Internal cluster validation can be used to help determine the optimal number of clusters to 
be used for k-means clustering. A common method used for interpreting and validating the 
consistency within clusters is the silhouette index. Each cluster calculated by k-means is rep-
resented by a silhouette based upon the tightness of the cluster and the separation between 
clusters. The silhouette shows which objects fit well within the cluster to which they are as-
signed, and which objects fall somewhere in between clusters. The silhouette value ranges from 
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-1 to 1 where a high value indicates the object lies well within its cluster. By combining the 
silhouettes into a single index value the relative validity and quality of the clusters can be es-
tablished. The mean silhouette value over all the data for the entire dataset is therefore a meas-
ure of how well the data has been clustered (Rousseeuw 1987). By identifying the number of 
clusters that returns the highest mean silhouette value we can determine the correct amount 
of clusters to use with k-means. 

GW Mean 
Descriptive statistics such as the mean, median, standard deviation, maximum, minimum 

and count are a core component of exploratory data analysis (Brooks & Ts0lacos 2010). How-
ever, these figures are usually calculated in the manner that produces one result for the whole 
area. For example, the average house price in London is X. However if we look closer we can 
see that there is a huge variation in prices in London with very few parts of London containing 
houses that are the same value as the overall average figure produced. Dividing the study area 
into smaller regions and calculating the descriptive statistics for each area can be one solution, 
however we quickly run into MAUP issues as mentioned previously. 

Instead a suite of Geographically Weighted Local Statistics have been developed to overcome 
some of these limitations (Fotheringham et al. 2003, Brunsden et al. 2002). One of these geo-
graphically weighted local statistics is the geographically weighted mean. With geographical 
weighting the computation of a statistic is no longer calculated for the whole study area but 
instead localised to a point (ui, vi) by weighting each event by its proximity to this location 
(Fotheringham et al. 2002). This weighting is done through the use of a kernel placed over the 
location and surrounding area such that events close to the centre location have a greater 
weight in the statistic than events located further away.  

This formula for calculating the geographically weighted mean is: 
 

20) ̅ =  ∑   
 

where ̅  is the local weighted mean at point i, n=the number of events used to calculate the 
statistic and  is the observed variable of interest that we wish to describe. The element   is 
the weight assigned between point i and the event at location j for the calculation of the geo-
graphically weighted proportion at location i (Brunsden et al. 2002).These weights are rescaled 
so that they sum to one for each i and the weights are calculated using Gaussian weighting 
function: 
 

21) = −0.5  

 

where  is the distance between points i and j and b is the bandwith. The bandwidth can be 
fixed in which case the value of n may vary between measurement points. If the events of in-
terest are not spatially evenly distributed, the we use an adaptive bandwidth that always takes 
a fixed n number of points for the calculation (Fotheringham et al. 2003) 
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4.3.3 Distance statistics 

Buffer analysis 
A common distance based method of determining aspects such as count of events within a 

set distance of a location or the amount of potential interaction/overlap between two events is 
to construct a buffer of a specified distance around each event.  The main advantage of using 
such a method is that it is easy to construct, simple to understand and generally computation-
ally quick. The buffers can be constructed as a zone around a point or as a zone along a line, 
such as a street or municipal boundary. The zone is generally  constructed using either a Eu-
clidean distance from a feature (Day, Pearce and Pearson, 2013) or distance via a road network 
(Donkin et al., 1999). 

The appropriate distance for the buffer zone depends upon a variety of issues. A number of 
previous studies have focused upon distances reliant on estimations of walking distances that 
individuals may be willing to travel to fulfil certain requirements. Whereas other studies fo-
cused upon distances individuals may travel by car or other transport options. A few studies 
have also examined the use of different accessibility requirements for urban and rural needs 
(Hashemi Beni et al., 2012). 

Kernel Density Estimation 
Kernel Density Estimation methods work on the assumption that a pattern of interest has a 

density at any location within the study area, not just at the locations where an event can be 
found (O’Sullivan & Unwin 2003). This density is produced by calculating the number of points 
within a region that is centred on the location for which the estimate is to be made. In the 
simplest form a search area of fixed radius is created around an event and the number of other 
event points located within the search area are summed and then divided by the total search 
area to obtain the density value for each cell within the area. 

In kernel density estimation a smoothed conical surface, termed the kernel, is produced cen-
tred on the point location, xi, of each feature in turn. The radius, or bandwidth, of the cone 
represents the proposed service area of the feature. In this respect it is similar to the buffer 
method above. The use of this kernel function allows us to spatially weight events. These cones 
are then smoothed over space to create density values that are highest at the point location in 
the centre of the cone and which then decline as you move away from the centre (Moore et al. 
2008b). Where features are located at a distance less than the bandwidth distance apart their 
resulting kernels will overlap and the resulting output raster cell value will be the cumulative 
sum of these kernel values for the centre, x, of that cell location. 

A smoothed conical surface, termed the kernel, is produced centred on the point location, xi, 
of each event in turn. The radius, or bandwidth, of the cone represents the proposed service 
area of the store. In this respect it is similar to the buffer method above. The use of this kernel 
function allows us to spatially weight events. These cones are then smoothed over space to 
create density values that are highest at the point location in the centre of the cone and which 
then decline as you move away from the centre (Moore et al. 2008b). Where stores are located 
at a distance less than the bandwidth distance apart their resulting kernels will overlap and the 
resulting output raster cell value will be the cumulative sum of these kernel values for the cen-
tre, x, of that cell location. The common function for creating the smoothed conical surface as 
utilised in the ESRI ARCGIS platforms uses a quadratic distance weighted function  as de-
scribed in Silverman (1986).  
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22) ( ) = ∑   

 
Where h is the bandwidth representing the stores service area, n is the number of data points 

and K is the quadratic kernel function that satisfies the condition 
 

23) ∫ ( ) = 1 
 

The choice of bandwidth is important in this analysis as it will affect the resulting estimated 
density surface. If the bandwidth is too large then the resulting estimated densities will be sim-
ilar for every location. Alternatively if the band-width is small the resulting estimates will result 
in a spatial pattern that will be strongly focused on each individual feature. The estimated den-
sity is generally insensitive to which kernel function is utilised, but it can be strongly affected 
by the size of the bandwidth selected (Donthu & Rust 1989). 

4.3.4 Spatial Distribution Methodologies 

There are numerous methods of point pattern analysis for determining the pattern of distri-
bution of events across a study area. We will outline here two methods that are very well suited 
for determining how well events are spread over the whole study area by dividing the study 
area into units of containment and then analysing the number of events found within each 
container. 

Quadrant Counts 
The study area can be divided into a network of equally sized grid cells and then the count of 

events within a specified time period can be calculated for each cell in the grid network. Once 
this has been accomplished simple statistics such as mean and variance of the counts within 
each grid cell can be calculated.  

If the distribution of the points across the set of grid cells is random it can be modelled using 
a Poisson distribution. This method can be used under the assumptions that the points are 
independent and numerous and the probability of any each event occurring at any location is 
small and uniform. The formula for the Poisson distribution is as follows: 

 
24) ( ) =  !  exp (− ) 

 
Where x = count of events and m = mean number of event counts within grid cells (smith et 

al. 2006). From this distribution a set of expected values and our observed set of n frequency 
values can be compared to this set of n expected frequency values using a chi-squared test. If 
the resulting chi-squared statistic is less than the required chi-squared value designated for the 
degrees of freedom in the model and the desired statistical significance then we cannot reject 
the null hypothesis of a random distribution. 

By taking the sample variance of the observed distribution and dividing it by the sample we 
can a rough measure of dispersion versus clustering in the distribution. If this ratio is less than 
1 it suggests to little variation amongst counts suggesting dispersion and if the value is above 1 
it suggests to much dispersion amongst cell counts indicating clustering. (Smith 2016) 

The choice of quadrant size and shape can have a large impact on the results. If the size of 
the quadrants is too small then many of the quadrants may end up having no counts within 
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them. If too large then you may obscure some of the local spatial variation you desire to iden-
tify. Alternatively, the quadrants do not need to be of uniform shape and size. 

Entropy 
An alternative method that can be used in a similar manner, is to calculate the entropy of a 

system. This is similar to quadrant counts in that the method relies on counts of events in pre-
defined spatial containers, which are then compared to the expected frequency. 

Shannon’s formula, as stated in Batty (1974), for deriving the amount of entropy in any set 
of probabilities can be written as 
 

25) =  ∑ =  −  ∑ ln ( )  

 
where E is entropy, pi represents the probability of event i occurring and the summation is 

over the range i = 1,2…..N (Batty, 1974). The formula that is used by geographers relies on 
frequency, i.e. pi = fi = ni/N which results in the formula 
 

26) =  −  ∑ ln ( )  
 

Where k = number of areas in the study, fi is the frequency of events in area i, ni is the number 
of events in area i and N is the total number of events (Cliquet, 2000b). We can turn this meas-
ure into a measure of Relative Entropy (RE).  
 

27) =   ( ) 
 

This results in a figure that lies between 0 and 1 where a figure close to 0 results from a 
pattern where the geographical concentration and heterogeneity are high. Conversely a figure 
close to 1 indicates the geographical concentration and homogeneity are low. This figure has 
an added benefit in that it allows us to compare results from different study areas or periods. 

For example, if there was one event located in every region of the study area this would indi-
cate a dispersed spatial coverage and the resulting RE value would be 1. If all the events were 
located in just one region, then the RE value would be close to 0. If all regions had one event 
located in them but then another event occurred in just one of the regions, then the RE value 
would decrease slightly  containing the new event. 

ANOVA  
In the above methods we have examined the distribution of points by analysing the numbers 

of events that fall within a collection of containers that partition the study area and analysing 
whether they differ from an expected value. As well as examining whether the count of events 
that fall within spatial containers vary we may also wish to explore whether the values for a 
variable attributable to those events varies in its magnitude between these containers. 

We have discussed above descriptive statistics and particularly how we can analyse whether 
the mean value for a variable could vary across an area of study. Another aspect we may wish 
to explore is that, if we have defined containers as representing some underlying aspect, do the 
values attributable to the underlying dataset vary significantly between the containers? This is 
where Analysis of Variance (ANOVA) testing comes in. 
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ANOVA is used to test whether the mean of at least one population out of two or more is 
statistically different from the others against the null hypothesis that all the means are equal. 
In essence the procedure is a special case of an Ordinary Lease Squares (OLS) regression where 
the dependent variable is continuous but all the explanatory variables as categorical (Field 
2009).  The F-Ratio test is then used to determine of the null hypothesis is rejected or not. This 
ratio is essentially the ratio between how good the model is versus how bad the model is.   
 

28) −  =    
 

Where MSm is model mean squares and MSr are the residual mean squares. If the observed 
F-Ratio value is above the critical value for the required significance and degrees of freedom in 
the model then we can say that there is significant difference between at least one mean versus 
the others (Field 2009). 

4.3.5 Spatial Interaction methods 

Whilst we have previously described methods of analysing how the distribution of the loca-
tion of events has changed, within our field of study another approach is to evaluate the poten-
tial accessibility to features from any location within the study area. We could then assess how 
this has changed through time. 

As stated above the concept of these potential accessibility indicators is closely associated 
with spatial models. As outlined in Chapter 3, spatial interaction is a core theory within retail 
analysis and the rest of this description will use retail as the context in which to describe the 
model. 

Potential Accessibility Measure 
The general formulation of the potential accessibility measure is shown below (Hansen 

1959): 
 

29) =  ∑  
 

Where Ai is a measure of accessibility at location i to all stores j, dij is the distance between 
location i and store j, f is the distance-decay function, and Wj is the level of attraction at location 
j. The distance-decay function f can be thought of as a consumer’s unwillingness to travel and 
can refer to travel behaviour or the ‘frictional effect of space’ (Salze et al., 2011). In this instance 
the level of attraction is represented by elements such as the size of the  store at location j. 
Hence this indicator measures the accessibility of shopping opportunities at location i in such 
a way that more distant opportunities have diminishing influence (Geurs and van Eck, 2003).  

As can be seen from the equation above the choice of distance decay function will have a 
pivotal role in the accessibility measure results. Therefore form of the distance decay function, 
and the parameters for that function, should be selected and calculated using recent empirical 
data (Geurs and van Eck, 2003).   

Taylor (1975a) proposed a comprehensive series of methods to determine a linear relation 
between the distance between two locations and the volume of interactions between the same 
locations, i.e. spatial interactions. He states that the first step in the analysis is about under-
standing the role that distance plays in the processes that produces the decay effect before 
commenting on how it is viewed in different disciplines. For example, distance to economists 
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relates to transport costs whereas for sociologists distance is employed as a surrogate for de-
termining friendship patterns and other social relations. Data on the spatial interactions be-
tween two places can either available as individual movements or as aggregated flows between 
areas. As there are an near infinite number of functions that can be specified as a distance 
decay function, Taylor limits his study to a set of functions that are related to the Goux classi-
fication of distance decay functions (Taylor, 1975b). The distance-decay exponent can be di-
rectly interpreted as the measure of the rate of decline in interaction with increasing distance. 
Since most spatial interaction data takes the form of a concave curve, i.e. non-linear, when 
plotted on a graph, Taylor’s approach is to transform the data on spatial interaction so that a 
linear regression line can be fitted to the data. The Goux classification of distance decay func-
tions take the form of a family of exponential curves: 

 
30) = ( ) 

 
where Pi is the probability of interaction, α and β are parameters to be determined, f(d) is a 

transformation of distance and e is the exponential constant. Taylor identifies five models that 
can be used to model the distance-decay effect of spatial interactions and these models are 
shown in table 2 below. 

Since Taylor alternate measures for estimating distance decay effects have been introduced 
in numerous studies. Improvements in methodology and computing have also allowed more 
complex functionality to be utilised. Salze et al. (2011) found that none of the transformations 
advocated by Taylor resulted in an acceptable linear pattern. Instead they identified a negative 
exponential model best suited their data. Due to the use of a probabilistic approach (i.e. prob-
ability reaches 0 at null distance) a constant term did not need to be included in the regression 
model. This model is common in studies that are more recent and is the most closely tied to 
travel behaviour theory (Handy & Niemeier 1997). In addition we decided to analyse the effec-
tiveness of using a log-logistic model. De Vries et al. (2009) write that several researchers, 
including themselves, have found when investigating interaction flows and the effects of dis-
tance decay that the sensitivity of individuals to travel cost, including time or distance, is 
stronger for intermediate distances than it is for long or short distances. To investigate whether 
this may be the case for either consumers in HMA when patronising large or small format gro-
cery stores we therefore decided to test the log-logistic model used by de Vriers et al in addition 
to the previously mentioned models. 

In Taylor’s work the volume of interactions between locations was used to analyse the effects 
of distance decay. This method does have a couple of drawbacks. The absolute frequencies need 
to be converted into relative measures related to the spatial context, otherwise false patterns 
of distance decay will be identified (Taylor, 1975a). If there is a uniform distribution of oppor-
tunities over space, then the number of opportunities at a given distance increases with in-
creasing distance from a location at a ratio of πr2 (Rengert, Piquero and Jones, 1999). In a 
counter argument to the findings of an article by van Koppen & Keijser (1997) Rengert et al. 
(1999) state that by assuming a constant number of offences at increasing distance from a 
criminal’s home they had actually modelled a distance decay effect. In essence if you are using 
a radius of fixed distance bands from a central location then the area of the ring between each 
distance band will increase. Therefore, if you are using a constant number for the opportuni-
ties, or say number of consumers, found within each ring then you are inadvertedly using a 
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distance decay function as in reality you would expect the number of opportunities to increase 
in relation to the area of each ring, given a uniform distribution of opportunities. 
 
Table 2 Distance decay function options

Model Linear form
Exponential model =  log( ) = −  
Normal model =  log( ) = −  
Square root exponential model =  . log( ) = −  .
Pareto model =   ( ) log( ) = −  ln ( )
Log-normal model =   ( ) log( ) = −  ln ( )
Negative exponential model = ( ∗ ) -
Log-logistic model =  1 + exp ( +  ) -

 
The second drawback to using the volume of interactions between locations is that distance 

bands need to be determined that will best fit the underlying data. Different distance bands 
can produce vastly different results. If the distance bands are too narrow then each band may 
contain very few, or even no, counts of interaction at all. Too large and all the interactions may 
fall in just one band. Therefore a probabilistic approach may be utilised instead where at any 
distance the probability of an interaction taking place beyond that distance is found by taking 
the number of occurrences below that distance and dividing by the total number of occurrences 
(Salze et al. 2011). 

Huff Model 
The potential accessibility method has its roots in spatial interaction theory. Indeed the form 

of this function is derived from the denominator of the common gravity model (Iacono, Krizek 
and El-Geneidy, 2010). Whilst there are numerous variations of Spatial Interaction models 
many of them are built upon the propositions first postulated by Huff in 1964 (Babin et al. 
1994). 

Huff postulated the following regularities derived from studies into trading areas of stores: 
o The proportion of consumers patronizing a given shopping area varies with 

distance from the shopping area. 
o The proportion of consumers patronizing various shopping areas varies with 

the breadth and depth of merchandise offered by each shopping area. 
o The distances that consumers travel to various shopping areas vary for differ-

ent types of product purchases. 
o The ‘pull’ of any given shopping area is influenced by the proximity of compet-

ing shopping areas. 
He therefore shifted the focus to the consumer rather than focusing on the store as Converse 

and Reilly had previously. His formulation was as follows: 
 

31) = ∑  
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Where Pij = the probability of a consumer at a given point of origin i travelling to a particular 
shopping centre j, Sj = the size of the shopping centre j (measured in terms of the square footage 
of a selling area devoted to the sale of a particular class of goods), Tij = the travel time involved 
in getting from a consumer’s travel base i to a given shopping centre j, λ = a parameter which 
is to be estimated empirically to reflect the effect of travel time on various kinds of shopping 
trips. As can be seen the denominator of the equation postulated by Huff is the same as the 
Hanson potential accessibility indicator. The model estimates the likelihood of a consumer 
(Pij) or the number of consumers (Eij) patronizing a particular shopping area by taking into 
consideration all potential shopping areas simultaneously (Huff 1964). 

4.3.6 Econometric and Spatial Econometric methods 

The established techniques that are used to investigate consumer behaviour in retailing draw 
upon the overlapping fields of Spatial Interaction and Discrete Choice that arise from utility 
maximising behaviour theory (Gonzalez-Benito 2005).  

In a discrete choice model an individual consumer’s preference for a particular store can be 
assumed to be described by an appropriate utility function, and that when they are faced with 
a set of feasible discrete alternatives the consumer will select the alternative that yields him/her 
the greatest utility (Ben-Akiva & Lerman 1985). In this respect the distance to the store can be 
visualised as a cost of movement – economic, temporal or psychic (Lakshmanan and Hansen 
1965) - with the assumption that the consumer seeks to minimise the additional costs that 
would arise through excess travel (Hubbard 1978). Consumers will use a version of a compen-
satory assessment framework where they will trade-off low scores in some attributes of an al-
ternative with high values in other attributes. 

These discrete choice models can be calibrated and tested using traditional econometric tech-
niques. Like the models used to run the autroregressive time series models these models fall 
under the very broad umbrella of regression modelling. However, the common form of regres-
sion modelling, ordinary least squares, as used for the time series analysis is not suitable for 
modelling topics such as choice modelling. This is because the error terms are expected to fit a 
distribution model different from a normal distribution.  

Rather than a continuous dependant variable what we are working with a discrete choice 
model is a binary response variable which takes the values of 0 is the choice is not made or 1 if 
it is. 

Therefore we need to select a regression model that can account for the criteria that as the 
explanatory variables (X) increase/decrease the probability (P) of the choice being made in-
creases/decreases without ever stepping outside the 0-1 range. In addition the relationship be-
tween the dependant probabilities and the explanatory variables is non-linear as shown in the 
figure below taken from Gujarati (2004) 

 



Methodology Overview

60 

 
Figure 4 Cumulative Density Function for binary choice model
 

Logistic Regression Model 
A logistic regression (LR) model is a form of generalised linear model where the dependant 

variable is described by a binomial distribution (Wu & Zhang 2013, Fotheringham et. al 2002). 
The binary dependant variable takes a value of 0 if a respondent made the choice and a value 
of 1 if they did not make the choice. The logistic regression model is  
 

32) ( ̅ ) = ̅ ̅  = + +  + +  

 
where ̅  denotes the probability of respondent i making the choice and xi1,…, xim are inde-

pendent variables that are theorised to influence where the decision is made and , … ,  are 
regression coefficients to be estimated by the model from the observed data. 

Pi/(1-Pi) is known as the Odds Ratio. This is the ratio of the probability that a decision would 
be made divided by the probability that the decision would not be taken. Therefore if Pi = 0.8 
then the odds of the decision being made are 4 to 1 in favour of the decision being made. 

Once the model has been calibrated we can determine the odds ratio’s for each of our statis-
tically significant explanatory variables. The resulting coefficients can be thought of as repre-
senting the mean value for that explanatory variable across the whole of the study area. Whilst 
this is very useful if the data actually has any spatially non-stationary relationships these will 
be masked in the aggregated, global, results. 

Logistic geographically weighted generalised linear model 
In the section on time series analysis we touched upon the concept of stationarity of a varia-

ble. In a time series analysis this means a variable should exhibit a constant mean, a constant 
variance and a constant autocovariance structure (Cowpertwait & Metcalfe 2009). To put it 
more simply whatever time period is being analysed the relationships should be constant. This 
concept can be found in spatial analysis as well. We may have good reason to believe that the 
relationship say between two spatial variables is dependent on the location at which that meas-
urement is taken. If this spatial non-stationarity is present then it follows that a single global 
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statistic to describe this relationship may not represent the relationship truthfully (Brunsdon 
et al. 1996). 

One of the main reasons for spatially non-stationary relationships to arise is that some rela-
tionships are intrinsically different across space. This is especially true with social processes 
regarding people’s attitudes or preferences (Fotheringham et al. 2002). 

Geographically weighted regression extends this framework to allow local, rather than global, 
parameters to be estimated (Fotheringham et al. 2002). Geographically weighted regression is 
a method for detecting when parameter estimation varies across space. These models are com-
monly termed local models, as opposed to the global models that produce a single estimation 
of each parameter for the entire study area. This allows the estimated regression coefficients 
to vary across the study area and is described as 
 

33) ( ̅ ) = ̅ ̅ =  ( , ) + ∑ ( , )   

 
where (ui,vi) are the x and y coordinates of the location of respondent i and βm(ui,vi) is a 

realisation of the continuous function βm(u,v) at location i. This represents a continuous sur-
face of parameters for each variable and the locations represent measurements of this surface 
to denote its spatial variability. 

In GWR an observation is weighted in relation to its proximity to location i and therefore the 
weighting of each observation is no longer constant in the calibration of the model but varies 
with i. Hence in matrix form we can write: 
 

34) ( , ) = ( ( , ) ) ( , )  
 

Where letters in bold denote a matrix,  represents an estimate of β, and ( , ) is an n by 
n matrix whose diagonal elements represent the geographical weighting of each observation 
for the regression point I  and whose off-diagonal elements are all 0 (Fotheringham et al. 
2002). 

Therefore ( , ) for each regression point i takes the matrix form: 
 

35) ( , ) =  ⎣⎢⎢⎢
⎡ 0 ⋯ …0 2 … …⋮ ⋮ ⋱ ⋱⋮ ⋮ ⋱ ⋱

00⋮⋮0 0 … … ⎦⎥⎥⎥
⎤
 

 
Where win is the weight given to observation n in the calibration of the model for regression 

point i (Fotheringham et al. 2002). 
An important component therefore of a GWR regression is the choice and use of a spatial 

weighting function. This allows data located closer to each calibration point to contribute more 
to the regression at that point than data located further away. This is the same concept as used 
in the kernel density method described above in that there we are creating a kernel weighting 
function centred on the regression point i. 

If   is the spatial weighting function, where j represents a specific point in space at which 
data are observed and i represents the regression point, then if  = 0.5 data at point j would 
contribute only half the weight in the calibration procedure as data located at point i. There are 
a number of methods that can be used to specify a spatial weighting function in GWR. We could 
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use the same weighting system as shown above in kernel density estimation. However the two 
most common methods available in software for GWR are either a Gaussian weighting function 
or a Bi-squared weighting function (Nakaya 2016). Both methods specify    as a continuous 
function of the distance between the points. We have outlined the Gaussian weighting function 
above when discussing the calculation of the geographically weighted mean. The bi-square 
function is as follows: 
 

36) = 1 −  

 

If the events are distributed evenly across the study area then the use of a fixed bandwidth is 
appropriate where the bandwidth takes the form of a radius of set distance. Therefore the ge-
ographical extent is constant for each regression point i. If on the other hand there is significant 
variation in the distribution pattern of events then an adaptive bandwidth is required. With an 
adaptive bandwidth the local extent changes for each regression point i by controlling the k-th 
nearest neighbour distance. The size of the bandwidth can be specified or can be determined 
using a golden search algorithm (Fotheringham et al. 2002).  This method searches for the 
bandwidth that allows the model to be estimated with the minimum Aikaike Information Cri-
terion (AICc) value or similar selection criteria (Nakaya 2016).  

4.4 Statistical Significance

It is worth adding a note as to the concept of statistical significance as it is referred to a lot in 
exploring the results of this thesis. In the last few years a discussion has arose focused on the 
reliance placed upon the testing of hypotheses by statistical analysis. This led to the American 
Statistical Association (ASA) putting issuing a policy statement on statistical significance and 
p-values, even though they have not previously taken positions on specific matters of statistical 
practice. 

The need for such a policy statement arose over concerns in the scientific community over 
the reproducibility and replicability of scientific analysis based on statistically significant find-
ings. There are many causes of this lack of reproducibility such as multiple testing, P-hacking 
(picking only findings that demonstrate an acceptable p-value) and under-powered studies 
(Benjamin et al. 2018).  The rise of poor methods in scientific study has been argued as partly 
arising from incentives that encourage, reward and propagate poor research methods and 
abuse of statistical procedures (Smaldino & McElreath 2016). 

A p-value is  
‘the probability under a specified statistical model that a statistical summary of the data 

(e.g. the sample mean difference between two compared groups) would be equal to or more 
extreme than its observed value.’ (Wasserstein & Lazar 2016) 

P-values are generally used to accept or reject a null hypothesis of a model and so should be 
seen as a statement about the data in relation to a specified hypothetical explanation and not 
as an explanation about the statement itself. The p-value should not be used for selective re-
porting through conducting multiple analyses of data and only reporting those which p-values 
that pass a predetermined significance threshold (usually below 0.05). The p-value on its own 
only provides limited information regarding a model or hypothesis and should be augmented 
with additional information such as confidence intervals (Wasserstein & Lazar, 2016). 
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Whilst this discussion has become more prevalent in the few years prior to the time of writing 
these matters have been around for decades. However appropriately chosen techniques, 
properly conducted analyses and correct interpretation of statistical results play a crucial role 
in ensuring the conclusions from an analysis are still sound and that any uncertainty in the 
analysis is properly represented (Wasserstein & Lazar 2016). 
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5. Background and Data 

This chapter will provide a series of detailed background maps of the Helsinki Metropolitan 
Area to help with orientation when discussing the data, analysis and results later. The Helsinki 
Metropolitan Area (Pääkaupunkiseutu in Finnish) consists of four individual cities: Helsinki, 
Espoo, Vantaa and Kauniainen.  

In this section we will describe in detail the datasets used in this thesis as well as any data 
preparation that needed to be conducted before the data could be used. We will also give a very 
quick over view of the Finnish grocery market and the main players. This thesis aims to use 
data on Finnish grocery stores as a case study for investigating changes in the retail landscape. 
A brief overview of the Finnish market is helpful in understanding the data and results better 
but a full on explanation of why these changes occurred and how that relates to shifting dy-
namics and strategic, planning and managerial issues within the Finnish grocery industry is 
beyond the scope of this thesis. Parallel research amongst my colleagues in the KOKKKA and 
KAVERI projects has explored some of these issues. 

 

5.1 Background Information

5.1.1 Study Area 

Context 
The study area of HMA is located in the far south of Finland on the shores of the Gulf of 

Finland. As with many European countries Finland has undergone big changes in regional de-
velopment since the second world war. The general pattern of change from the 1950’s to the 
start of our study period in 1981 was of migration from rural areas to urban areas, with a large 
part of that migration to urban centres in the south of the country (Heikkilä & Järvinen 2002).  

By the year 2000, around the middle of our study period, The HMA area was receiving 21% 
of all internal migration. The municipality of Helsinki received the largest number of internal 
migrants from Espoo and Vantaa but had seen larger numbers move from Helsinki to Espoo 
and Vantaa in return. By 2000 a third of inhabitants commuted to work in municipality outside 
their own as employment became concentrated in urban centres whilst employees spread out 
into surrounding areas, a concept called suburbanisation (Heikkilä & Järvinen 2002). 

Helsinki received the greatest proportion of migration inwards from younger age groups, 
mainly 15 – 29 year olds, as well as educated and people in employment. These young well-
educated people were moving to built-up urban centres for education purposes or in search of 
employment. In turn many families were moving at the same time to the suburban areas of 
cities, or even back the countryside, in search of better surroundings to raise their children. 
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The elderly group though also showed a marked concentration into built-up areas in order to 
be closer to shops, social welfare and health services (Heikkilä 2003). 

These changes in the development of urban, suburban and semi-rural areas will over time 
alter the demographic make-up of areas, for example in terms of age, income and education, 
as well as bringing accompanying changes in aspects such as public transportation. The chang-
ing demographics will in turn alter the needs of the inhabitants towards amenities such as gro-
cery retailing and their demand for those services as well as changes in the way they access 
those services. 

 

Helsinki Metropolitan Area 
The map in Figure 5 shows the extent of the Helsinki Metropolitan Area (HMA) as well as the 

internal borders of the four cities. As you can see the City of Kauniainen is far smaller than the 
other three cities and is entirely contained within the City of Espoo. 

 

 
 

Figure 5 Map of Helsinki Metropolitan Area 
 
The same extent, but with some major areas labelled for reference later in the thesis, is shown 

in Figure 6. The key area is that labelled Eteläinen. This area will be also be referred to as Central 
Helsinki in this thesis and occupies the central peninsula area on the coast. This is the C.B.D 
area for Helsinki and contains many of the major buildings and tourist locations for the area. 
Th approximate density of people per km2 in 2008 where Espoo has the lowest followed by 
Vantaa and then Kauniainen then Helsinki.ese maps also illustrate the landscape of the HMA. 
Helsinki is characterised by a highly fragmented urban fabric (Jäppinen et al 2013). The Hel-
sinki Metropolitan Area is a coastal urbanisation broken up by large bays and islands. The ur-
ban area away from the peninsula on which Helsinki city centre is located consists of scattered 
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nuclei of denser conurbations separated by parks, water and woodland. The shading on the 
map shows the urban fabric and the fragmented nature of this can clearly be seen. 

 

 
 

Figure 6 Map showing key areas within HMA 
 
Basic information about the four cities can be seen in Table 3. Helsinki has the greatest pop-

ulation out of the four cities but from 1981 to 2008 we can see that the population of Espoo has 
dramatically increased by 71% compared to 19% for Helsinki, 15% for Kauniainen and 46% for 
Vantaa.  

 
Table 3 City characteristics within HMA 

 

 Population Size km2 Approx. 
Density 

pp/km2 2008 
  1981 2008 Land Water Total 

Espoo 141334 241565 312 216 528 774 

Helsinki 483051 576632 217 502 519 2657 

Kauniainen 7435 8545 6 0 0 1424 

Vantaa 134040 195397 238 2 240 821 

 
It is also clear how much smaller Kauniainen is compared to the other cities. Helsinki and 

Vantaa have similar land areas with Espoo being quite a lot bigger. This is reflected in the ap-
proximate density of people per km2 in 2008 where Espoo has the lowest followed by Vantaa 
and then Kauniainen then Helsinki. 
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Figure 7 Population growth and change in HMA (www.aluesarjat.fi) 

 
If we examine population change in more detail, see Figure 7, we can see that the growth in 

the city of Helsinki occurred mainly in the 1990’s and at the turn of the millennium. Espoo had 
its largest growth in the 1980s and the late 1990s. The growth in Vantaa has been more stable 
across the period and the growth in Kauniainen is more random in timing but as the population 
of Kauniainen as a whole is less than 8000, small changes make a big difference percentage 
wise. 

 

 
Figure 8 Proportion of ages groups in HMA (www.aluesarjat.fi) 
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As you can see in Figure 8 the age makeup of HMA has undergone some significant shifts 

over the study period. The proportion of the population aged between 25 and 44 has fallen, 
especially since 1990, although they still remain the most populous group. On the other hand 
the proportion of people aged between 45 and 64 has risen sharply. Those aged under 16 have 
also fallen sharply. These patterns would indicate that the population of HMA is ageing and 
that the number of young people coming through is falling meaning this pattern is likely to 
continue. 

The graph in Figure 9 is taken from the document Auton omistus Helsingin seudulla (Car 
ownership in the Helsinki Region) (2016) produced by HSL (Helsingin seudun liikenne).  

 

 
Figure 9 Car Ownership levels in HMA (HSL 2016) 

 
The data shows that the level of car ownership in the 1980s grew at roughly the same rate in 

all 4 cities that make up the HMA (Kauniainen’s is slightly different but due to the very small 
number of inhabitants changes are always likely to look more dramatic. However since the 
recession Finland went through in the early 1990s the level of car ownership in Helsinki fell 
compared to the other constituent cities and has remained below their level all the way to the 
end of our study period in 2008 (HSL 2016). One reason for the pattern shown by Helsinki 
could be good public transport connections especially in the central Helsinki area where the 
CBD is found. In addition when the Metro opened in 1982 it purely served stations within the 
city of Helsinki.  

5.1.2 Finnish Grocery Market 

The graph below show shows the number of dedicated grocery stores in the whole of  Finland 
over the period 1981 to 2008. 

There has been an obvious decline in the overall numbers of grocery across the whole study 
period whilst at the same time the total value of grocery sales has risen steeply.  In the next 
chapter we will explore this in more detail and look at the changing numbers of stores by for-
mat type in Finland and in the HMA study area. 
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Figure 10 Number of grocery stores in Finland and volume of sales (Nielsen 2005,2006,2007,2008,2009) 

 

Table 4 shows the results of an annual survey conducted by Nielsen into the reasons behind 
store choice. As can clearly be seen for all the years 2003 to 2008 proximity is the main reason 
chosen. In fact as the decade progresses the number of households  selecting proximity as one 
of their main reasons for store choice has increased. Preferred customer benefits (such as loy-
alty cards), price/quality ratio and product range are other very important aspects of store 
choice that have also increased their popularity as a reason for store choice as the decade has 
progressed. Product freshness and service-minded staff are two reasons for store choice whose 
importance has appeared to wane over the period. 

 
Table 4 Main reasons for selecting the most frequently used consumer goods shop (Nielsen 2005 - 2009) 

 

% of Households chose 2008 2007 2006 2005 2004 2003 

 57 56 58 56 54 52 

Preferred customer benefits 40 40 38 36 35 34 

Price-quality ratio 39 35 37 36 34 34 

Product range 41 41 40 34 37 34 

Ease/speed of purchases 29 29 32 32 30 30 

Price level 33 30 29 27 26 23 

Product freshness 15 16 15 18 18 18 

Opening hours 13 12 11 14 14 14 

Service-minded staff 9 10 10 12 14 12 

Parking facilities 11 9 10 11 11 12 

Service counters 7 7 8 8 8 7 
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Grocery trade groups and chains 
The grocery retailing industry in Finland is a highly concentrated, homogenous, and closed 

market (Aalto-Setälä, 2002; Uusitalo & Rökman, 2007) and particularly within the Helsinki 
Metropolitan Area. Table 5 outlines the number of grocery stores belonging to the main retail 
groups in Finland and their accompanying market share in 2009.  

The Finnish market is dominated by two major retail groups, Kesko and SOK, who together 
take up nearly 80 % of the market share. The other major retail group is Suomen Lähikauppa, 
who focus mainly on small neighbourhood convenience stores and run only a limited number 
of larger supermarkets. One retailer of note classified in the ‘Other’ group is Lidl, who are the 
only major foreign grocery retailer to have entered the Finnish grocery market. 

 
Table 5 Volume and market share of grocery stores by major chains in Finland 2009 (Nielsen 2009) 

    

Chains Formats 
Store 

numbers 

Market 
Share of 
Sales % 

Kesko 

K-Citymarket (hypermarket) 64 10 

K-Supermarket (large supermarket) 163 11 

K-market (large and small supermarket) 466 10 

K-extra (small supermarket) 209 2 

Other 137 1 
Total 1039 34 

      

SOK 

Prisma (hypermarket) 51 13 

S-Market (large supermarket) 419 23 

Alepa + Sale (small supermarket) 321 6 

Other 129 1 
Total 920 42 

      

Suomen 
Lähikauppa 

Euromarket (hypermarket) 25 2 

Valintatalo (large supermarket) 185 4 

Siwa (small supermarket) 546 5 

Total 756 11 
      

Other  

Lidl (large supermarkets) 129 5 

M Chain 58 1 

Other 1002 7 
Total 1189 13 

 
Historically though the picture has been somewhat more complicated. Figure 11 is taken from 

an article published in Helsingin Sanomat in May 2012. This graph shows that whilst the mar-
ket share of Kesko (K-ryhmä) has remained high albeit slightly decreasing the market share of 
SOK (S-ryhmä) increased dramatically. At the same time a major player in T-ryhmä exited the 
market completely. In reality, these changes have come about through a complicated history 
of merger, acquisitions and new entries into the market. Appendix A provides an in-depth 
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timeline of the complex interactions and changes within the major grocery store chains in Fin-
land. This chart in Appendix A was put together by our colleague Simo Syrman as part of the 
KAVERI project we were working on.  

 

 
Figure 11 Market shares of grocery retailers in Finland 1985 - 2011 (Helsingin Sanomat) 

 
We expect that changes such as this will mean that the grocery landscape within the HMA 

area will not remain constant over time. It is most likely that the changes in the retail chains 
over time will result in marked differences in how the provision of different grocery store for-
mats evolves over time. Our aim is to see whether these differences can be detected through 
analysis of the presence of grocery stores and their placement within the landscape. 

The grocery stores investigated in the later section of this thesis, where we focus on demand, 
belonged almost exclusively to Kesko and SOK, with only three large supermarkets in the Hel-
sinki Metropolitan Area belonging to Suomen Lähikauppa. It is therefore important to provide 
a brief description of the contrasts between the ownership structures on Kesko and SOK as 
these can provide stores with opportunities to differentiate their offerings and so influence 
consumer decision-making. 

SOK is a cooperative, and as shown above, is the market leader in grocery retailing in Finland. 
The store managers are employees of the SOK group and so are responsible to a centralized 
chain management (Uusitalo & Rökman, 2007). The Finnish Office of Free Competition has 
permitted the stores to be allowed to set uniform prices. In contrast, all Kesko shops in Finland 
are run by an independent retail entrepreneur (Paavola et al., 2009) and these retailers are 
responsible for aspects such as setting the prices of goods sold in their stores. Aalto-Setälä 
(2002) raises some doubts about the degree of true independence of these retailers. Under the 
Promotion of Competition Act any price co-operation amongst the retailers would be illegal, 
however there appears to be some degree of uniformity with regards to price amongst the dif-
ferent retail stores. 
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The population of Finland is very uniform, with little of the population representing an ethnic 
group or lifestyle different from the majority. It has therefore been found that grocery retailers’ 
differentiation, segmentation and positioning strategies aim at appealing to the majority of the 
population at the expense of smaller sub-sections (Uusitalo 2001). Uusitalo’s study into con-
sumer perceptions of grocery retail formats and brands in Finland found that, when questioned 
on large stores, the informants perceived these to be very similar to each other. Indeed the 
interviews revealed that informants could scarcely distinguish between the two brands of large 
store, Kesko and SOK.  

Due to the highly concentrated, homogenous, and closed nature of the grocery market this 
provides us with an ideal study area to investigate the importance of store proximity and how 
the grocery landscape within the HMA has evolved over time. 

5.1.3 Brief overview of relevant Finnish grocery regulation and legislation 

As in many European countries concern arose over the negative impacts of out of town retail 
centres with large out of town grocery stores especially blamed for ‘killing off’ small retailers 
(Baron et al. 2001). Therefore the construction of small stores were often more acceptable to 
planning authorities due to their positive impact on town and neighbourhood centres (Jones 
1982). In Finland the motivation for new planning regulations at the turn of the millennium 
was the protection of small local stores and town centres.  

Retail planning guidance was added to the Land Use and Building Act in 1999 as the negative 
aspects of large format retailing was seen as so problematic that it needed to be addressed 
immediately (Yrjänä et al. 2018).  

As we touched upon in chapter 2 the use of regulation and legislation has been used as a 
method of affecting the popularity of different retail store formats with retailers. One of the 
key advantages of smaller grocery stores was legislation that allowed them to remain open 
longer than their larger counterparts. However in countries, such as the UK, later legislation 
eroded that advantage by allowing large format stores to adopt the same opening hours (Baron 
et a. 2001). 

During the study period of this thesis there were multiple changes in legislation that affected 
the opening hours of grocery stores3. At the beginning of the period more relaxed opening 
hours for small stores gave them a big advantage over large format stores. However as the study 
period progressed this legislation became increasingly relaxed lessening the advantage enjoyed 
by small format stores. 

Under the 1969 legislation retailing opening hours were 8am to 8pm on weekdays and from 
8am to 6pm on Saturday. This legislation was altered in 1989 but only for sparsely populated 
areas which would rule out the majority of HMA. The next major legislation change was in 
1994. Under this legislation  retail stores could open between 7am and 8pm on weekdays, 7 am 
to 7pm on Saturdays. However stores were also now permitted to be open between the hours 
of 10 am to 6pm on all Sundays in December and also six other Sundays in the year to be de-
termined by the Ministry of Trade and Industry. Another alteration took place in 1997 that 
extended these hours so that retail stores could now open between 7am and 9pm on weekdays, 
7am to 6pm on Saturdays but now stores could open between 12pm and 9pm on Sundays in 
June, July, August and December plus five other Sundays in the year to again be determined 

                                                           
3 Assistance in identifying relevant legislation changes was provided by Laura Yrjänä as part of the Kaveri pro-
ject 
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by the Ministry of Trade and Industry (Finnish Legislation Act 435/1969, 446/1994, 276/1997, 
1297/2000) 

With the new planning regulations that were introduced in 1999 to control the size and loca-
tion of large retail units came additional legislation in the following year to enable small retail 
stores to regain a level of competitive advantage. Under this legislation opening hours re-
mained from 7am to 9pm on weekdays and 7am to 6pm on Saturdays but now small grocery 
stores, designated as stores where the trading area is less than 400m2, could open every Sunday 
of every month between the hours of 12pm to 9pm. Other stores, including large grocery stores, 
could operate on the same opening hours on Sundays in May, June, July, August, November 
and December (Land Use and Building Act 132/1999, Finnish Legislation Act 1297/2000). 
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6. Investigating temporal Supply of Grocery 
Stores at Global Level

From a review of other studies into grocery retailing in Chapter 2 we have seen that for many 
developed European countries the pattern over the last few decades has been one of growth in 
numbers of large grocery stores contrasting with a contemporaneous decline in number of 
smaller grocery stores. Whilst the same overarching pattern has been identified in many coun-
tries, the timing has not always been concurrent. For instance, hypermarkets reached a state 
of decline in France in the mid 2000’s but openings of hypermarkets in Italy in the same period 
were still going through a phase of strong growth (Perrigot and Cliquet, 2006a). 

In this chapter we intend to start with a simple analysis of Nielsen data to see how numbers 
of grocery stores have changed over the study period and whether any overall pattern can be 
detected in the number of stores. We will use the detailed data to investigate whether the num-
bers within different format types have remained constant or whether different formats have 
undergone significantly different patterns of change. We will then repeat this exercise using 
aggregate measures of store size in m2 to see if the same patterns are found. To avoid confusion 
and repetition we will generally refer to the changes in the total amount of area (in m2) of stores 
with a grocery retailing offering found in the (Helsinki Metropolitan Area) HMA in each year 
simply as changes in size volume. 

Each of the Chapters 6,7,8,9 and 10 present a different study into analysing a facet of the 
HMA grocery market landscape. We will generally follow a similar structure for each chapter. 
There will be a brief introduction, followed by an initial data exploration. We will then highlight 
specific literature and studies that pertain to the study being conducted in that chapter. We 
will then run through the particular methodology/methodologies used in the study followed 
by the results of that analysis. We will then discuss the results in detail. 

Whilst changes in numbers and size volumes can reveal interesting patterns it can obscure 
patterns that are happening at smaller scales, either between formats or geographically. There-
fore, the next stage will be to use statistical approaches to analyse any apparent patterns that 
have been identified in the data. Over the whole study period there may be overwhelmingly 
strong trends that mask other patterns. For instance, the change in preference from one store 
type to another may largely be due to the changing nature of consumer or retailer preference 
for alternate formats, but can we also isolate whether significant opening/exiting in one format 
corresponds to significant opening/exiting of another competing format?  

In chapter 3 we looked at the spatial aspects of grocery retailing. Too often complex interac-
tions at local levels can be masked when looking at a global level. For example a study of a 
national house price index can mask huge variations in price change at a more local level where 
some areas have seen huge annual growth compared to others that have seen a decline in prop-
erty value. To this end we will finish this chapter with a simple analysis of whether changes in 
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store numbers/size volumes are consistent across the whole study area or whether there are 
isolated occurrences of major changes in the presence of grocery stores. 

The methods used in the current chapter are drawn from several of the method sections out-
lined in chapter 4. For the data exploration section we are simply plotting figures on charts to 
learn more about the data. We then use both deterministic trend and autoregressive regression 
models from time series analysis as well as suitable diagnostic tests for the models. Finally we 
will use spatial autocorrelation methods to investigate whether there have been spatial pat-
terns of change in the grocery landscape. 

 

6.1 Investigating change in supply of grocery retail stores in HMA

A good place to start when analysing the kind of data we have for the supply of grocery stores 
within the HMA over the study period is to explore whether there is any indication that the 
overall numbers of stores have changed over the study period. As well as being interesting on 
its own merit this type of analysis will also inform future methodologies when exploring the 
spatial changes in grocery store distributions. If the numbers of grocery stores have remained 
consistent then we can focus on how the distribution across the landscape evolves through 
time. If there are obvious temporal changes in the numbers and types of grocery stores, then 
the methodologies used will need to place the spatial changes within the context of the changes 
in the whole of grocery retailing through time. 

6.1.1  Store classifications 

In chapter 2 we discussed at length the different types of store classifications. As outlined in 
the Finnish Grocery Trade publication the Finnish term for groceries ‘päivittäistavara’ refers 
not only to food but other consumer goods purchased daily including food, beverages, tobacco 
products, cleaning products, household paper products and daily cosmetics (Finnish Grocery 
Trade 2007). In addition the term ‘grocery store’ in the same publication refers to a store, gen-
erally self-service, with a full grocery selection and where food accounts for around 80% of the 
grocery sales. 

In the legislation that accompanied Act 1297/2000 the definition of myyntipinta-ala, the 
sales area, officially ratified the definition already in general use that the sales area includes 
the area up to the walls of the store and includes the service areas and the spaces behind. It 
does not include the area behind the point of sales area or areas that the staff has access to such 
as locker rooms or storage.  (Finnish grocery trade, 2005, 2006, 2007, 2008) 

  In our thesis we have followed the store classifications laid out by Nielsen as that is our main 
source of data for this stage of the analysis. We will go into detail on the size breakdowns in the 
next section. One thing to note is that the sizes provided by Nielsen for the stores are for ko-
konaispinta-ala. This differs from the terminology above in that the total area comprises the 
sales surface area, offices, warehouses, staff facilities and other areas belonging to the business 
premises. This only really appears to make a difference with the definition of Hypermarkets. 
In the Finnish Grocery Trade papers, a Hypermarket is a store with a myyntipinta-ala above 
2500 m2 and this equates to a store with a kokonaispinta-ala above 4000 m2 in the Nielsen 
data. All other store size classigications are the same in the Finnish Grocery Trade publications 
as in the Nielsen data. 
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Therefore we have followed Nielsen in having identified 6 different store types in the data 
provided. They are in Finnish terminology 

Hypermarkets (over 4000 m2) 
Iso Supermarket (over 1000 m2) 
Pieni Supermarket (over 400 m2) 
Iso Valintamyymala (over 200 m2) 
Pieni Valintamyymala (under 200 m2) 
Pienoisvalintamyymala (Kiosk type stores) 

Whilst being a major factor in dividing the stores into these types, it is not all down to size 
and a store type can exist in rare circumstances outside these size classes. 

To describe the types in more detail we can use the descriptions taken straight from the Finn-
ish Grocery Trade publication (2008) 

Hypermarket - A hypermarket is a retail store selling a variety of goods in different 
categories and operating largely in a self-service format.. Food accounts for less than 
half of the total area, but the focus of the retail business is on groceries. A hypermar-
ket can be located in or near city centres, in shopping centres, or in other easily ac-
cessible areas. 
Supermarket (Iso and Pieni Supermarkets) - A supermarket is a primarily self-ser-
vice-oriented grocery store whose retail activity focuses on food. These markets have 
at least 400 m2 of sales area, with food items accounting for more than half of it. Ac-
cording to sector statistics, the supermarket stores are divided into large (those ex-
ceeding 1,000 m2 in size and small (those ranging from 400–1,000 m2 in size). These 
smaller supermarkets are often simply called markets. 
Self-service store (Iso and Pieni Valintamyymala) - Large self-service shops are gro-
cery stores ranging between 200-399 m2 in size while the small stores in this category 
are between 100–199 m2. Self-service stores in areas covered by a town plan are per-
mitted to be open on Sundays during times defined by law. The term “corner shop” 
or “neighbourhood store” often refers to self-service stores. 
Small store and kiosk (Pienoisvalintamyymala) - A small store or a kiosk has less than 
100 m2 of sales area. A food kiosk can conduct its sales transactions through a window 
or in a manner similar to a self-service store. According to the Kiosk Statute, these 
retailers can only carry a limited selection of items. Opening hours can be freely de-
termined, however, even in areas covered with a town plan. 

The Valintamyymala stores can be considered, from the description above as ‘neighbourhood 
stores’ and from their size class, to analogous to the convenience stores in the UK described by 
Baron (2001) and Kirby (1986) discussed in Chapter 2. 

6.1.2  Data Analysis 

Figure 12 below shows the change in number of the stores in HMA subdivided by type as 
found in the dataset supplied to us by Nielsen. This dataset is an annual overview of all stores 
in the HMA that provided grocery retailing to consumers. The production of these figures was 
only possible once we had assimilated the data into a comprehensive dataset covering the en-
tire study period, as outlined in Chapter 5. Figure 13 shows the data for all of Finland for a 
slightly shorter time-period as published in Nielsen’s Grocery Store Directory (2008). The 
Grey box on Figure 12 outlines the same time-period as illustrated on Figure 13. 
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Figure 12 Change in number of stores by format in HMA  
 

 
 

Figure 13 Change in number of stores by format in Finland (Nielsen 2008) 

 
Figure 12 and Figure 13 show strikingly similar features illustrating that for overall changes 

in store numbers, as well as changes in numbers split by different store formats, the changes 
found in the HMA area broadly mirror what has happened in Finland as a whole. There has 
been a steady decline in the overall number of stores from the year 1990 to the year 2001 then 
a very slight increase to 2004, after which the numbers slightly fall again. If you investigate 
beyond this aggregate number approach, you may see localised differences across the country 
with some locations suffering major decline and other major growth in grocery retailing offer-
ing. This information is lost though when looking at the aggregate national numbers but what 
we can see is that the aggregate numbers for Finland correspond largely to the trends found in 
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HMA even though stores in HMA only account for approximately 10% of the total grocery 
stores present in Finland over this period. 

 

 
 

Figure 14 Change in proportions of store formats by number 

 
In HMA the number of stores that are classified as providing a grocery retailing offering has 

fallen by nearly 50% from a high in 1981 of almost 800 to around 400 in 2008. This reduction 
in number of stores is not reflected equally amongst all store types. The biggest fall is in the 
number of pieni valintamyymala stores (stores of size under 200 m2) where less than 30% of 
the original number of stores of that format remain. There has also been a dramatic decrease 
in the number of the type pienoisvalintamyymala (kiosk type stores) where again under 30% 
of the number of stores remain in 2008 compared to 1981. Whilst the decrease is slightly less 
dramatic, for pieni supermarket’s (small supermarkets between 400 m2 and 1000 m2) there it 
is still a significant fall of just over 50%, especially when considering the smaller number of 
stores that were present in that category at the start compared to the others. This pattern is 
highlighted by Figure 14 that shows vividly the decline of certain format types by their share of 
overall number of grocery stores in HMA. 

On the other hand it is interesting to note that despite the dramatic fall in number of stores 
with a grocery retailing offering, several format sizes have grown in the number of stores open 
in 2008 compared to 1981. Hypermarkets (stores over 4000 m2) have grown by 400% albeit 
from a very small base in 1981. iso supermarkets (stores of size 1000 – 4000 m2) have grown 
by even more, nearly 500%. This is not surprising when you again consider the previous studies 
outlined in chapter 2 that discussed the growth in large format grocery stores, often at the 
expense of smaller formats, found in many other developed European nations over a similar 
time frame. Taking this into account one very interesting outcome in the changes in store num-
bers is that the number of stores falling into the iso valintamyymala format (stores of size 200 
to 400 m2) has remained fairly constant over the whole study period, with small periods of 
growth and decline evening out. In fact as the numbers of these stores has remained fairly 
constant its share of the total numbers of grocery stores has risen as shown in Figure 14. 
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These findings are completely reversed once we turn our attention to physical size of the 
stores as opposed to their numbers. Now rather than an overall heavy decline in numbers we 
have a significant increase in total size volume in m2 across the study period. Hence although 
the number of stores has fallen, the amount of space related to grocery retailing has risen con-
siderably. The reason for this can also clearly be seen once Figure 15 is considered. Although 
the total numbers of pieni valintamyymala and pienoisvalintamyymala have fallen consider-
ably the fraction of the total amount of size these formats represent has always been relatively 
small compared to the total amount of m2 related to grocery retailing in HMA.  

 

 
Figure 15 Change in total size of stores by type in HMA 

 

 
 

Figure 16 Change in percentage of total size shares of stores by type in HMA 
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In contrast although the increase in numbers of stores of formats iso supermarkets and hy-

permarkets may have been small relative to the decline in numbers of the smaller formats, the 
increase in their share of total size volume has grown dramatically, as shown in Figure 16.  

 

 
 

Figure 17 Volume of sales by store type € 000,000's (Current Prices) 

 
Figure 17 shows the volume of sales by store type in 000,000’s €. The graph follows that of 

store sizes quite well. As you can see although the numbers of hypermarkets and large super-
markets (iso supermakets) are quite small,l they take a major share of all grocery stores. As we 
have mentioned there is an issue when using this data for the smaller stores as the volumes are 
rounded to the nearest hundred thousand Euros. This means that for the small stores the 
amounts stated are generally homogenous across the stores.  

In this thesis we are going to follow the general process found in many other studies (Perrigot 
& Cliquet 2006a; Perrigot & Cliquet 2006b; Wrigley et al. 2009, Competition Commission 
2008, 2003, 2000) and divide stores into large and small formats based upon size criteria. 
This reduces some of the complexity in the analysis bought about by what can sometimes be a 
slightly arbitrary format classification system and also by sticking to size helps eliminate some 
of the small inconsistencies that arose when tracking stores formats in the large, complex raw 
dataset. It can also be argued that supermarkets and hypermarkets can be treated together as 
many supermarkets were transformed into hypermarkets (Perrigot and Cliquet, 2006a). 
Therefore we have classified large stores as stores over 1000 m2 which almost exclusively 
equates to the Hypermarket and Iso Supermarket formats as classified by Nielsen.  

For small stores we took stores between 80 m2 and 1000 m2. This equates mostly to the re-
maining formats with the exception of the pienoisvalintamyymala format as these can be con-
sidered more as kiosks than full grocery stores and typically have a very limited grocery offering 
consisting of only the bare essentials such as snacks, milk and bread. Kirby (1986) focused on 
stores over 95 m2 for these reasons with many other studies following his lead as described in 
Chapter 2. In our data (perhaps due in part to differences in stating what is covered by store 
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size) 80 m2 is a more natural break in store size.  As can be seen in Figure 16 above pienoisvalin-
tamyymala stores they to a very small fraction of grocery retailing when looking at overall 
floorspace and when looking at numbers under 80 m2 by the 2000’s we are only talking about 
26 stores. These stores are also very hard to locate, as they often have addresses that have 
ceased to exist. 

As can be seen from the graphs in Figure 18 and Figure 19 there has been a straightforward 
pattern to the change in store number of small and large format grocery stores located within 
the HMA.  This is expected given the results for all formats discussed above. In each graph the 
time-periods highlighted in red represent years the in which Finland was officially in recession 
as defined by the World Bank.  

 

 
 

Figure 18 Decline in stores over 80 m2 but less than 1000 m2 

 

 
 

Figure 19 Growth in stores over 1000 m2  
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There has been an overall decline in the number of small format stores that operate within 

HMA. We could envision this as showing a clear decrease in the supply of small format stores 
serving consumers’ grocery shopping needs. The pattern of decay in the amount of total grocery 
store size volume closely mirrors the overall drop in store numbers. In fact the main difference 
between these two lines can be found between 1980 and 1985 when the number of stores only 
rose slightly but the amount of size volume rose sharply. Whilst the number of stores fell 
sharply after 1988 the total amount of size volume held constant for a couple more years before 
that too started declining dramatically. It took until 1998 before the decline in small stores 
started to abate and the number began to hold steady. Whilst there were slight encouraging 
signs of regrowth in mid 2000s this appears to have been curtailed by the first tremors of the 
later financial crisis. Interestingly there is no obvious changes evident around the recession in 
the early 1990s 

 

  
Figure 20 Number of entrances and exits in stores under 1000 m2  

 
Figure 21 Number of entrances and exits in stores over 1000 m2  
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When studying overall change in format numbers between years it is important to realise that 
some aspects of retail change may be obscured by this focus on net figures. If 25% of stores 
closed in a particular year, but these closures were countered by an equal number of new stores 
of that format opening, then this could be a very interesting pattern, especially if the events 
occur in specific locations, although the overall figure for change would be zero. 

Figure 20 and Figure 21 show the number of openings and exits for both the large format 
stores and small format stores. The number of exits in small stores is especially interesting as 
the number exiting each year steadily grow to a peak during the recession. They then fall 
through the rest of the 90s and then remain steady apart from a sudden jump in 2006. There 
is also a discernible pattern in openings in which the numbers increase over several years but 
then suddenly fall again. With large stores it clearly shows that there have been very few store 
closings in those formats, but instead a fairly constant rate of new stores opening. There are 
many years where there are no exits of large stores at all whereas with small stores there are 
always stores exiting and entering every year. For most years there are over 10 times the num-
ber of small stores than large stores and so this is to be expected. 

6.2 Modelling change in the supply of grocery retail stores in HMA

One of the most important features of most time series is that observations close together in 
time tend to be closely correlated, a feature known as serial dependence. In our topic this would 
suggest that for example the number of stores that exist in one year is very similar to the num-
ber of stores that exist in the years either side of that specific year.  A main aim in time series 
methodology is to explain this correlation and the main features of the data using appropriate 
statistical models and descriptive statistics. In this section we will examine the evolution of 
store numbers within the HMA to see if there are a) any identifiable trends, b) if these trends 
exist, do they fit within the concept of a retail lifecycle and finally c) whether there are any 
indications of relationships between the numbers within different store formats. We will start 
by reviewing how this subject has been approached empirically in previous studies focused on 
store numbers in other European developed countries. 

6.2.1 Retail lifecycles and trend analysis 

The previous literature on assessing store number changes has primarily been focused upon 
country level analysis as described in Chapter 2. Much of this literature has dealt with western 
European countries and, although Finland is not the focus, the methods used are transferable 
to another location of study. Within the available literature on store numbers there are a series 
of articles authored by Cliquet (often in collaboration with Perrigot) on using statistical meth-
ods to examine the change in numbers of different retail formats in respect to theoretical in-
sights regarding retail format lifecycles. In a paper published in 2000 Cliquet investigated the 
impact of French government regulation changes concerning locational aspects on large store 
openings (Cliquet, 2000a). Within this study he used a statistical approach to investigate the 
difference in retail life cycle stages between hypermarkets and traditional variety stores, the 
latter being a staple of French retailing landscape for many decades. 

To model retail lifecycles Cliquet chose to run regression analyses where the explanatory var-
iables were quadratic and cubic variables of a time element. In this case the first year of the 
study period was given a value of one and each succeeding year increased this value by one. 
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Interpreting both the quadratic and cubic models Cliquet found the results mirrored the con-
cept of a retail lifecycle with an initial launching stage, followed by a developmental stage, then 
a maturity stage and finally a period of decline. Variety stores were found to be in the stage of 
decline and were forecasted to disappear somewhere between 2002 and 2016, depending on 
which model was taken. Hypermarkets were trickier to interpret due to the significance of the 
models. Cliquet found that the problem of a lifecycle curve is that it is difficult to know when 
the saturation point of a format is reached but that hypermarkets in France would need to 
move towards new concepts if they are to fend off various threats from external forces and 
change in consumer behaviour. The conclusion in part is that new formats entering the market 
do exert considerable interformat competition effects on existing formats. 

In a paper published five years later Cliquet, collaborating with Perrigot, returns to this topic 
and methodology. In this research they re-examine the life-cycles of hypermarkets and discuss 
these findings in light of issues affecting large format supercentres in the United States. This 
now includes a consideration of large supermarkets as well as hypermarkets with much of the 
new hypermarket entrants being an enlargement of existing stores, rather than completely new 
developments (Cliquet & Perrigot 2005). 

As with the earlier study, the results are unclear in relation to whether Hypermarkets in 
France have reached a maximum. Whilst the cubic model may predict a future hypermarket 
decline, it is too early to declare it. For large supermarkets however, Cliquet and Perrigot find 
a clearer picture. The results indicate a real decline in both the number of supermarkets and 
openings in the future. Their model predicts the end of supermarkets by 2015. 

The next study from 2006 focuses again on the lifecycle of the hypermarket in France but 
this case the focus is on managerial and strategic issues in light of the intrusion of German 
hard discounters into the landscape (Perrigot and Cliquet, 2006a). The results from the cubic 
regression on both overall numbers and the number of openings points towards the decline of 
hypermarkets as a retailing concept in France. The authors then examine the evolution of sales 
areas for hypermarkets in addition to store numbers, as using solely store numbers could be 
questionable if the size of these stores continues to increase. The results for store area are to 
all intents and purposes identical to store sizes in that they predict reaching an imminent sat-
uration point for hypermarkets. 

Repeating the analysis with both supermarkets and hypermarkets combined yields identical 
results in predicting that the large format grocery retail store is approaching a saturation point, 
which will be followed by a dramatic decline. They consider supermarkets should be analysed 
alongside hypermarkets as this allows the whole sector to be shown to be at risk of serious 
decline (Perrigot and Cliquet, 2006b).  

From the same year a study by the same authors, takes the above-mentioned research but 
applies the same techniques to hypermarket numbers in France, Spain and Italy. Again, in 
France the results show the hypermarket concept has reached a saturation point. In Spain, 
there is a slightly different outcome in that hypermarkets may reach saturation point in num-
bers in the next ten years, but analysis of store opening numbers predicts that they will con-
siderably decrease in the future.  

There is a considerable contrast found in this study between hypermarkets in the French and 
Italian markets. The results of the quadratic and cubic regressions run on numbers of hyper-
markets in Italy demonstrates that hypermarkets as a concept in Italy are still developing and 
so retailers still have the opportunity to cover the Italian territory with the hypermarket format 
(Perrigot and Cliquet, 2006a) 
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Methodology 
The methodology used in the following section is drawn from the series of articles mentioned 

above and applied to the HMA data we have processed from the Nielsen data. The aim is to 
provide an initial study into the history of the numbers of large and small stores in HMA and 
to gain a possible understanding of where on the lifecycle concept these formats are positioned 
at the end of our study period. Can we identify whether small format store numbers are likely 
to continue to decline or could they be at the beginning of a new stage of growth? How does 
their demonstrated behaviour fit into the stated theory of retail lifecycles? We will then repeat 
these questions looking at the history of the numbers of large format stores, namely large su-
permarkets and hypermarkets, present in HMA.  

As with the descriptive results stage above, we have followed Cliquet & Perrigot (2005) in 
treating hypermarkets and large supermarkets together as there are too few hypermarkets pre-
sent by themselves in HMA to form a meaningful analysis and many hypermarkets were de-
veloped from sites that were previously classified as supermarkets by size. In addition, in the 
data, the category descriptions for stores that were hypermarkets or large supermarkets has 
had some blurring in the early years of the study. We carried out the analysis using a simple 
regression (trend) analysis. Specifically, we calculated both quadratic and cubic models utiliz-
ing time and functions of time as the explanatory variables.  As with Perrigot & Cliquet (2006b) 
we will investigate both the numbers of retail stores in each year as well as the total volume of 
commercial space occupied in each year of our study period. Unlike Cliquet we will analyse the 
changes in small format grocery stores in addition to the large format grocery stores that were 
the focus of the previous studies. 

We have used two concepts of large stores in this initial stage. Firstly, with Lidl stores in-
cluded and then again with Lidl stores removed from the numbers of large format stores. Lidl 
belongs to a format type known as hard discounters that have been shown in many studies, for 
example Gonzalez-Benito (2001, 2005), to directly compete with traditional large supermarket 
and hypermarket formats. Lidl are a very recent addition to the Finnish grocery landscape and 
so we have few annual data points where Lidl stores are present. Unfortunately, there are too 
few of these data points available to allow any meaningful analysis of Lidl as a separate retail 
format. A good overview of how Lidl has competed with traditional large grocery retail formats 
in Finland can be found in Uusitalo (2007).  

We carried out the first stage of time series analysis in this thesis using a simple regression 
(trend) analysis. Specifically, we calculated both quadratic and cubic models utilizing time and 
functions of time as the explanatory variables. The methods used in this section are described 
in detail in chapter 4.   

  Identifying whether a retail lifecycle pattern is apparent in our store data is a desired out-
come of our analysis. We will therefore, attempt to model this cycle as a deterministic trend. 
We will also forecast ten years ahead to determine whereabouts on the retail lifecycle the store 
format currently resides. 

As part of the trend analysis investigation there is also the possibility to add in dummy vari-
ables to test the influence of major occurrences. We thought it would be of interest to repeat 
the analysis above including dummy variables representing the years in which three major reg-
ulation changes in store opening hours had occurred. These are described in the earlier section 
outlining the history of the Finnish grocery market and the corresponding years are 1994, 1997 
and 2000. To recap the legislation altered the retail opening hours to allow: 
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1994: Sunday opening (December & six Sundays in the year) 
1997: Sunday opening hours extended (Summer & weekday evenings to 9pm) 
2000: Allowed small-scale grocery stores to open on Sundays throughout the year. 
Larger grocery stores and other stores to open on Sundays (May to August and No-
vember to December) 

 
The 2000 dummy variable would not only test for the 2000 legislation changes but also for 

the impact of the retail planning guidance introduced into the Land Use and Building Act of 
1999 that restricted large format retail stores. As this Act affected planning guidance, its influ-
ence would not have been immediate but would start to affect actual store opening numbers 
after a period of time. 

These dummy variables took the form zero if the year was before the introduction of a piece 
of legislation and one afterwards. We therefore adapted equation 2 in chapter 4 to incorporate 
these dummy variables, as shown below: 

 
36) =  +  +  + + 94 + 97 + 04 +  

 

Results 
Table 6 below shows the results of the various regressions carried out on overall store num-

bers broken up by formats. The first three columns refer to regressing numbers of large format 
stores firstly using a quadratic time trend line, secondly using a cubic time trend line and lastly 
using a cubic trend line but with additional dummy variables to test for breaks after specific 
years when there were regulations introduced that directly influenced grocery retailing stores. 
We will first deal with the time trend regressions and return to discuss the dummy regression 
results at the end of this section. 
 
Table 6 Trend analysis on store numbers

Counts Large format stores Large format stores including Lidl Small format stores

Quadratic Cubic Dummy Quadratic Cubic Dummy Quadratic Cubic Dummy

Constant 20.279 *** 25.137 *** 24.757 *** 24.389 *** 22.669 *** 23.918 *** 706.781 *** 619.924 *** 599.424 ***

Time 1.525 *** -0.326 -0.194 0.333 0.987 * -0.349 -29.056 *** -4.019 12.176 *

Time2 0.028 *** 0.185 *** 0.178 ** 0,085 *** 0,030 0.096 0.473*** -2.329 *** -2.922 ***

Time3 -0.004 *** -0.004 ** 0.001 0 0,064 *** 0,073 ***

D1994 -0.374 -0.987 -28.986

D1997 -0.478 -2.554 34.405 **

D2000 2.474 -0.768 57,583 ***

R2 0.984 0,990 0,991 0,992 0,992 0,993 0,932 0,973 0,989

Adj R2 0,982 0.988 0,988 0,991 0,991 0,991 0.927 0,969 0,986

 
Regressing large format stores on a constant, linear trend and a quadratic time trend variable 

produces statistically significant coefficient estimates for all variables with a high R2 of 0.982. 
Re-running the regression with a cubic time trend added produces statically significant coeffi-
cients for the constant, quadratic and cubic variables at 5% significance level and a higher ad-
justed R2 of 0.991. Running an F-test on the results from the quadratic and cubic models to 
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test whether adding a term for cubic time trend is significant produces a F value of 14.103. 
Therefore we can conclude that the addition to the model of a cubic time trend variable does 
contribute significantly to the number of large format stores. One of the issues with using 
trends in a multiple regressions is the extremely high R2’s which can be misleading. In the next 
section we will discuss this issue and the causes in more depth. 

If we include the entry of Lidl stores as large format stores we find an interesting change. For 
the quadratic model the linear term is now not significant. With the cubic model none of the 
variables apart from the constant term are significant at 5% although the linear term is still 
significant at the 10% level. 

The results for numbers of small format stores show all the variables are significant at 1% in 
the quadratic model. In the cubic model all the variables except the linear variable are signifi-
cant at 1%, suggesting there is no linear trend element to the data. Again we used an F-test to 
check whether the addition of a cubic element to the model statistically increased the predic-
tion power of the model. The resulting F-test value of 35.529 shows that the cubic time trend 
variable does contribute significantly to the variance in numbers of small format stores. 
 
Table 7 Trend analysis on commercial area

Size Large format stores Large format stores including Lidl Small format stores

Quadratic Cubic Dummy Quadratic Cubic Dummy Quadratic Cubic Dummy

Constant 68143.7 *** 80054,3 *** 82500.2 *** 72747.5 *** 77508.1 *** 81842.6 *** 163598 *** 142753,6 *** 136854.8 ***

Time 3930.6 *** -604.9 -2324.8 2586.5 *** 773.6 -1854.5 -3419.9 *** 4517.5 ** 6899.2 ***

Time2 178 *** 562.2 *** 788.6 *** 243.2 *** 396.8 ** 710.5 *** 21.3 -651.1 *** -829 ***

Time3 -8.8 ** -14.6 *** -3.5 -11.1 ** 15.5 *** 18 ***

D1994 -9,040 -10,034 -7535.2

D1997 -10,512 -13032.2 * 9757.5 **

D2000 11503.6 * 8,119 16146.9 ***

R2 0.989 0.992 0.997 0,992 0.993 0.995 0.871 0.939 0.975

Adj R2 0.989 0.991 0.993 0.992 0.992 0.993 0.86 0.931 0.968

 
The results for numbers of small format stores show all the variables are significant at 1% in 

the quadratic model. In the cubic model all the variables except the linear variable are signifi-
cant at 1%, suggesting there is no linear trend element to the data. Again we used an F-test to 
check whether the addition of a cubic element to the model statistically increased the predic-
tion power of the model. The resulting F-test value of 35.529 shows that the cubic time trend 
variable does contribute significantly to the variance in numbers of small format stores. 

 Using the total commercial area of stores in the formats as opposed to numbers produces 
similar results when looking at large format stores excluding Lidl. When Lidl is included the 
results for size differ from those for counts in that the linear variable is now significant in the 
quadratic model and the quadratic variable is significant in the cubic model as opposed to the 
linear time variable in the store count model. Regarding the total size devoted to small format 
stores in the quadratic model there is now only a significant linear relationship present alt-
hough the cubic model is very similar to that for store counts. 

As regards the addition of dummies to represent the introduction of relevant regulations and 
legislation there doesn’t seem to be any significant relationships with any model regarding 
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large format stores numbers but the dummies for 1997 and 2000 both indicate a statistically 
significant break in the relationships regarding changes in small format counts. The dummy 
for regulation change in 1997 is significant in the cubic model for large store total size volumes 
when Lidl isn’t included and is also significant for total size volume of small stores. The co-
efficient for the large stores has a negative sign whereas the co-efficient for small stores is pos-
itive. 

Discussion 
Figure 22 below shows the fitted lines for both the quadratic and cubic models for all three 

of the store format variations along with lines representing the actual values. In addition, we 
have forecasted forward for the next ten years to get a better understanding on where on the 
retail lifecycles the various formats are, following the methods used by Cliquet and Perrigot.  

 
 

 
 

Figure 22 Graphs showing trend line results for overall format numbers 
 

 
 

Figure 23 Graphs showing trend line results for changes in format's commercial area 

 
If we take the first graph for large format stores excluding Lidl we can see that the cubic 

model predicts that the large format grocery store has reached a point of saturation in the Hel-
sinki Metropolitan Area. If we relate this line to the model of retail formats lifecycles displayed 
in chapter 2.7 we could envision that large retail formats are now in the maturity stage and that 
they will go onto to decline in numbers into the future. The picture is slightly different for look-
ing at the volume of commercial areas devoted to large format retail stores as shown in Figure 
22. Nowthe cubic model would indicate that large formats have just entered the maturity phase 
in 2008 and so you would expect that growth in commercial area would slow over the coming 
years, most likely as the result of smaller annual growths or declines in stores present.  

This picture is confused further if you cease to regard Lidl stores as a separate retail format 
to the existing large format grocery stores. If you examine the graph in Figure 21, as well as the 

Large Stores Large Stores inc. Lidl Small Stores 

Large Stores Large Stores inc. Lidl Small Stores 
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lines for number of stores in Figure 22 above, we can see that the number of large format stores 
has reached almost a constant number as new openings are matched by the numbers closing 
each year. In fact, any growth in the large format retail sector is coming from the opening of 
new Lidl stores. If these are included then the model would seem to fit the success and growth 
stage still of the retail lifecycle model. 

Interpreting small stores numbers is clearer cut. In the 1980s the stores appeared to be in 
the maturity stage of the lifecycle. Then throughout the 1990s and early 2000s they were in a 
period of decline. However, in the last few years of the study period the ‘wheel of retailing’ 
appears to have turned again and, now, according to the cubic models at least, they could be in 
for another period of success and growth.  

If this is true this would most likely be the result of a) small format stores adapting and 
changing their nature as well as b) consumer habits changing. As is noted by Paavola et al. 
(2009) the halt of decline, or even growth, of small store numbers could result from the in-
creasing popularity of grocery stores connected to petrol stations. However, this concept is 
open to influence by any number of economic, social and external factors and so any potential 
rally is vulnerable to a significant change in the retail landscape. 

We have left off the curves for the model with the addition of the regulation dummy variables 
to reduce the amount of figures in this section. However, the addition of dummies representing 
the introduction of changes in the legislation regarding store opening hours is interesting. They 
suggest that there is a significant change in the years before and after the 1997 and 2000 pieces 
of legislation were passed, but not the legislation in 1994. However as these are simply annual 
dummies added to the model it would be misleading to read too much into these results as any 
number of factors that affected small grocery stores could have been relevant in these years. 

This section has been concerned with very simple regression models. Using counts of store 
numbers or total amount of occupied commercial space for grocery retailing, we have exam-
ined how those numbers may be related to theories on retail lifecycle curves. The main problem 
is that we are fitting lines that rely on time as the total explanation variables. This is remarkably 
useful at giving an overview as to how numbers have changed and their possible future paths, 
but there are a number of concerns. Whilst these lines fit the data well they tell us limited 
amounts about any relationships with the exception of the time trends. With a limited number 
of points that represent annual data there is the possibility that if we had either more or less 
points we would get a different trend line result. It is also difficult from this method to explore 
any type of intra format competition as each format is examined as a completely separate en-
tity. Therefore, in the next section we will attempt to conduct some more complex time series 
analysis, although always bearing in mind the limitations of this analytical method due to our 
constrained dataset. 

In this section, we will review the analysis conducted in the last section in light of some issues 
with modelling deterministic trends in time series before running an alternative analysis look-
ing the relationships between the two time series for different grocery retail store formats. 

In chapter 4 we spoke about issues with using deterministic trends to model time series data, 
mainly due to one of the most important features of most time series being that observations 
close together in time tend to be closely correlated, a feature known as serial dependence.  

To recap, theoretically if the mathematical model used encapsulates most of the determinis-
tic features of a time series our residual error series would therefore appear to be the realisation 
of independent variables from some probability distribution. This residual error series form a 
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time series and tend to be serially correlated themselves.  The identification of serial correla-
tion in this residual series can be used to improve forecasts and simulations. Unfortunately, if 
this serial correlation is positive the estimated standard errors of the parameter estimates will 
tend to be less than their true value. This will lead to erroneously high statistical significance 
being attributed in statistical tests, i.e. some parameters will appear to be statistically signifi-
cance when in reality they are not. 

 

 

Figure 24 Residuals from trend analysis regressions

These graphs show the residuals for the cubic models estimated in 6.2.1 for total size volumes 
of the different format classes. It is apparent from these graphs that for all three models there 
are periods when the numbers are higher than the trend would suggest, followed by periods 
when the numbers are lower than the trend would predict. 

 
Table 8 Ljung-Box test of residuals from trend analysis

X-Squared P-score

Large Stores excluding Lidl 5.25 0.02

Large Stores including Lidl 5.22 0.02

Small Stores 19.44 0.00

 
Table 8 shows the results of the Ljung-Box test for independence in the residuals. The results 

show that for each format regression the residuals indicate we reject a null hypothesis of no-
autocorrelation in the residual series. This would imply that the residuals are not just the result 
of a series of independent random variables, but is in fact heavily dependent on previous values 
of that series. 

6.2.2 Time series analysis 

We decided to examine the annual changes in the amount of total size volumes present in 
HMA to see whether there was any indication of a relationship between change in volume of 
one format and a corresponding change in volume of the other, whether contemporaneous or 
with a lag.  

We know from the previous analysis that the data appears to fit well with theoretical concepts 
of a retail lifecycle but what we were interested here is to see whether there was any hint of a 
relationship signifying some element of intra-format competition as well. In addition, it is in-
teresting to explore whether past changes in a variable can impact future changes in the same 
variable. For example, are there years where there is a heavy decline in the total volume of 
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floorspace occupied by small format stores that are followed by years where there is very little 
further decline? 

Ideally, we would like to include other variables that may have a strong relationship to chang-
ing volumes of grocery retail space. However, one of the major drawbacks of using annual data 
is that we have a very limited number of degrees of freedom in the model to begin with. Once 
we start taking differences and lags the degrees of freedom fall even further. In addition, it is 
very difficult to find reliable sources of data going back decades. We are not expecting to de-
velop an accurate forecasting model in this analysis, rather we want to explore whether there 
is any hint of interplay between the formats. Nevertheless, we felt that the official annual pop-
ulation figures for HMA should be incorporated into the model as a rising population will need 
a greater level of grocery provision. Therefore, the series we have used in this modelling is the 
total volume of floorspace in each format in each year divided by the population of HMA for 
that year. To limit the amount of analyses displayed we have also used the figures for large 
format grocery stores excluding Lidl. Because Lidl only arrived in HMA at the very end of our 
study period this has no real impact on the results of this analysis. The fact that, as a hard 
discounter, Lidl does not fall neatly into either the large or small store category meant that we 
wanted to focus on the relationships between the two historically dominant store formats. 

The table showing the results of stationarity tests on the logged values for total volume area 
per person occupied by large stores and the total volume area per person occupied by small 
format stores is shown in Table 9. This was done using both ADF (Augmented Dickey-Fuller) 
and KPSS (Kwiatkowski–Phillips–Schmidt–Shin) tests. These tests are outlined in Chapter 4 
as well as a thorough description of time series concepts such as differencing.  

Whilst the KPSS tests suggest that in first differences we would not reject the null hypothesis 
that the data is stationary, this is not matched by the ADF test result for first differences. In-
spection of the correlogram plots for each series would suggest that we cannot be sure of a 
stationary series in first differences. Instead, we will use second differences of our series as 
through confirmatory data analysis (using both unit root and stationary tests) we can be more 
confident that we are dealing with stationary data. 

 
Table 9 - ADF and KPSS tests for total size volume data

       
levels 1st Diff 2ndDiff

Logged Values ADF p ADF p ADF p
Large Stores per person -2.16 0.51 -3.40 0.08 -3.82 0.03
Small Stores per person -2.53 0.37 -2.26 0.47 -3.39 0.08

levels 1st Diff 2ndDiff

Logged Values KPSS p KPSS p KPSS p
Large Stores per person 1.45 < 0.01 0.11 > 0.1 0.11 > 0.1
Small Stores per person 1.43 > 0.01 0.22 > 0.1 0.8 > 0.1

 
The need to take second differences for our data does make sense. From the previous analysis 

we can see our data could be thought of as being parabolic in shape which generally requires 
differencing twice to produce a stationary series (Granger 1989 pg.40). A series in second dif-
ferences is essentially showing the rate of change between two time-periods. A positive value 



Investigating temporal Supply of Grocery Stores at Global Level

92 

means that either the rate of decline is slowing or the rate of growth in increasing. Conversely, 
a negative value would then highlight either the rate of decline is increasing or the rate of 
growth is slowing. 

 

 
Figure 25 ACF plot for 2nd differences large stores on small stores

 
 

Figure 26 ACF for 2nd differences small stores

 
The second differences in small stores are significant at just over 5% and we felt that this is 

enough evidence of stationarity for this analysis. We then produced correlograms showing the 
cross-correlation function at different lags between the second difference of changes in total 
volume area of large stores per person and the second difference of changes in total volume 
area of small stores per person. The results show that there is a significant correlation for rate 
of change total volume of large stores per person on the rate of change in total volume of small 
stores per person at the second (i.e. two years) lag as shown in Figure 25. There is no autocor-
relation in rate of change of total volume of small stores per person present as shown in Figure 
26. 

The final test is to run a Granger-causality test on the two time series. Granger-causality al-
lows us to estimate whether one time series is likely to have influence on another. It therefore 
allows us to determine whether our variables are endogenous of exogenous within our model. 

-0.5

-0.4

-0.3

-0.2

-0.1

0

0.1

0.2

0.3

0.4

0.5

0 -1 -2 -3 -4 -5 -6 -7 -8 -9 -10 -11

Cr
os

s C
or

re
la

tio
n

Lags (Annual)

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

1.2

0 -1 -2 -3 -4 -5 -6 -7 -8 -9 -10 -11

Cr
os

s C
or

re
la

tio
n

Lags (Annual)



Investigating temporal Supply of Grocery Stores at Global Level

93 

In our study we want to determine whether past changes in the rate of change of total size 
volume occupied by large stores is likely to influence the rate of change of total size volume 
occupied by small stores and vica versa. The results shown in Table 10 show that whilst the 
rate of change of total size volume occupied by large stores is likely to influence the rate of 
change of total size volume occupied by small stores the same relationship is not found in the 
other direction.  

 
Table 10 Granger Causality results

F-statistic P-score

Large Stores influencing small stores 4.416 0.047

Small Stores influencing large stores 1.074 0.3112

 
Therefore we will run a simple single equation model of the form shown below where Yt is a 

dependent variable related to rate of change in total volume size of small stores, Xt is a variable 
relating to rate of change in total volume size of large stores, p is the number of lags of Yt in the 
regression and q is the number of lags of Xt in the regression.  

 
37) =  +  + ⋯+ + + ⋯+ +  

 
The ACF plots are used to determine which possible combinations level of lagged variables 

will have the most influence on the change in volume size of small stores and then the resulting 
Goodness of Fit statistics and AICc values from each model are compared to determine which 
model provides the most robust outcome. 

Results  
The results are shown in Table 11 below: 

 
Table 11 Results of model

Estimate Std. Error t value P-Value

Intercept -0.001 0.006 -0.2 0.843

Lag2 Rate of Change Small Stores -0.2083 0.194 -1.076 0.294

Lag2 Rate of Change Large Stores -0.196 0.083 -2.359 0.028 *

R-squared 0.23     

Adjusted R-squared 0.16     

 
The results show that neither the intercept nor the 2nd lag of rate of change of total size 

volume of small stores per person are significant. However, the 2nd lag of rate of change of 
total size volume of large stores per person is significant in the model. Whilst the overall fit of 
the model is quite low with an R2 value of 0.23 we are still satisfied with the model fit consid-
ering the model only incorporates two variables.  
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Figure 27 Annual change and rate of change large stores 
 

 
 

Figure 28 Annual change and rate of change small store 
 

The negative relationship can be explained as follows with reference to Figure 27 and Figure 
28. A positive value for rate of change indicates a positive movement concerning the amount 
of total size volume per person in that format between the years. This positive movement could 
either reflect a slowdown in the decreasing amount of total size volume present per person in 
HMA a year or a gain in growth in total size volume present per person in HMA each year. 
Conversely, a negative value for rate of change indicates negative movements concerning the 
amount of total size volume per person in that format between the years. This negative move-
ment could either reflect a growth in the declining amount of total size volume present per 
person in HMA each year or a slowdown in growth in total size volume present per person in 
HMA each year for that format. The period where the second difference in total size volume of 
large stores per person is positive is commonly where there was an increase in the amount of 
large stores existing between the periods as you would expect. The periods where there was a 
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negative value in second differences in small stores is commonly where the amount of total size 
volume per person occupied by small format grocery stores fell by a greater amount than in the 
previous period. Thus if the rate of growth in total area of large stores in HMA increases then 
two years later there is an apparent corresponding increase in the rate of decline of total area 
occupied by small format grocery stores.  

6.3 Spatial Autocorrelation

In this chapter we have shown that there were significant changes in the number of stores of 
different format types in HMA over the period 1981 to 2008. The analysis so far has been fo-
cused upon the analysis in changes of numbers and total size volumes for grocery stores for-
mats across the whole of the metropolitan region.  

However as we explained at length in Chapter 3 retail formats including grocery stores are 
affected heavily by their location and, correspondingly, what is happening in the retail envi-
ronment surrounding them. There is a clear danger that if we solely focus our analysis on what 
is happening at a high aggregate level we may fail to see significant phenomena that are occur-
ring at a local spatial level. For example whilst numbers of small stores are decreasing is this 
happening at the same rate proportionally across the whole HMA or are there significant de-
creases in number of stores at a few specific areas each year? Theoretically, we could include 
spatial dummies within our regression analyses but the low number of observations would 
render this meaningless. 

The problem with running analysis at a high level with any data that has a spatial element to 
it is that your resulting coefficients are in fact an average of relationships across that whole 
region. This is highlighted by Fotheringham et al. (2002 pg. 36) as motivation for Geographical 
Weighted Regression when discussing coefficients calculated for a hedonic house price model 
as the coefficient represents the average of the whole of London and are likely not representa-
tive of the values in different localised areas. 

It was decided to therefore investigate whether the change in store numbers occurred evenly 
across the whole of HMA or whether there were pockets of localised changes that could be 
detected as significantly different from what was happening elsewhere in the region. 

We choose to use a method that assesses the amount of spatial autocorrelation that is present 
in a dataset. Spatial autocorrelation is implicit is Tobler’s first rule of geography in that ‘every-
thing is related to everything else, but near things are more related than distant things’ (To-
bler 1979). Spatial autocorrelation is a useful method to analyse the extent that a value at a 
particular location appears to be dependent upon neighbouring values (Wyatt & Ralphs 2003 
pg. 293). The term ‘spatial autocorrelation’ refers to the degree of correlation between a set of 
observed values and the distance between those values in spatial distributions (Conolly and 
Lake 2006 pg. 158). 

Methodology 
There are a number of techniques that are used to test spatial change and autocorrelation in 

spatial data. However many of these techniques work best when examining changes over time 
on data that occurs where the distribution of events is constantly changing from one period to 
the next. In our data we have fixed locations for stores that generally remain constant from one 
year to the next; the only variability occurring when a store at a location closes or a store opens 
at a new location. For that reason, after assessing a number of techniques that can account for 
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temporal as well as spatial values, such as DB Scan and the Space Time toolbox in ArcGIS, we 
determined that the best technique for our data was Local Moran’s I. 

This is a widely used technique within spatial analysis that can easily be implemented in sta-
tistical and GIS packages such as ArcGIS and R. This measure is a class of local indicator of 
spatial association (LISA) that allows the global indication of spatial autocorrelation, Moran’s 
I (Moran, 1950), can be decomposed into its individual location dependant components (An-
selin 1995). The results allow us to identify areas where there is a statistically significant spatial 
clustering of similarly valued observations (Anselin, 1993; Anselin, Syabri and Kho, 2006). We 
describe this method fully in chapter 4. 

We have classified our data with a value of 0 if a store remained open throughout the year in 
question or a value of 1 if the store closed at some point during that year. We have run this 
analysis solely using small format grocery store data, as there are enough stores in each year 
across the study period to be able to conduct spatial analysis. In the next chapter we will also 
include analysis of the change in distribution of large format stores but in this section we de-
cided it would suffice to demonstrate localised changes in store numbers of small format stores. 

The final decision before running the analysis is how to deal with the temporal factor. There 
has been some research, for example Dubé and Legros, (2011), into creating a spatio-temporal 
weights matrix for use in calculating Local Moran’s I. Unfortunately these methods become 
overcomplicated when dealing with locations that remain fixed from year to year. Instead, we 
decided to use a moving temporal window to best analyse the results. If we ran a separate anal-
ysis for each year that would only reveal patterns of store closure that were contemporaneous 
with each other. As our data is annual, there are discrete temporal boundaries at the beginning 
and end of the year. That means that we would only identify a pattern of closure that happened 
within January to December. It would not be able to account for that fact that two stores closing 
in January and December of the same year are further apart in time that two stores closing in 
December and say February of the following year. Furthermore, from the time series analysis 
above we determined that a potential relationship between large stores changes and small store 
changes occurred at a lag of 2 in second differences. This equates to around a five-year period 
once the differencing has been taken into account. Therefore, we decided to use a five year 
moving window in the spatial autocorrelation analysis. 

This meant that the first analysis was run on data from 1981-1985 to identify if there were 
any locations where there was a significant number of stores closing in that time period. We 
then moved the window a year at a time untill the final period covering 2004 – 2008.  

Once all the analysis had been run we mapped the resulting outputs and then carefully ex-
amined each period to identify if there had been any locations that had experienced a signifi-
cant number of small format stores closing. We then examined succeeding period to see how 
long those clusters of store closures lasted.  

Results  
As outlined in Chapter 4 Local Moran’s I is a good way to identify local clusters and local 

spatial outliers. From each analysis, for each temporal window, we can classify significant lo-
cations into one of four types; high –high / low – low value spatial clusters or high – low / low 
– high spatial outliers (Anselin 1995). In this analysis we are interested in identifying high – 
high spatial clusters as we are trying to identify where store closures (value of 1) as clustered 
together.  

For ease of visualisation we manually assigned a bounding oval around any locations that 
formed a statistically significant high/high spatial cluster for each analysis and then plotted all 
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these bounding ovals on the same map with a label to define the years these locations had a 
significant number of store closures. So area A highlights the locations that were assigned to a 
significant high/high value spatial cluster for the local Moran’s I analysis for 1986 – 1991. 

As you can see in Figure 29, the pattern of store closure for small format grocery stores over 
the study period has not been at all constant. In fact there are a number of locations that saw 
significant numbers of store closures over a period of time. These locations have not remained 
constant but have occurred in different parts of HMA in different years. In the 1980’s there are 
clusters of significant numbers of store closures on the outer fringes of the area as well as in 
the centre of Helsinki itself as highlighted in areas A, D, F, I and J on the map in Figure 29. 
From the mid 80’s to mid 90’s there were significant numbers of store closures in area H in 
the west on the other side of the bay to central Helsinki as well in areas B and C to the North 
East of central Helsinki. From the mid 90’s to mid 2000’s there is a significant number of 
closures in a small area labelled E on the map to the North of central Helsinki and finally in 
the 2000s there is a significant number of closures on the island in the bay between central 
Helsinki and Espoo labelled G on the map. 

 

 
 

Figure 29 Clusters of significant number of store closures 

6.4 Discussion 

The data we were supplied with allowed us to analyse how the different store formats that 
comprised the HMA grocery retail market had changed in comparison to the overall change in 
numbers and store size volumes. We found that, in line with the findings of other countries, 
and with Finland as a whole, there had been a significant drop in the number of stores classified 
as providing a grocery retailing offering over the study period of nearly 50%. This decline was 
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concentrated in the smaller grocery store formats of pienoisvalintamyymala, pieni valin-
tamyymala and pieni supermarket. Interestingly the numbers of iso valintamyymala, the cat-
egory in-between pieni valintamyymala and pieni supermarket formats, had remained steady 
in terms of its numbers and so it’s proportion of total stores in HMA had risen over the time 
period. The reason for the relative success of the iso valintamyymala could be due to some-
thing as simple as changing format categorisation criteria by Nielsen but care was taken to 
make the store categorisation as consistent as possible when amalgamating the datasets for 
each individual year. Therefore, there may be an interesting research opportunity to investigate 
at a later date what specifics about this format made it more resilient than the other small 
grocery store format. 

Conversely the numbers of large format stores, iso supermarket and hypermarket, have 
risen considerably, a pattern again dominant in most developed European countries. Whilst 
the overall numbers of stores have dropped, the amount of size volume occupied by grocery 
stores has risen considerably due to the growth of these large stores. It is important to note 
throughout though that the data provided by Nielsen for large stores does not allow us to dif-
ferentiate between how much of this space in the large stores is devoted solely to grocery re-
tailing and how much is devoted to non-grocery items. This is unfortunate and although esti-
mates could be assumed, we can’t be sure they would be consistent across space and time, and 
so are forced to focus on the total store size. 

Another interesting phenomenon is that when we separate grocery stores into two groups, 
small and large format grocery stores, the change in pattern for counts versus total size volume 
of small format types are similar, but with slight differences. In terms of counts the numbers 
start to decline shortly after the study period begins but at the same time the total size was still 
increasing. Although by the late 80’s both metrics were in steep decline. 

The change seen in large stores is driven almost entirely by new store openings. There are 
very few years in the study period when more than one large store closed. Conversely, the 
changes in small stores consists of both stores opening and closing in every year of the study 
period. This is noteworthy as we can then try to see if this pattern of openings and closings is 
random across the study area, or if closings are concentrated in one specific locations whilst 
openings are concentrated in an alternate location. 

As a method of explaining the trends seen in other countries we have seen how the concept 
of a retail lifecycle has been invoked as a tool for analysis. We have applied a similar technique 
to our store numbers with the addition of using the theory to examine change in small format 
numbers alongside change in large store numbers. 

The results showed how the concept of retail lifecycle trends fitted our data very well. For 
large format stores a decision had to be made about whether to include Lidl stores within the 
large store category. We have chosen to concentrate on the large format stores excluding Lidl 
as discussions in many studies generally treat Lidl and the like as an alternate category, known 
as hard discounters, with its own distinctive characteristics as distinct to traditional large su-
permarkets and hypermarkets. The removal of Lidl from the few years at the end of the study 
period that they were present shows that the growth in large format stores in this period was 
due to the opening of these Lidl stores. Otherwise, the numbers in this format remained steady 
contrasting heavily with the many years of dramatic growth preceding this period. 

The results show that, with Lidl stores excluded, there are strong indications that by 2008 
the large store format was in a stage of maturity, characterised by a fluctuation in numbers/size 
volumes between slight growth and slight decline. Furthermore, the cubic model suggests that 
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this period of maturity may turn into a decline in the popularity of large format stores at some 
future time as both retailers and consumers’ preferences regarding grocery retailing alter. 

The results for small format stores are far more optimistic. The cubic trend lines for both 
numbers and size volumes suggest that the format has left a period of decline and may shortly 
return to the success and growth phase at the start of the retail cycle. It could be theorised that 
the small format store has been able to adapt and transform during its long period of decline 
into a format that again serves the needs of both consumer and retailers. As we stated in the 
earlier discussion, when taking the dummy variables added in to account for regulation 
changes we have to be aware that these variables are likely to be picking up far more infor-
mation than that solely due to the regulation implementations. Nevertheless, the results indi-
cate that the impact of regulation implementation on small stores numbers may have had a 
positive effect, as the coefficient on the dummy variables for regulation changes in 1997 and 
2000 are significant and positive.  These legislation changes assisted small stores firstly with 
the 1997 legislation allowing them to open on Sundays in the summer and to extend their open-
ing hours on weekday evenings to 9pm. Secondly through the introduction in 2000 of legisla-
tion that allowed small stores to open on Sundays throughout the year, although the same leg-
islation allowed large stores open on Sundays from May to August and from November to De-
cember. 

The results of the trend analysis fit very neatly with concepts of retail lifecycles. However, if 
we want to interrogate the data further and investigate relationships between changes in the 
different format types in relation to each other they are of limited usefulness. There is also the 
consideration that fitting trend lines to time series data, can on occasions, be misleading. Tak-
ing different sections of the same time series and fitting trendlines can give widely differing 
results regarding future movements. This can be seen to some extent when examining the se-
quence of studies conducted by Cliquet, as each paper reveals a slightly different outcome on 
what is essentially the continuation of the same data sample. Therefore, if we want to examine 
in more detail the relationships between the two time series representing change in the differ-
ent retail formats, we need to adopt a more complex methodology. To enable us to be more 
confident in any results we find certain diagnostic tests need to be conducted on the data as 
the model progresses to inform us of any considerations that need to be made regarding the 
data. 

The time series analysis conducted on the rates of change of the different formats shows that 
there is an apparent relationship between the changes in large store volumes affecting future 
changes in small store numbers but the relationship is not apparent in the other direction. This 
makes sense in that we can envision the opening of a large store competing with customers 
that currently frequent smaller grocery stores but it is unlikely that a large store will open in a 
location purely because of the vacuum created by the closing small stores in the recent past.  

Once we had constructed the model, it allowed us to identify the possible presence of a rela-
tionship between rate of change of small stores being influenced by the rate of change of large 
stores at a two-year lag. This relationship was of the negative form, indicating that if there was 
a positive shift in the rate of change of the size volume of large stores present in HMA then two 
years later there appeared to be a corresponding negative shift in the rate of change in size 
volume of small stores. This was a very encouraging result as it signified that there could well 
be an element of inter-format competition present between large and small format stores, be-
yond the switch in retailer preference for each format, that is likely to result from highly loca-
tional circumstances. 
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In this section, we wanted to focus on investigating the changes in store numbers and to ex-
plore whether there were indications of any relationships between the changes in store num-
bers for each format. We could also have explored the numbers of stores in each year in relation 
to economic, demographic and urban structure changes through panel regression models.  Due 
to the very small degrees of freedom in our model we could not add any additional variables 
when exploring HMA as a whole. We did consider panel regression models using cross sec-
tional time series at smaller geographies but we were unable to find enough time series data to 
cover the entire study period at the smallest geography level available to us. In addition, this 
would have diverted us somewhat from focusing on the relationships between formats. It 
would be a good direction to take future research if enough time is available to source the ad-
ditional data. 

To explore these results further we have then investigated whether there is any localised pat-
tern to the closure of small grocery stores. The number of small store closures lends itself to 
this kind of spatial analysis, as there is a dense distribution over both the study period and 
area. The number of stores opening and the number of closures of large stores it too small for 
any meaningful spatial analysis to be conducted. 

The results of this analysis show strong evidence that there is significant clustering of small 
store closing in specific locations within HMA in different periods. The presence of this spatial 
pattern allows us to be confident that through the incorporation of a variety of spatial tech-
niques and quantitative methods, we can gain a better understanding of the changing grocery 
retailing landscape of HMA. We can additionally investigate how the impact of this changing 
landscape has influenced the behaviour of consumers in HMA at the end of the study period. 
These questions will be the focus of the next two chapters. 
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7. Appraisal of approaches to analysing supply 
of retail and its spatial distribution and their 
suitability for spatio-temporal change

In the previous chapter we analysed the extent of wholescale changes that have occurred 
within the grocery retailing sector of the Helsinki Metropolitan Area. There has been a drastic 
fall in the total number of grocery stores present within HMA, whilst at the same time con-
versely there has been a dramatic growth in the total area of stores that provide grocery retail-
ing. The drastic fall in numbers is due to smaller sized format stores declining whilst the growth 
in total store area is due to a large increase in the amount of larger sized format grocery stores. 
We also showed how there is a potential spatial pattern to the closures of these smaller stores 
with a significant clustering of closure of small stores occurring at specific locations at specific 
times within the metropolitan area. 

When looking at pure figures we are hindered somewhat by the small sample sizes that are 
available to us, especially when studying large format stores. When taking overall figures for 
store formats we only have 28 instances of annual data. This small sample size issue is exacer-
bated by issues such as at the beginning of the study period large store numbers only just reach 
double figures, and then remain at the same level for a number of years. Hence, if we are inter-
ested in digging deeper into patterns of change within the data, we require a more focused 
approach, particularly if we want to know whether the events that have occurred in Helsinki 
Metropolitan Area are spatially consistent or whether the dynamics of grocery retailing change 
have localised patterns.   

Previous research and theory on the topic, as we discussed in chapter 3, has shown that re-
tailing is spatial in its nature. The impact of a store is far more wide-reaching than what occurs 
solely at the store site itself.  Store location provides a multitude of major decisions for retailers. 
Opening, closing or modification of a store will involve analysis of how the local area could be 
affected. On the other hand, the changing dynamics of the local area and surrounding grocery 
retailing landscape will affect the decision making in relation to both store and network. 

The accessibility of a store in relation to potential customers and competition is a major ele-
ment in making the correct store location decision. It is therefore an ideal method for examin-
ing the changing grocery landscape over space and time. Stores are located to serve the grocery 
needs of customers. Changes in the store distributions will therefore have a large  impact on 
the access of consumers living in different locations and their ability to meet their grocery 
needs. However, whilst a common term, ‘accessibility’ can be defined to mean a large number 
of things. Hence, we will explore the term in relation to how we envision it will be applied for 
our study into grocery retailing.  
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In the next two sections, we will review a selection of methods to assess how the grocery 
retailing landscape has changed over the study period and whether there the dynamics of 
change have been consistent over the whole period.  

We will look at how the distribution of different store formats across HMA has evolved. This 
will help us understand whether, for instance, the decline in small stores has been heterogene-
ous, i.e. over time has the distribution of the network of small grocery stores become more 
dispersed or clustered as grocery retailing has evolved? We have seen in the previous chapter 
that there have been clusters of store closures, but has this had any lasting impact on the overall 
distribution of grocery stores? 

We will then move to examine the changing levels of access to both small and large format 
grocery stores to attempt to identify if there have been significant changes in the manner in 
which accessibility of different format types has evolved over the study period. Using sub-re-
gions enables us to run particular types of analyses to gain insights into overall trends. Exam-
ining stores at an individual level then enables us to dig down further into the patterns of 
change and reveal even more localised changes that can be obscured by administrative regions 
with their fixed boundaries. It is important to attempt to drill down to as local a level as possible 
to identify patterns that may be aggregated out at a higher geographical level. For instance, 
small stores may affect consumers in only part of a sub-region whereas a large store may influ-
ence consumers spread out amongst a number of sub-regions. 

We aim to identify major patterns of change in access to various levels of grocery provision. 
Whilst there are a number of papers that have focused upon access to retailing, and grocery 
retailing in particular, these tend to be for a static time-period. Therefore, the methods that 
appear logical for one period may not be as useful when trying to identify patterns of change 
over many periods. We are interested to see whether the introduction of an extensive and con-
tinuous study period, spanning decades of the grocery retailing sector, allows us to identify 
spatio-temporal patterns in addition to the more common focus on either spatial or temporal 
change. 

The first task in this chapter is to outline how we will define accessibility for this study as it 
will influence the methods we will use in the remainder of this thesis. 

Accessibility 
The process of finding an operational and theoretically sound concept of accessibility is a 

complex task. In the literature the concept of accessibility is stated to be a construct that is 
often poorly defined, poorly measured and frequently misunderstood. (Geurs and van Wee, 
2004). Indeed the concept of accessibility has been described as “…a slippery notion, however; 
one of those common terms that everyone uses until faced with the problem of defining and 
measuring it!” (Gould, 1968).  

This is largely due to the multidimensional nature of the concept of accessibility which can 
be defined in terms of affordability, acceptability, availability as well as spatial accessibility 
(Apparicio et al., 2008; Salze et al., 2011). Furthermore the terms access and accessibility are 
often used indiscriminately. One consideration of this issue is given by Geurs & van Wee 
(2004) who use ‘access’ as a term discussing an individual’s perspective and ‘accessibility’ as a 
term when using a location’s perspective. For example, a consumer living at location A has 
access to three stores within a kilometre; store A is accessible to everyone living within a 10-
minute drive time. 

Four broad categories of existing operational accessibility measures have been developed 
over the last four decades for varying analytical and evaluation purposes.  These categories can 
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be identified as infrastructure-based, location-based, person-based and utility-based (Bara-
daran and Ramjerdi, 2001; Geurs and van Eck, 2003; Geurs and van Wee, 2004; Liu and Zhu, 
2004; Salze et al., 2011). These four categorical measures can be described thusly: 

‘Infrastructure-based’ measurements are used to analyse the performance, or service 
level of transport infrastructure, such as average travel speed or traffic congestion.  
‘Location-based’ measures are used to analyse the accessibility at locations and deal 
with the spatial distribution of opportunities, generally at the macro-level. Examples 
include the distance to the nearest opportunity or number of available facilities 
within a neighbourhood and can be extended to include competition effects. 
‘Person-based’ measures are used to analyse accessibility at the individual level. This 
type of measure has its basis in space-time geography and is concerned with factors 
such as the number of activities an individual can participate at a given time. 
‘Utility-based’ measures are used to analyse accessibility in relation to the benefits 
people derive from access to spatially distributed activities and is centred upon utility 
maximation theory for individuals and population groups. 

In this chapter we will concentrate on location-based accessibility measures, which make-up 
some of the most common approaches for studying accessibility (Apparicio et al., 2008), due 
in part to the nature of this thesis and the data that is available for analysis.  Accessibility in 
this case is defined as the ease in which residents of a given area can reach services and facilities 
or vica versa (Liu and Zhu, 2004; Apparicio et al., 2008; Hashemi Beni et al., 2012). This can 
be also termed ‘geographical’ accessibility and is dependent upon the spatial distribution of 
alternative destinations relative to the location of an individual, be it home address, work place 
or some other location. It can also be the distribution of potential users in relation to a facility. 
This therefore provides a suitable approach for our study as proximity to a retail store usually 
correlates with the likelihood of consumer patronage (Hashemi Beni et al., 2012). The pattern 
of spatial accessibility will therefore depend upon the relative locations of origins and destina-
tions. Furthermore a distinction can be made between; 

a) Relative accessibility; the degree to which two places on the same surface are con-
nected, and 

b) Integral accessibility; which is defined for a given point as the degree of interconnection 
with all other points on the same surface (Hansen, 1972) 

If we then consider what constitutes a good measure of accessibility it becomes readily ap-
parent that is should a) have a sound theoretical basis; b) be unproblematic in implementation; 
c) be simple to interpret and communicate and d) provide usable results for evaluation pur-
poses (Geurs and van Wee, 2004). Figure 30 outlines the various components of this discus-
sion on accessibility and their linkages in regard to this thesis. 
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Figure 30 Outline of accessibility concepts in relation to this thesis 

 

Location based measures 
Several types of location based measures have been used in accessibility studies. These 

measures can be either household or facility based and so allow an estimate of the effectiveness 
in provision of, in our study, grocery retailing to households or the efficiency of grocery retail-
ing by retailers and their store networks (Clarke, Eyre and Guy, 2002). The simplest class of 
location based accessibility measures are distance computations that calculate the relative ge-
ographical accessibility of locations. These can incorporate aspects such as the straight line 
distance to the nearest opportunity, infrastructure-based measures such as average travel time 
between locations or contour measures where cumulative opportunities that can be reached 
within given travel times of a location are counted and plotted as an isochrones (Geurs and van 
Eck, 2003; Geurs and van Wee, 2004). Measures such as the nearest opportunity analysis 
make major, unrealistic, assumptions such as ignoring other opportunities other than the near-
est. This is demonstrated by our results from the KOKKKA survey, as described fully in chapter 
5, which show that the nearest large format grocery supermarket is chosen less than 50% of 
the time as the primary grocery shopping store. This leads to the use of gravity-type accessibil-
ity measures where the potential of interaction between two places is positively related to the 
sizes of the attractiveness of those places and negatively related to the travel impedance be-
tween them. In this thesis these are referred to as ‘potential’ measures. (Song, 1996; Liu and 
Zhu, 2004). The next chapter will focus in detail upon these potential measures but will we 
first examine the proximity and distribution of grocery opportunities within our study area to 
evaluate whether this has changed over the period 1981 to 2008. 
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7.1 Chapter outline

In this section we shall use a range of location-based measures to analyse changes in geo-
graphical access to small and large-format grocery stores over the period 1981 to 2008. Few 
studies have looked at how these accessibility measures can be used to identify temporal 
changes in accessibility. One exception is Larsen & Gilliland (2008) who took data from 1961 
on the distribution of stores and compared it to data from 2005 using a proximity buffer ap-
proach. This was one of a few occurrences of there being a temporal, as well as spatial compar-
ison, in changes to access of stores within the same study area. Part of the motivation for this 
chapter is to see what information can be identified on spatio-temporal changes in the grocery 
retailing sector and whether the patterns remain consistent using different approaches. 

We first use a simple container method to estimate the amount of grocery floor space per 
household for regions within the Helsinki Metropolitan Area (HMA). We then use counts as 
well as the total grocery floor space for each format within each region to analyse the change 
in spatial coverage by calculating an entropy measure for each year. This method overcomes 
the limitations of the simplest relative accessibility measures as it takes into account within the 
calculations all the available opportunities in a region. However both these first two measures 
rely on the unrealistic assumption that any opportunity situated beyond the boundary of a de-
fined region will be inaccessible to a person living within the region (Salze et al., 2011). This 
then leads us to utilising a method that defines grocery retail stores service areas using a cir-
cular buffer or kernel density function (Donthu and Rust, 1989; Hashemi Beni et al., 2012). 
These are thought to be more appropriate in that they free the analysis from restrictively prior 
defined administrative boundaries but they still incorporate an element of neighbourhood 
boundary issues in addition to the choice of the size and shape of the buffer remaining prob-
lematic (Salze et al., 2011).  

For each method we shall provide an overview of the method discussing the theories behind 
it and previous studies in which it had been applied and the purpose of those studies. We will 
the outline the methodology that we have used to apply the method for our research. We will 
then briefly describe the results that are gained from that method. At the end of this chapter 
we will then have an in-depth discussion outlining the results obtained in this chapter and how, 
or indeed whether, they facilitate us in a better understating of how the spatial distributions of 
different grocery store formats has changed. 

7.2 Simple plotting visualisations

When studying retailing it is beneficial to start by creating plots of relevant performance in-
dicators. These allow us to see at a glance whether there are patterns to retailing that differ 
across both the study area and study period that are worth further investigation. These perfor-
mance indicators can be centred on either households or stores and can therefore be used as a 
simple measure of either the availability through accessibility of retail provision to households 
or the efficiency of stores to be able to provide retail services. As stated in Chapter 4 these 
indicators can be produced through simple plotting visualisations of the data. 

The change in the number of stores, whilst interesting, can be misleading as not all stores are 
the same size and it does not provide that much insight into the manner in which the level of 
provision has changed. A better method is to examine the variations in retail provision in 
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neighbourhoods by plotting grocery retail floor space per household. It is then possible to iden-
tify areas that have had above or below average floor space per household during the study 
period. 

The geographical level that is chosen to calculate the statistics can play an important role in 
the results that are obtained. The use of too coarse a geography can result in map that is easy 
to interpret but that obscures many of the patterns that we wish to identify. Conversely using 
very small-scale geographical levels can result in a map that is not easy to interpret without 
resorting to further, more complex, geographical analysis.  In the retail industry performance 
indicators allow the targeting of resources to increase the efficiency of a service facility or to 
increase the effectiveness of retail provision to households (Clarke, Eyre and Guy, 2002). They 
can also be used to analyse apparent saturation levels in retail service provision as well as in-
vestigate competition and detect spatial monopolies (Silcock et al., 1999; Poole, Clarke and 
Clarke, 2002).  

By identifying spatial, temporal and spatio-temporal variations in accessibility and efficiency 
of grocery retail provision we can use these performance indicators as exploratory tools for 
investigating whether the availability and effectiveness of retail provision has altered and iden-
tify whether there is the need for more complex analysis of the data. 

This method can also be used to identify if the grocery market appears to be ‘saturated’ at any 
location although the notion of saturation is a controversial one (Birkin, Clarke and Clarke, 
2002). 

In this analysis we have used the large administrative regions that make-up the Helsinki Met-
ropolitan Area as there are enough of these to reveal how the provision of grocery retailing has 
changed across the study area but the results can still be easily understood and interpreted 
from a visual analysis of the maps. 

Methods 
The methodology behind this analysis was simple. We matched each store to the region of 

the HMA, as defined earlier, in which that store was located. Then, for each year, we summed 
the amount of grocery retail floor space provided by; a) small format grocery stores (80 to 1000 
m2) and; b) large format grocery stores (over 1000m2). These results were then plotted using 
ArcGIS. We produced three sets of maps shown in Figure 31. The first set of maps shows the 
distribution of household numbers in the regions in 1981 (the initial year of our study period) 
and 2008 (the final year of our study period). The second set of maps shows the grocery retail 
floor space per household in m2 provided by large stores and the third set shows the grocery 
retail floor space per household in m2 provided by small stores. Whilst we are using the under-
lying number of households in each region to normalise the amount of retail space it is still 
useful to see where population changes have occurred to place the changes per m2 in context. 
To aid in visualisation the symbology values are the same for both years in each map set for 
each type. Regions that have no stores located within them during the year were not plotted on 
the maps. 

Results 
From the previous chapter we have shown that overall there has been a sharp decline in the 

number of grocery stores within the HMA and that this decline resides solely in the number of 
small grocery stores. Overall, the amount of square meters that constitute the grocery retail 
market in Helsinki has increased dramatically and that this is due to the increase in large for-
mat stores.  
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Figure 31 below illustrates the changes in amount of grocery retail floor space per household 
in m2.   

 

 
Figure 31 Changes between 1981 and 2008 for A) household numbers; B) large stores m2 per household; C) 

small stores m2 per Household 
 
We have chosen just to show the outputs from two years, 1981 and 2008 to limit the number 

of maps that need to be displayed on a page. In line with the previous section, all the analysis 
for this section is for stores excluding Lidl. The general patterns remain consistent even if Lidl 
stores are included. The map in Chapter 5, Figure 6 provides a reference to locations discussed 
in the text that follows. 

Figure 31 A shows the changes in number of households in each region. As clearly shown in 
1998 there was a concentration of households in the central areas with far fewer households 
located in the periphery of the area, especially in the north. Whilst in 2008 there were still a 
high number of households located in the centre, now the number of households visually ap-
pears more evenly spread across the study area. When looking at the growth in population from 
1981 to 2008 we can see that there is a band running North-South through the centre of HMA 
where the growth in Households has been slower than the areas either side, particularly in the 
Western city of Espoo. Perhaps unsurprisingly the biggest growth has been in some of the areas 
that had the smallest populations in 1981. 

From Figure 31 B it is clear that in 1981 few regions in HMA contained a large format grocery 
store and of those that did the majority were found in regions that border the coast. However, 
by 2008 large format stores now covered a far greater part of the study area with concentra-
tions in eastern Espoo and Vantaa in the North East. The mean value of grocery store area in 
m2 per household was 0.37 in 1981 compared to 0.88 in 2008. Much of the regions that border 
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the coast that had large grocery stores in 1981 are the areas that interestingly saw a decline in 
m2 per household provided by large stores by 2008. It was the outer regions that either saw 
the introduction of large stores where previously there were none, or a large growth in the 
amount of m2 per household in the period. 

Figure 31 C shows the change in changes in amount of grocery retail floor space per house-
hold in m2 for small stores. Unlike the maps for large stores small stores can be found across 
the entire study area. In 1981 there was a fairly even distribution of floor space per household 
across the region with below average amounts found in central Helsinki (Etaläinen in Figure 
6) and a high in Kauniainen. The mean value of grocery store area per household was 0.35. In 
2008 there appears to be a less regular distribution across the study area and now the central 
Helsinki areas have a higher than average amount of m2 per household. Kauniainen remains 
the area with the highest concentration of small store grocery space per household and the 
mean value of m2 per household is now 0.20, nearly half that in 1981. All areas have seen a 
decline in the amount of grocery store area per household with some of the biggest falls match-
ing regions that saw either the entrance or growth in large stores over the period. In fact the 
correlation between the change in small grocery store areas per household and change in large 
grocery store areas per household is -0.58. 

Whilst these indicators are simple to implement the amount of information that can be de-
termined from them is sketchy. They highlight the fact that there have been dramatic changes 
in all indicators between the beginning and the end of the study period but it is difficult to get 
more in-depth information on the nature and character of those changes. Using a different set 
of administrative borders may result in very different patterns seemingly identified across the 
study area. In the rest of this chapter we will look at alternate methods that have been used to 
investigate the provision of grocery retailing and assess the extent of information we can gather 
on the changing grocery landscape of HMA from these individually and in combination.  

7.3 Entropy

We want to know whether there has been any real change in the distribution of different types 
of stores over time. Using the simple indicators, we can see if there has been changes in overall 
numbers/volumes between the beginning and end periods but what we really want to know is 
how the distribution of grocery stores has throughout the study period. The starting point 
should be to learn whether over time the concentration in the distribution of stores has become 
more concentrated within the region or more dispersed. In addition, it would be beneficial to 
know if it has been a constant change or if the pattern of change varies between different time-
periods. One method that has been utilised for studying the change in distribution of grocery 
stores is relative entropy.  

We used this method over the more common quadrant count approach for a number of rea-
sons. Firstly as we will describe the notion of relative entropy has been used in the study of 
retail distributions previously and secondly relative entropy produces results on a simple 0 to 
1 scale with 0 being complete clustering of all the stores in one location and 1 being a completely 
even distribution of stores across all the locations. In a series of studies Cliquet has introduced 
the concept of using relative entropy as a means of studying the spatial coverage of retail in 
order to analyse different retailers’ spatial strategies. In this section we will utilise this tech-
nique to analyse the spatial coverage of both small format and large format stores and how this 
has evolved over the study period. 
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His aim was to develop a method that could be used to measure the geographic, or territorial, 
coverage of stores (Cliquet, 1998). This was used initially to determine the spatial coverage, in 
other words dispersion, of different hypermarket chains through France. Whilst this analysis 
was undertaken for a single year in that study, the methodology was then extended to investi-
gate the territorial coverage and retail life cycles of several hotel chains in France (Cliquet, 
2000b). In Cliquet’s view this methodology is well adapted to investigate the evolution of loca-
tion strategies dynamically through repeating the calculations at different points in the chains 
life-cycle.  

The concept of entropy in geographic analysis was developed from information theory and 
the methodology termed spatial entropy has been applied to spatial problems involving spatial 
decomposition, aggregation and configuration (Batty, 1974, 1976). The entropy statistic is 
based on the probabilities of events and the degree of uncertainty these events contain (Cliquet, 
2013). Entropy is at its maximum when uncertainty is at its highest; i.e. all events have an equal 
probability of occurring. To use this method to study spatial coverage we replace probabilities 
with the frequencies of store locations within regions. Now the higher the spatial dispersion, 
measured by entropy, the more scattered is the phenomena. Therefore, if all the stores are 
concentrated in one region of the study area the entropy will be at a minimum. 

We can use this theoretical viewpoint for our analysis. We are interested in how the spatial 
coverage of small stores and large stores differs, if indeed it does. By studying how the spatial 
coverage of these two store types has evolved across the study period we can gain insights into 
how the provision of groceries provided by these competing store types has altered and 
whether there are any patterns identified that could provide insights into the strategies of re-
tailers or the impacts of drivers that affect the market such as legislation changes. 

Methodology 
The methodology for calculating entropy are set out in Chapter 4. We are using formulas 25, 

26 and 27 from chapter 4 on the number of stores within the smallest neighbourhood regions 
of HMA that were available to us. This provided the best resolution for the analysis. The larger 
municipal areas in the previous analysis have the benefit that they produced visually simple 
choropleth maps that can communicate aggregate data efficiently but they are too large in size 
to reveal much in the way of distributional changes. 

We used ArcGIS to match each store to the neighbourhood regions of Helsinki Metropolitan 
Area. For each year we then calculated the frequency of stores in each neighbourhood and the 
Relative Entropy of the region using the formula stated previously. This process was conducted 
three times. Firstly, we did it for small format stores, then large format stores and then for the 
household population of Helsinki. We carried out the final analysis so that we could compare 
the spatial coverage of each store format to the changes in spatial coverage of households living 
in HMA. 

Results 
Figure 32 shows the three resulting Relative Entropy curves for the study period. Figure 32 

A shows the curve for small format stores, Figure 32 B shows the curve for large format stores 
and Figure 32 C shows the curve for population of neighbourhood households within HMA.  
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Figure 32  Relative entropy curves for A) small stores; B) large stores; C) household numbers 

 
Marked differences between the resulting graphs can easily be determined. The spatial cov-

erage of household population appears to show a steady linear growth, with an interesting 
slight acceleration in growth in the year 2000. This would imply that over time there has been 
a steady decrease in the concentration of population within the neighbourhoods of HMA. This 
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pattern can be seen in the maps in the previous section where there was a significant concen-
tration of population in Central Helsinki in 1981 but by 2008 there was a much more even 
distribution of population into the surrounding regions. The curve is similar to that resulting 
from the changes in spatial coverage of large stores. There has been an increase in the amount 
of territory where large stores are located and these stores are no longer found to be in a few, 
concentrated locations. Furthermore, the progression of this trend in large stores is not com-
pletely smooth. There are years such as 1987, 1993 and 2004 where there appears to have been 
a greater uplift in the relative entropy of large store distribution. 

The most interesting curve is that which resulted from the change in spatial coverage of small 
stores. There was an increase in the evenness of distribution of small stores from 1981 to a peak 
in 1984. After several years of fluctuation there was a sudden, dramatic decline in the spatial 
coverage of small stores in the years 1991 to 1999 indicating that there was increasing concen-
tration in the spatial distribution of small stores in fewer regions. However this then immedi-
ately began to grow again strongly in the new millennium until it reached a value in 2008 that 
indicated that the spatial coverage of small stores was almost the same as in 1991. This would 
indicate that whilst there were less stores these stores are providing a similar relative scale of 
spatial coverage as opposed to being concentrated in only a few locations. Interestingly the 
relative entropy through counts has recovered stronger in terms of evenness of its relative en-
tropy value than it has when using store size values instead. 

7.4 Density analysis approach

The entropy method is a great way for looking at how the overall distribution of a feature has 
changed within a region. If it can be shown that the distribution has changed then the next step 
is to try and identify locations within the region where that change has originated. This requires 
a more spatial, location specific method. 

In their methodological review of spatial methods that had been used in previous studies to 
measure the food environment, Charreire et al. (2010) found that the most common approach 
in comparing and assessing neighbourhoods’ access to groceries was to define a buffer zone 
around a relevant point of interest. Of the 29 studies that they reviewed, this method was 
adopted in 18. There has been an increased focus in urban health studies on evaluating the 
accessibility of food resources for populations living in residential areas. Accessibility to food 
resources is especially important for populations with limited mobility and revenue and this 
buffer method is identified as a reliable method for identifying areas that have lower or higher 
access to food resources (Apparicio et al., 2008). 

We intend to evaluate whether this widely used research method can help in attempting to 
gain an insight into how the accessibility of grocery stores have changed in the Helsinki Met-
ropolitan Area during the study period.  

Methodology 
In the majority of the studies where this method has been used the purpose has been to try 

to assess how the accessibility of grocery stores differs across a study area, generally for the 
purpose of isolating areas of ‘food deserts’. We theorise that the same method could also be 
used to investigate how the provision and distribution of grocery stores has changed over time 
and especially how these changes may differ between different store formats. As before we in-
vestigated two different factors in grocery store accessibility in this study; i) small format gro-
cery stores and; ii) large format grocery stores. 
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Charreire et al. (2010) found a variety of buffers utilised in the studies they reviewed ranging 
from 100 to 2500 metres, often depending on store format type. In this study we have decided 
to use a distance of 500m for access to small format grocery stores. This is the same distance 
used in many previous studies (Donkin et al., 1999; Clarke, Eyre and Guy, 2002; Larsen and 
Gilliland, 2008). This distance is explained as taking six to seven minutes for an average adult 
walking between 74-88m a minute. However the return journey laden with shopping bags 
could increase this journey time to ten minutes (Donkin et al., 1999). From the KOKKKA sur-
vey conducted in 2008 the average distance travelled to a small store was around 750m but the 
median distance travelled was just over 400m. Therefore using their insights 500m felt a suit-
able distance for historical analysis. 

For the larger stores we needed a larger buffer size to reflect individuals who travelled to 
these locations via car or public transport. This was slightly trickier to determine, as it is likely 
to vary between study areas, depending upon issues such as transport infrastructure. We again 
decided to use information gathered in the KOKKKA survey, described in the previous chapter, 
to assist in determining a suitable value. There we had matched individuals with their chosen 
large format grocery store and then calculated the distance between their home address and 
the chosen store address. Once all the distances were calculated, we then carefully examined 
their distribution. It was determined that the most suitable distance to use for this analysis 
would be 2000m. This was slightly above the average distance between home and large format 
store calculated as being 1900m; however, the linearly increasing spatial coverage of large for-
mat stores, as shown in the previous entropy section, meant that historically the average jour-
ney distance was likely to have been slightly longer. 

The use of the road network database was not suited for this analysis due to the long temporal 
nature of the study. The only road network that was readily available to us was for 2008 and it 
was known that the transport infrastructure of HMA had changed significantly between 1981 
and this date. It is worth noting however that other authors have felt that in their study area 
the current road network is a satisfactory approximation of the historical road network (Larsen 
and Gilliland, 2008).  Nevertheless, it was felt that results gathered from distances calculated 
along our road network may be misleading as major new roads, bridges and infrastructure de-
velopments have occurred since 1980 that would make many route distances likely to be highly 
inaccurate. If it is not advisable, or indeed impossible, to calculate distances using a road net-
work many studies have found using Euclidean distance to be more advisable than other dis-
tance measures such as Manhattan (Apparicio et al., 2008). Thus after careful consideration, 
Euclidean distance measures were determined to be best suited for our analysis and therefore 
are used throughout this section of the study. Other common proxies, instead of a distance 
measure, for the degree of spatial separation between two locations are travel time and gener-
alised travel cost (Baradaran and Ramjerdi, 2001). If improved data on transport infrastruc-
ture or other comparable sources, such as travel diaries, for the study period had been available 
then assessments of the best proxy measure could have been made.  

Using the Nielsen store database, layers for each year and each store format class where cre-
ated in ArcGIS. We then created a buffer of the requisite size around each store. The smallest 
region size that was available to us was that which we had utilised in the simple plotting visu-
alisations. This region size was immediately obvious as being too coarse a resolution to allow 
any meaningful results to be gathered from this form of analysis when overlain by these buff-
ers, particularly in the case of 500m buffers for small stores. Instead, a grid of 250m by 250m 
cells was created for the whole of the HMA. The spatial resolution of this grid matched that of 
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the grid cells used by Statistics Finland to convey socio-demographic data. These grid cells 
were the areal units used in much of the subsequent analysis and centroid points were calcu-
lated for each grid cell. For each year of the study period a cell was then allocated a value of 1 
if its centroid fell within a buffer zone of a store and a value of 0 if it was outside. This analysis 
was initially done for all stores and then repeated for small stores with 500m buffer zone and 
large stores with a 2000m buffer zone. An area was then designated having lost access to a 
store in a certain year if in that year there was access to a store but in the following year that 
access was no longer present; and vica versa for a store gaining access to a grocery store. 

It should be recognised that a grid cell could lose its accessibility to a store in one year and 
then regain accessibility in a later year. This could be because the location of the closed store 
was reused by a new store or that the area was served by a new store opening in an alternate 
location but still within the designated distance of that grid cell. 

To try to uncover possible competition effects between large format and small format stores 
a further analytical step was undertaken. It was recognised that a comparison of areas that had 
lost access to small stores but had gained access to large stores might reveal some aspects of 
the competitive interactions between these two grocery store formats. For this purpose we iso-
lated all the areas that had lost access to small stores within 500m of their location at some 
time during the study period. We then selected from these areas those that had also gained 
access to a large grocery store within 2000m at some time during the study period. Using this 
information we were then able to examine aspects such as whether the loss of access to small 
stores came before or after the gain of access to large stores as well as finding the average time-
period between these two events. 

Results 
Figure 33 shows a map of the Helsinki Metropolitan Area highlighting areas that had access 

to a small format grocery store within 500m in 2008 and areas that had had access to a small 
format grocery store during the study period but had lost this access prior to 2008. 

Figure 35 shows a map of the HMA highlighting areas that had access to a large format gro-
cery store within 2000m in 1981 and areas that then gained access to a large format grocery 
store during the study period between 1981 and 2008. 

Over the whole 28-year study period there have been 3856 grid cells that have had access to 
a small format grocery store within 500m. The number of grid cells with access to a small store 
in 1981 was 3161 and this declined to a figure of 2271 grid cells with access in 2008. The total 
number of grid cells that lost access to a small store over the study period, including those that 
then regained access to a subsequent small grocery store, was 1922. The chart shown in Figure 
34 illustrates this change in number of grid cells with access to small grocery stores over the 
study period. 

Visually the most apparent pattern is how isolated a large portion of the study area has be-
come to the presence of small format grocery stores. The pattern historically was one of largely 
continuous coverage in that for large parts of the HMA there were many places that would have 
had access to at least one small grocery store within 500m. By 2008 the distribution of small 
grocery stores was still fairly consistent with the distribution historically in terms of its extent 
but now the presence of stores within that extent is sparser and so there are many areas be-
tween stores that now no longer have that access to small stores that they once enjoyed. Indeed 
if one had the inkling to be metaphorical; the landscape is reminiscent of one where rising 
water levels have eroded the margins of the area of accessibility leaving isolated islands of ac-
cess to small stores. 
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Figure 33 Map showing coverage of small format stores 
 
 

 
 
Figure 34 Grid cells with access to small stores 
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Figure 35 Map showing coverage of large format stores 

 
Over the whole 28-year study period there have been 6289 cells that have had access to a 

large format grocery store within 2000m. The number of cells with access to a large store in 
1981 was 2514 and this increased to a figure of 5935 cells with access in 2008. The total number 
of cells that lost access to a small store over the study period but gained access to a large store, 
excluding those cells that always had access to a large store, was 952. The chart shown in Figure 
36 shows this change in number of grid cells with access to a large grocery store over the study 
period. 

 

 
 
Figure 36 Grid cells with access to large stores 
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Of the cells that lost access to a small store but gained access to a large store during the study 
period 3.9% of these cells lost access to a small store and gained access to a large store in the 
same year. 35.2% of these cells gained access to a large store in the years after their accessible 
small store had closed but 60.9% of the cells lost access to their small grocery store in the years 
after they had gained access to a large format grocery store. In both these cases the average 
time between gaining access to a large store post or prior to losing access to a small store was 
7 years.  

These areas where loss of access to small stores came in years following the same area gaining 
access to large stores were the result of the closure of 94 small stores, although in two cases 
these small stores where enlarged to become large format supermarkets. Of the remaining 92 
stores approximately 30 belonged to either SOK or Kesko with another 11 belonging to Suomen 
Lähikauppa.  

One of the frequent uses of this buffer method was a method of identifying food deserts 
within urban areas (Apparicio et al. 2007; O’Dwyer & Covney, 2006 (Clarke, Eyre and Guy, 
2002; Larsen and Gilliland, 2008) as well as the provision of access to differing grocery prod-
ucts and their relationship to demographic type. The results from this thesis have the potential 
to be used for similar research purposes but unfortunately there is not the space to explore 
these factors in depth. In addition we currently do not have the data sources that would be 
needed to pursue these investigations across the whole study period. Preliminary investigation 
using the Statistics Finland Grid database for 2008 does show that of the households present 
in the HMA area 84.6% of those had access at some point in the study period to a small grocery 
store within 500m of their house. By 2008 that percentage had fallen to 63.8%. If we quickly 
focus on a demographic group, namely households over 65 years of age, where loss of access to 
basic local grocery needs may cause an issue we can see that approximately the same propor-
tion of these at risk households have access to a small grocery store within 500m walking dis-
tance of their home at 66.6%. This is down for again roughly the same proportion as all house-
holds that have had access at some point in the study period at 88.8%. 

7.5 Discussion

The previous section shows that there has been contrasting differences in fortunes between 
large and small format grocery stores over the 28 years comprising our study period. Large 
format stores had thrived at the expense of small format stores. Time trend analysis reveals 
indications that, in addition to a general change in preference towards larger formats by retail-
ers, there was some interplay between the growth of large stores and the closure of small stores. 
This was reinforced when looking at whether the closure of small stores affected the entire 
study region equally or whether there were clusters of store closures at specific locations in 
similar years. That this phenomenon was present could also point to the influence of larger 
stores influencing the closure of small stores due to the spatial nature of retailing and compe-
tition as explained in chapter 3. 

Part of the reason for change in retail distributions is that the population distribution of HMA 
has not remained consistent over the study period. Figure 31 A shows that the peripheral re-
gions of HMA have seen huge growth in population compared to the central districts, that have 
seen a much lower rate of growth. Of course, the peripheral regions started with a much lower 
base population level in 1981. Hence, if we turn to Figure 32 C we can contrast to the entropy 
curve for HMA for population distribution over the study period. This shows a steady growth 
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in the level of relative entropy. This indicates that the population growth in HMA over the study 
period has reduced the concentration of population in the central areas found in 1981 so that 
by 2008 the population concentration is far more dispersed over the whole of HMA. Therefore, 
we might expect that the spatial distribution of grocery retail would not be constant after all 
through the study period but would change in accordance with the growth in population as 
new customers generally require new stores to service their grocery needs, unless there is a 
chronic shift in the way that they access stores for their grocery shopping. 

In 1981 the few large format store existed in only 10 of the 22 (45%) regions that subdivide 
HMA. Of the regions where there was a large format presence, the highest value for large store 
grocery area per household could be found in central Helsinki and the eastern regions of Espoo. 
The high amount found in central Helsinki is interesting as it goes against the general thoughts 
about large format stores, as outlined in Chapter 3, which is that they tend to be found in out 
of town locations. Due to its geography as a peninsula, Central Helsinki is far more constrained 
in terms of its urban area than the rest of HMA.  

Over the course of the study period large format stores increase their presence to 18 out of 
the 24 regions (82%) of HMA. Looking at the map in Figure 31 B the concentration of large 
store grocery area per household almost forms an arc running from east to west around the 
central Helsinki region, indicating that large format store have opened in more traditional out 
of town locations over the course of the study period. Figure 31 B also shows one of the prob-
lems with using pre-designated administrative regions. The region with the highest large store 
area per household is also one of the regions with the lowest number of households. This does 
not just mean that the households in this regions are particularly well served as it is extremely 
probable that the large stores located in this region serve at least the neighbouring regions and, 
conceivably, locations beyond that. 

The findings for Small store changes show a very different pattern. In 1981 there was a fairly 
even coverage of small stores across the whole of the HMA area. In 2008 all the regions still 
contained small stores but the amount of small store area per household had reduced dramat-
ically. Some of the regions with the greatest reduction were regions that had either seen the 
biggest growth in large store area per household or regions that had not had a large store in 
1981. What is interesting is to contrast the graph in Figure 32 A with Figure 18 in chapter 6. 
The later graph shows in terms of store counts the number of stores declining sharply after 
1984 whereas in terms of total size comprised by small stores the numbers grow slightly in the 
early 1980s only to start declining sharply after 1988. The lines decline constantly in both cases 
only to level out in the late 1990s with another sharp drop in 2005.  

The graph for entropy shows a different picture. Whilst small stores may have been declining 
steadily in terms of numbers and total size volumes it wasn’t until 1993 that the entropy suf-
fered a major decline. This fall in 1994 coincides with the introduction of new legislation that 
positively affected large stores at the expense of small stores. Whilst the numbers fell for a few 
years what is interesting is that in terms of counts the values then rise again so that by 2008 
the relative entropy value is comparable to that in 1992. This means that whilst the store num-
bers have declined dramatically the stores that remain have a similar distribution as they did 
historically. In the years in between the pattern of closures was resulting in an increasingly 
concentrated distribution of stores in certain locations but as the years progressed the pattern 
of closures eroded that concentration to leave a more even concentration by 2008. Again, if we 
refer back to chapter 6, Figure 29 shows that the significant clustering of closures occurred at 
different location in different time-periods. 
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The simple visualisations and entropy graphs both highlight important changes in the distri-
bution of stores across the HMA over the study period. However as they are restricted to using 
administrative areas with fixed boundaries it is more difficult to assess how access to grocery 
stores has altered over the period. Therefore, we have looked at creating buffers around each 
individual store to assess the amount of coverage each store format network had throughout 
the study period. The size of these buffers had to be predetermined which we did based upon 
previous research as well as information from our shopping survey. This revealed interesting 
results. With small grocery stores what had once been a fairly constant coverage over much of 
the HMA had been eroded to leave isolated outposts of areas with access to a small grocery 
store. On the other hand due to the far larger accessibility buffer around the larger stores, 
caused by the frequent use of a car to access these stores, we found the opposite effect. What 
had been isolated areas of access around individual large stores had changed to an almost con-
stant coverage across the majority of the HMA study area. This change implies that for house-
holds without access to a car the ability to access a grocery store may have become much more 
difficult than it had been when they could comfortably walk to the nearest store. This is an area 
that has the potential to be studied further as the implications of figures such as the proportion 
of elderly households having access within a capable walking distance had fallen from 89% to 
67% are quite substantial. People could of course use public transport to access stores that are 
more distant but the cost in terms of effort, ease of access and perhaps money will have in-
creased. 

The difference between certain graphs is interesting too. The graph in Figure 34 does not 
show the same large bounce that is present in Figure 20 of Chapter 6 regarding numbers of 
small format stores. Instead, there is a constant uptick of number of grid cells with access to 
small stores from around 1997. This change reflected to an extent in the small store format 
entropy graph in Figure 32 A. The difference is the entropy graph takes into account the falling 
number of stores to show that the relative coverage of those remaining stores is growing, per-
haps indicating a move by retailers to spread access to small format grocery stores to more 
areas, rather than clustering together in specific locations. 

The contrast to Figure 19 in Chapter 6 regarding large stores in terms of grid cells with access 
to large stores is also noteworthy. In terms of total size and counts for the most part the change 
between years is at a fairly constant rate of growth. There does not appear to be a too dramatic 
jump in any direction between any two years. To an extent this is true of the growth in relative 
entropy shown in Figure 32 B as well apart from a jump between 1992 and 1993. However in 
terms of coverage this is a very different pattern. Between 1984 and 1994 there are a number 
of quite dramatic increases in the coverage of large format stores across the study area. Post 
1994 the increase in coverage is much more gradual and seems to be steadily decreasing in 
magnitude from year to year, perhaps indicating some level of ‘saturation’ across the study 
area. In addition, there is one big jump in total size of large stores in the area from 1998 to 
1999. There is no just dramatic jump in the coverage of large stores suggesting this extra space 
is opening in areas that are already covered by existing large format stores. 

Another interesting picture produced from this buffer analysis regarded the timing of grid 
cells and their gain or loss of access to the alternate store types. Nearly 61% of the cells that 
loss access to a small store occurred in the years after the same cells had gained access to a 
large format store. On average, this window was found to be around 7 years. At this point we 
cannot state that this shows clear evidence that large stores may be influencing the closure of 
small stores but, combined with the results from the time series analysis in the last section, it 
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does seem to strongly indicate that there is an element of interplay between the formats that 
may negatively impact small stores beyond retailers evolving preferences. Further indications 
perhaps of this effect can be shown by the figure that of the 92 small stores whose closure 
affected these cells post access to a large format store, 51 of the stores (55%) belonged to stores 
outside the umbrella of the three current big Finnish grocery chains. 

Whilst the analyses conducted in this section have produced interesting and meaningful re-
sults, we can still recognise there are some clear problems remaining. Considering the simple 
indicators and buffer techniques, we are left mainly examining the differences between the 
beginning and the end of the study period. Whilst we could, for example, produce a map for 
every year of data this would provide a huge amount of information to display in a single chap-
ter. A series of maps is also a very static way to view data and it is often very difficult to identify 
any spatial trends from looking at a map series, particularly if the trends are slowly changing 
or occur piecemeal over a number of years. The clustering of store closures at different loca-
tions at different times in the last chapter as well as the shape of the figures for entropy and 
numbers of grid cells in this chapter reveal that there is a very real chance that there are im-
portant patterns of change occurring within certain time periods within the study period. Ra-
ther than classify stores by what has occurred to them over the whole period it would be more 
useful to classify areas by changes that have impacted them concurrently within that period. 

We have already talked about the issue with using fixed boundaries but even with buffers, we 
are left with an element of discrete classification; Yes, if they are present within the buffer size, 
no if they fall anywhere outside. It is also more difficult to assess the differences between loca-
tions that are well supplied with a range of alternate substitutable grocery retailing alternatives 
and locations where there is access to a sole grocery store that provides the only grocery retail-
ing option for that location. Therefore, it would be beneficial to assess the integral accessibility 
of locations as well as the relative accessibility. This will be the focus of the next section where 
we build upon the analyses done here. 
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8. Assessing change in potential accessibility 
to grocery stores and deriving submarket 
clusters based upon historic trends

In the previous section we used the buffer method which acted as a discrete measure; i.e. was 
there a presence or absence at locations of different format grocery stores within a set distance. 
The method used in the buffer analysis provided an effective measure to investigate the com-
plete loss or gain of access to grocery stores. However, we theorise that a more accurate picture 
of changes in spatial distribution may be gained by looking at how the relative provision of 
grocery store availability has changed. We can do this by identifying locations and periods 
when major changes in the availability of grocery stores in the study area occurred, and inves-
tigate how this has differed for large and small store formats. 

One such method that has been used previously in grocery retailing studies is Kernel Density 
Estimation. After a great deal of consideration, we felt that the methodology for kernel density 
estimation is in many ways a compromise between the previous buffer methodology and the 
following potential accessibility measure. This became apparent in the results that failed to 
demonstrate any facets of interest that were not already covered by either of the other methods. 
Therefore, we decided to not include the analysis within the main body of this thesis to avoid 
repetition. However, for the purposes of completeness, the results for the kernel density anal-
ysis are presented in Appendix B. We have also included a brief overview of the method in the 
following section as a lead into the potential accessibility measure we will adopt. 

 Kernel Density Estimation works on the assumption that a pattern of interest has a density 
at any location within the study area, not just at the locations where an event can be found 
(O’Sullivan & Unwin 2003). This density is produced by calculating the number of points 
within a region that is centred on the location for which the estimate is to be made. In the 
simplest form, a search area of fixed radius is created around an event and the number of other 
event points located within the search area are summed and then divided by the total search 
area to obtain the density value for each cell within the area.  

Unlike the ubiquitous buffer method, the use of kernel density estimation to assess the spatial 
distribution of grocery stores was only found in two studies, both by Moore et al. (2008a, 
2008b), in the methodological review of Charreire et al (2010).  

By creating a density map using kernel density estimation you are in essence spreading point 
values out over a surface (McCoy & Johnston 2001) and this allows you to gather a clearer 
picture of where there are higher and lower concentrations of point features or values.  

Moore et al. (2008a) selected this method as they hypothesised that a greater density of su-
permarkets within a mile from a respondent’s home would be related to a greater perceived 
availability of healthy foods within the same 1-mile radius. In their study the density of stores 
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were calculated for a 10 by 10 m grid across the study area and then each respondent was as-
signed a value reflecting the density of stores within a mile of their home address. These values 
were then used as variables within a regression to examine association of store densities with 
respondents’ perceived accessibility to healthy foods.  

We have run a kernel density analysis on our data and the results are shown in Appendix B 
Kernel Density Analysis produces results that encounter some of the same problems as found 
in the previous chapter. The choice of bandwidth for the analysis can have a major impact on 
the outcome of kernel density analysis, especially as stores outside the bandwidth are not in-
cluded in that location’s analysis. Therefore, the issues of using a discrete element remain in 
the analysis. Rather than focus on kernel density analysis we will focus instead on measures 
the potential accessibility. This method allows us to incorporate and train elements of the 
model based upon actual consumer shopping behaviour, unlike the kernel density estimation 
method. 

As with the previous analysis visual inspection of results for a static time-period can reveal 
localised patterns but for temporal analysis further investigation is generally needed. In this 
chapter we will concentrate on using a technique that allows us to calculate the relative acces-
sibility of every location to all grocery opportunities in the study area across the period. This 
then allows us to analyse the changes through time and to create submarkets that are defined 
by the pattern of change in grocery accessibility through time.  

8.1 Spatial interaction potential approach

In the previous chapter we have proceeded stage by stage to investigate with increasing com-
plexity and increasing spatial resolution the changes in the distribution of retail grocery stores. 
This progression using feedback from each stage fits neatly into the description of the spatial 
process outlined in chapter 4. 

The previous methodologies outlined provide us with evidence of whether the distributions 
have changed. In addition they allow us to identify overall temporal patterns as well as some 
overall spatial patterns. Our goal though is to implement a method that would allow us to clas-
sify the study region into sub-markets where the pattern of change has been similar across the 
study period. We can theorise that these patterns exist due to the spatial nature of retailers’ 
decision-making, as described in chapter 3, as well as demographic and population changes 
brought about by new developments. The methods in the previous sections will be built upon 
by switching the emphasis from how the distribution of the location of grocery stores has 
changed, to instead focus on the level of potential accessibility to grocery retailing at any loca-
tion within the study area. We will then assess how this has changed through time. 

The use of potential accessibility measures in geographical, retail and urban studies has been 
widespread since the 1940s and are thought to be amongst the most used of the accessibility 
measures (Baradaran and Ramjerdi, 2001; Geurs and van Eck, 2003; Geurs and van Wee, 
2004; Liu and Zhu, 2004; Iacono, Krizek and El-Geneidy, 2010). The use of potential models 
as accessibility measures are commonly recognised as being introduced by Hansen (1959). Ac-
cordingly ‘…accessibility is defined as the potential of opportunities for interaction.” (Hansen, 
1959). Therefore in this scenario accessibility ‘…is a measure of the intensity for of the possi-
bility of interaction rather than just a measure of the ease of interaction.’  
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These types of measures are also often termed ‘gravity-type’ accessibility measures in the 
literature as they measure the destination opportunities available to an origin location dis-
counted by function of distance. Hence they fit into the concept of integral accessibility as de-
fined in the opening section of chapter 7.  

Indeed the form of this function is derived from the denominator of the common gravity 
model (Iacono, Krizek and El-Geneidy, 2010). As a measure this has the benefit of combining 
elements of land-use and transport. The concept incorporates the customer’s perceptions of 
distance as a deterrent in their store patronage decision-making by utilising a distance-decay 
function. The challenge with adopting this method is in selecting the correct function for the 
distance deterrent. To this end the functional form should be selected, and the function pa-
rameters estimated, using empirical data on consumer shopping behaviour in the study area 
(Geurs and van Wee, 2004).  

The potential index does share some similarities with the kernel density estimation proce-
dure, in that in both cases the opportunities to a location are weighted according to a function 
of distance as an impediment to travel. The main advantage of the potential accessibility meas-
ure is that it allows every part of the model specification to be controlled, especially the func-
tion of the distance-deterrent (Salze et al., 2011). As stated above real world consumer behav-
iour data is included in identifying the most realistic model for calculating the effect of distance 
deterrent. It also allows the calculation of accessibility levels for all areas of the study region, 
whereas with kernel density the size of bandwidth selected is more important than the type of 
decay function used and anything outside the bandwidth is assumed to have no access. 

This type of Hansen accessibility measure has been used in grocery retailing to assess access 
to local grocery retail offerings (Guy 1977 & 1983). The measure reflects the opportunities for 
grocery retailing that are available for locations across the study area and is related to the scale 
and provision of the grocery service (Clarke, Eyre and Guy, 2002).  In this section we calculate 
the accessibility levels to a) small format grocery stores and b) large format grocery stores 
across the study area for each year. We will then discuss some of the results before using a 
cluster methodology to analyse the pattern of changes in accessibility levels for locations across 
the study period. 

Methods 1: Potential Accessibility Index 
The methodology for creating a potential accessibility measure is set out in chapter 4, equa-

tion 28. We have decided to follow Salze et al. (2011), who were influenced by the work of 
Ingram (1971), in using a probabilistic approach. This approach allows us to identify the prob-
ability for interaction at a given distance and overcomes many of the limitations of using the 
volumes of interactions in defined distance bands. 

To be able to create the measure, the first step is to identify the form of the distance decay 
curve that best fits the data. We wish to model the declining interactions with retail stores of 
interest by consumers as distance from those stores increases. 

The data used to identify the best-performing model, and then calibrating that model’s pa-
rameters, was the aforementioned KOKKKA survey data. As we explained in chapter 5 on data 
this survey contained information on grocery store choices made by consumers in the HMA. 
From this data we were able to ascertain their store choices in relation to large and small format 
grocery stores as well as their home location. As discussed previously we used Euclidean dis-
tance as we were using the results to analyse historical changes. 

Once the best-performing model had been selected and the relevant model parameters cal-
culated we were then able to use the formula above to calculate the Potential for Interaction 
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Index for locations across the HMA. We again used the 250 by 250 m grid taking the centroid 
of each grid cell as the location for which to calculate the potential for interaction. We ran the 
whole procedure for every year for accessibility to small stores and then repeated the procedure 
for large format stores.  

Once this analysis was conducted, surfaces showing the changes in potential for interaction 
to a specific store format for each year can be created and visualised within GIS software. The 
changes across the landscape and between each year can then visually be compared. However, 
as with kernel density estimation, the sheer amount of data means visual inspection can be 
tricky and it is easy to overlook relevant patterns. What we determined was of interest to us 
was to see if we could classify locations into areas that had undergone similar transformations 
in their change in accessibility to grocery stores. We wished to determine if there were partic-
ular areas that had, for example, suffered a heavy decrease in potential accessibility to small 
format grocery stores in one period, say the 80s and 90s, but had then had an upturn in their 
accessibility potential in another, say after the millennium. 

Methods 2: K-means clustering 
The method that we settled on to investigate this possible phenomenon was K-means clus-

tering. This method groups observations into k number of clusters based upon how close an 
observation is to the mean of all the observations that constitute that cluster. The first stage of 
the method is to assign all the observations in the dataset into k clusters and then to calculate 
the squared distance between each observation and the mean of each cluster. Once the squared 
distance is calculated if it is found that the observations sits closer to the mean of another clus-
ter than the one it currently resides in then that observation is reassigned to the other cluster 
and the clusters are recalculated. This process is repeated until none of the observations needs 
to be reassigned (Lily et al. 2012) 

For each location we had 28 variables, one for each year. Each variable contained a figure 
representing the accessibility potential to a store format type during the course of that year for 
each grid cell. Our aim was to establish whether clustering the temporal information at each 
grid location could provide meaningful results. As the goal of clustering is to identify structure 
within a complex dataset by organising each strand of data into homogenous groups where the 
within-group similarity is minimised and the between-group similarity is maximised (Liao 
2005), a good clustering method should able us to group locations where the change in acces-
sibility to grocery stores has followed a similar pattern throughout the study period. 

Each location could be thought of as containing a time-series that represented the changing 
accessibility to small stores over time. A time series can be easily defined as sequence of real 
numbers, each number representing a value at a time point (Fu et al. 2004). The interest in 
clustering of time series has arisen from the problem of querying large databases to identify 
similar time series, a problem of increasing importance due to the exponentially increasing 
amount of data that is being captured of a time-series nature. Due to the sheer number of time 
series that have the potential to be generated it is often desirable to determine groups of similar 
time series. 

Clustering of time series has importance if we regard the aim of time series analysis being to 
obtain insights into phenomena, to uncover trends or repetitive patterns as well as to forecast 
future behaviour (van Wijk & van Selow 1999). These methods used in this analysis rely heavily 
on the ability to measure the similarity or dissimilarity between time series (Kalpakis et al. 
2001) hence the desire to use clustering methodologies. However before clustering can be car-
ried out we needed to standardise our information. In analysis of stock market series this 
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standardisation through normalisation allows the analyst to bring together stocks that follow 
similar trends but are valued differently. It has been found that this allows better clusters to 
result than if comparing the actual series (Gavrilov et al. 2000) 

Therefore to produce efficient results we needed to follow several pre-processing steps. As 
we are interested in clustering the time series through identifying series that follow similar 
trajectories, rather than overall values, we need to normalise each series so that they are di-
rectly comparable. For example if an area went from values of 5 to 20 and back to 10 over three 
years that would have the same significance to us as another area that went from 20 to 80 and 
back to 40 as long as the years these shiftsoccurred in were the same. One method of normali-
sation for analysing time-series is to first compute the mean of the vector coordinates and then 
divide the vector by its L2 norm. 

The equations to produce the arithmetic average of each time series vector is as follows 
 

38) ̅ = ∑  
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Where ̅ is the average of all values in a time series with n values.  
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Where L2 is the L2-norm and V’’ is the resulting normalised values for each time series (Zieg-
ler et al. 2010).  

These normalised time series where then analysed in R to identify the correct k-means clus-
tering criteria. Once the individual time-series were clustered we then could examine the spa-
tial distribution of each cluster as well as the mean development of potential accessibility to 
each format over time for each cluster. 

8.2 Results

We used the bottom 95% of the KOKKKA respondents in terms of distance to their selected 
store. This enables us to remove some obvious outliers in terms of unlikely distances travelled 
by respondents to their most frequented store. These anomalies are likely due to factors that 
aren’t revealed by the nature of the survey question, such as frequenting a store close to their 
place of work, the store being close to parent’s, the store being close to their summer cottage 
or errors in data entry due to misunderstanding of the question. We also used a minimum 
distance of 25m to small stores and 50m to large stores to account for any rounding errors in 
the geocoding of both respondents and stores. 

This resulted in a median distance from selected small stores of 419m and a mean distance 
771m with a standard deviation of 1126. The median distance to a selected large format store 
was 1256m with a mean distance of 1914m with a standard deviation of 1812. As shown in Figure 
37 below there are major differences shown in the cumulative probability graphs shown below. 
Small format stores indicate a very steady steep decline, almost from the start, until a sharp 
elbow forms in the graph around the 1000m distance. This would indicate that up until 1000m 
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there is a very sharp increase in the effect of distance as a deterrent up, then after this point 
the effect of distance as a deterrent is a lot less.  

The pattern for the probability of spatial interaction for large format stores is quite different. 
The graph shows that the rate of decline in probability as distance increases is far shallower 
than for small stores. Although as distance increases there is an understandably lessening ef-
fect of distance as a deterrent there is nowhere near as sharp a change as there is for small 
stores. This could be due to the spatial distribution of the stores in that there are few locations 
that are beyond 2000m from a small store. 

We first applied the Goux typology of distance decay functions as advocated by Taylor, as 
described in Chapter 4, table 2, to transform our data on spatial interactions. None of these 
functions resulted in an optimal linear pattern regarding the effect of distance as a deterrent 
in the likelihood of our survey respondents patronising a small store. The best fit from these 
methods was found to be the Pareto model. 

 
42) =   ( ) 

 
However although this model resulted in a fairly high R2 of 0.936 when examined this trans-

formation can be seen to result in probabilities closer to the store being under estimated 
whereas distances further from the store are over estimated. There are also considerations 
about the basic premise of the method as we needed to designate fixed distance bands for which 
counts of occurrences are first made and then standardised using the area covered within each 
band. The choice of distance bands therefore consigns the features to non-continuous regions 
and the choice of radius for the bands will affect the outcome. 

 

 
 
Figure 37 Distribution of probabilities of spatial interaction at a given distance. A) small format grocery B) large 

format grocery stores.

The outcomes from the negative exponential model and the log-logistic model both provided 
superior results. The equations were calculated in R using the non-linear regression tool. Fig-
ure 38 below shows the resulting probabilities calculated from each regression against the ac-
tual distribution of probabilities for interaction in relation to small stores. Three different lines 
are plotted in addition to the actual distribution. First the results from the Non-Linear regres-
sion on the negative exponential function, then the results from the linearised form of the neg-
ative exponential function (following Salze et al. 2011) and finally the results of the predicted 

A B 
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values from the log-logistic functional form. The graph labelled A shows the entire distance 
range whilst the graph labelled B is restricted to the decay over the first 2000m. This graph 
highlights the differences between the results of each method over the crucial shorter dis-
tances. What is immediately clear is that the results from the linearised version of the negative 
exponential function fit the actual distribution of probabilities worse than the other two lines.  
The predicted values from the non-linear regression of the negative exponential fit fairly well 
until about 750m where the model then results in the continual underestimation of the proba-
bility for spatial interaction. However it can then clearly be seen that predicted values from the 
log-logistic function closely represent the actual distribution of probabilities and so this would 
appear to be the most suitable distance decay function to use in calculating the potential for 
spatial interaction for small format grocery stores. This result is confirmed by the regression 
results where the non-linear negative exponential regression resulted in an R2 value of 0.991 
and a RSS figure of 1.220 versus a higher R2 value of 0.999 for the log-logistic regression and 
a RSS 0f 0.90. The coefficients calculated for the log-logistic function are shown in Table 12. 

 
Table 12 Results of Log-Logistic non-linear least squares regression for small stores 

 
Coefficients Estimate Std. Error P-Value 

α -10.56 0.0113 0 
β 1.75 0.0019 0 

 

   
 
Figure 38 Results of Distance Decay Regressions for small stores A) all distances B) up to 2000m 

 

 
 
Figure 39 Results of Distance Decay Regressions for large stores. 



Assessing change in potential accessibility to grocery stores and deriving submarket clusters based upon historic 
trends

127 

 
The results for the large stores are a little harder to interpret. As can be seen from the Figure 
39 above both the negative exponential model and a straightforward exponential model give 
almost identical distributions of probabilities. This is easily seen in the resulting coefficients 
for the models where the negative exponential model has a calculated β figure very close to 1. 
This method first underestimates the probability until around 1000m where it then over esti-
mates the probabilities until just below 4000m. In contrast up until 4000m the log-logistic 
model far better fits the actual distribution of probabilities. However after 4000m this method 
overestimates the probabilities by a larger margin than the other methods. The log-logistic 
function of distance decay results in a higher R2 value of 0.999 versus 0.980 for the other 
methods. After consideration we decided that as at the higher distances the resulting spatial 
weights will be far smaller than those for shorter distances the error from the over estimation 
of probabilities by the log-logistic function will be less important. Therefore we decided to 
again utilise the log-logistic function in the calculation of the potential accessibility index for 
large format stores. The results of the log-logistic function are shown in Table 13. 
 
Table 13 Results of Log-Logistic non-linear least squares regression for large stores

 
Coefficients Estimate Std. Error P-Value

α -11.61 0.0123 0
β 1.63 0.0018 0

 
The next stage after determining the correct distance decay function, and calculating the as-

sociated parameters for that function, was to begin calculating the Potential Accessibility for 
each grid cell in HMA in each year of the study period, first to small stores, then to large stores. 
The general formulation of the potential accessibility measure used, and already laid out in 
chapter 4, was 

14)  =  ∑  
 
where  has been determined as the log-logistic distance decay function and  is the 

level of attractiveness of store j given by the size of the store. Computationally this was a big 
task as for each year and for each format, the accessibility for each of the 12576 grid cells to 
each individual store needed to be calculated and then aggregated to produce the potential 
accessibility indexes. For small stores this involved over 152 million calculations, with a further 
20 million calculations required for large stores. 

Small Store Results 
Once all the requisite potential indexes had been calculated and checked for each cell we 

could then carry out the next stage of analysis. Figure 40 below shows the results of calculating 
the simple percentage change in potential accessibility of each cell to small format stores from 
1981 to 2008.  

As you can see, a complex picture of how accessibility to small stores has developed over the 
period is shown by this simple measure. Overall, there has been a significant average change 
in accessibility of around -32%. This mean that areas shown on the map in the lightest shade 
of blue have lost accessibility to small stores in line with the decrease in the total amount of 
potential accessibility contained in the study area. 
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Figure 40 Change in potential access to small stores between 1981 and 2008 

 

 
 
Figure 41 Average access to small stores between 1981 and 2008 

 
Therefore, these areas have maintained roughly the relative level of accessibility to stores 

they originally had. The most interesting areas are those that are either dark blue or orange 
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and red. As the map shows the areas which have actually undergone an improvement in their 
potential accessibility to small stores are to be found largely in the municipality of Espoo in the 
western side of the map. Areas that have undergone the biggest loss in accessibility to small 
stores can be found to the north east of the municipality of Vantaa, the eastern areas of Helsinki 
and also along the coastal region of Espoo. One of the most interesting results that this analysis 
highlights is that the coastal region of Espoo, running from Tapiola west through to Kirkko-
nummi, has declined immensely in its loss of potential accessibility to small stores. However 
in contrast there is an area immediately to the north of Kirkkonummi that has undergone a 
significant increase in the amount of potential accessibility. Then there is another much larger 
area further north of this coastal extent of decline that has also benefited from an increase in 
accessibility to small stores over the time-period. 

To try and understand how the patterns of change in potential accessibility have developed 
more fully we attempted to cluster the time series for each cell to identify in which areas the 
development in potential accessibility was broadly similar and also to reveal what that pattern 
of development looked like. We determined the number of clusters to derive through k-means 
by calculating the average silhouette scores for a range of clusters from 2 to 15. We then plotted 
these scores as shown in Figure 42. From examining these results, as well as checking the num-
ber of cells in each cluster, we wanted to avoid having clusters containing only a minimal num-
ber of grids cells. We decided to divide the region into nine clusters, representing the submar-
kets, based on these findings. 

 

 
 
Figure 42 Average silhouette scores for small store clusters

Figure 43a below shows each grid cell for HMA plotted and categorised by the cluster mem-
bership to which it has been assigned. The location of these clusters is shown in Figure 44. 

Prior to running the clustering we had normalised the time series for each grid cell as we were 
interested in identifying cells where the change in potential accessibility levels had occurred at 
the same time and at the same relative magnitude. Without this step the clustering would have 



Assessing change in potential accessibility to grocery stores and deriving submarket clusters based upon historic 
trends

130 

instead mainly produced clusters based upon the overall level of potential accessibility and so 
not focused on the patterns of change. We also tried looking at percentage change but found 
that the normalised time series provided a clearer result. 

A drawback of pursuing this methodology is that the results are more difficult to describe and 
require some additional work to reveal their patterns. Figure 43a below shows the mean cen-
tres for each of these 9 clusters plotted against time. From this at first glance it looks like cluster 
9, which covers central Helsinki, has the lowest potential accessibility to small stores in 2009. 
This is not the case as in actual fact this area still has the highest level of potential accessibility 
in 2009. Instead, the pattern of the time series shown in this figure show the relative pattern 
of movement where the overall level of accessibility has been standardised so each cluster can 
be compared to the others regarding the pattern of movement. So a low negative value in 1980 
doesn’t mean that the level of potential accessibility to small stores was low compared to other 
clusters in real terms, just that the level of accessibility was low relative to the levels achieved 
later in that cluster. 

Another issue is that, as you can see in Figure 43a, there are different shapes to each cluster’s 
time series, the overall pattern of change in total potential access in the HMA area is dominant. 
To highlight the difference between each cluster it is instead better to remove this overall time 
trend as much as possible. To this end Figure 43b shows a standardised graph of these cluster 
centres where the average value for all the clusters for each year has been subtracted from the 
cluster centre figure. This allows us to clearly demonstrate how the cells contained within each 
cluster have changed in respect to their potential accessibility. Therefore each series in Figure 
43b shows the relative level of accessibility at each year of each time series in relation to the 
overall trend of change in potential accessibility within HMA. 

Due to the number of clusters and their dynamic behaviour, these graphs may appear con-
fusing at first. However, there are 3 clusters whose magnitude of accessibility change is imme-
diately obvious, clusters 1, 8 and 9.  

Cluster 1 is one of the smallest clusters in terms of number of grid cells and shows areas that 
had very low level of potential accessibility, relative to its later performance, to small stores at 
the beginning of the study period. However, unlike the other clusters, this submarket is char-
acterised by a dramatic rise in its relative accessibility to small stores through the eighties to 
the mid-90s. After this period the rest of its history is marked by a constant relative decline in 
the accessibility levels compared to the other clusters. These areas are ones where the devel-
opment of small stores occurred strongly in close proximity through the 1980’s and early 
1990’s but then that growth halted and declined after that date. 

Cluster 8 is also a small cluster in terms of its geographical coverage. This is a cluster where 
the potential accessibility was relatively low for most of the study period only to grow sharply 
at the turn of the millennium. This is caused by a number of small stores opening in locations 
in a very similar short time period where there had previously been no close small grocery 
store.  
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Figure 43  A) K-means centres for annual potential accessibility to small stores B) standardised version C) stand-

ardised version minus extreme clusters 
 
Cluster 9 is very interesting. It covers Central Helsinki and the area across the bay on the 

eastern side of Helsinki. The general trend has been a relatively high initial level of relative 
accessibility that then fell through the 80s and 90s to an ultimate nadir in the mid-90s. After 
this, the relative accessibility of small stores grew dramatically over the next decade to a peak 
in the mid-2000s. After this, the accessibility again fell sharply over the next four years. This 
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drop at the end is very interesting as it signifies that in the last few years, there has been a 
decrease in the number of small stores in proximity to this central area. To examine the re-
maining clusters more clearly we have also shown Figure 43c, which is the same as Figure 43b, 
but with these more dramatic clusters excluded. 

The remaining clusters cover far larger areas of HMA and hence are less dramatic in their 
movements but still show very interesting results. Cluster 6, which forms an arc through Es-
poo, shows an area that had extremely low relative accessibility to small stores at the beginning 
of the study period.  

However, the level of relativity accessibility rose rapidly through the 1980s. From the 90s 
onwards the relative accessibility of this cluster remains constant apart from a slight fall and 
recovery in the 90s. Cluster 2 had a decline in relative accessibility though the 90s but has 
recovered very strongly in relative terms in the 2000s. Cluster 3 had a large relative gain in 
accessibility to small stores in the early 90s followed by an immediate decline in the late 90s 
back to the relative level of accessibility commensurate to its starting level. Cluster 4 represents 
areas that on average have remained at a relative mean level for the whole study period. It is 
no surprise that this ‘norm’ covers the largest amount of HMA in terms of its geographic cov-
erage. Cluster 5 is similar for a large part of its history with the exception that this cluster 
started from a point of relative high potential accessibility but this declined very rapidly in the 
first few years of the study period. 

 

 
 
Figure 44 K means clusters submarkets of potential accessibility to small stores 

 
Cluster 7 is categorised by quite distinct changes. Until the end of the 1980’s the relative po-

tential accessibility is broadly in line with the average, maybe slightly below. In the early 1990’s 
there is a sharp jump upwards in terms of this clusters relative potential accessibility and this 
remains constant for a decade until the turn of the millennium. After 2003 the relative poten-
tial accessibility of cells in this cluster falls dramatically and these locations go from some of 
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the cells with the best potential accessibility to small stores to cells with some of the worst. 
Geographically this cluster is much like cluster 6 in that there is a large concentration across 
part of Espoo and then the remainder of the cells are scattered across the area in several local-
ised occurrences. 

Whilst these patterns of movements are extremely interesting on their own, it is also benefi-
cial to relate the clusters to their overall level of potential accessibility. We did this by taking 
the median cell value for each cluster of the initial time series of unaltered levels of potential 
accessibility to small stores. These series are shown in Figure 45 below 

 

 
Figure 45 Median potential accessibility to small stores for each cluster 

 
This shows us that cluster 9, central Helsinki, has always had the highest level of accessibility 

to small stores. In many ways, this would agree with the concepts put forward in bid-rent the-
ory in Chapter 3. Despite the overall downward trend seen across HMA as the number of small 
stores declined the levels in this area had grown after an initial drop to almost their 1980’s 
levels in 2005 before dramatically dropping, as highlighted in figure 43b. We can also see that 
cluster 4 which was very steady in the initial analysis is also the area that has by a long way the 
lowest levels of potential accessibility historically. As this is potential accessibility is only gen-
erated by stores located some distance away from this area, the impact of stores opening and 
closing is diluted by distance. Cluster 1 is also very obvious in the way it bucked the trend over 
the first 15 years of general decline to instead grow strongly. 

Large Stores Results 
The results from the small stores analysis relate well with the analysis into the development 

of potential access to large stores within the HMA. In this case the overall potential access in 
the system has increased steadily throughout the system as more large stores have opened dur-
ing the period. Figure 46 shows clearly the change in potential access varying across the HMA.  

The maps for change in potential access to large stores and average value of potential access 
to large stores are noticeably less complex visually than the same maps for small stores. This 
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is due to the considerably smaller number of large grocery stores and the greater distances 
from store they attract consumers from, which acts in many respects as a smoothing operator. 

Figure 46 shows all locations gaining in potential access to large stores over the whole study 
period. The smallest gain in access to large stores has taken place in central Helsinki and its 
environs as well as parts of central Espoo. Much of this area matches the locations that have 
had the highest average access during the study period. The noticeable exceptions to this is 
firstly Eastern Helsinki which has a high average access to large store value but also has had a 
large gain in access to large format grocery stores. Secondly, we find that North Eastern Hel-
sinki has a high gain in potential access to large stores but this does not result in a high average 
value in potential access. Examining the underlying figures reveals the low base that this area 
started from regarding access to large stores. 

The phenomena that is apparent in these maps can once again be examined further by clus-
tering each grid cells individual time series into submarket clusters. Again, average silhouette 
values were calculated for clusters numbering 2 to 15. For large stores we decided on 8 as the 
number of clusters that best partitioned the data for our purposes. The silhouette values are 
shown in Figure 48. 

 

 
Figure 46 Change in potential access to large stores between 1981 and 2008 
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Figure 47 Average access to large stores between 1981 and 2008 

 

 
 
Figure 48 Average silhouette scores for large store clusters 

 
The results of the cluster analysis are shown in Figure 49. The most obvious cluster in terms 

of its differing behaviour is cluster 4. This cluster consists of locations that are situated on the 
central Helsinki peninsula as well as on locations bordering the bays either side of central Hel-
sinki. In the normalised series shown in Figure 49a the level of potential accessibility remained 
constant for the first decade for this submarket.  
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Figure 49  A) K-means centres of annual potential accessibility to large stores B) standardised version 

 
Whilst this level of access remained steady when viewed in relation to the rest of the submar-

kets this resulted in a relative general decline. This means that although people living in this 
area would not have seen much in the way of change in relation to their access to a large grocery 
store, inhabitants in much of the rest of HMA were seeing a growth in their level of access to a 
large grocery store. In around 1992 the level of potential accessibility dropped dramatically due 
to the closure of the large format store that provided much of the service to these locations. 
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After the year 2000 inhabitants in these locations found that now their ability to access a large 
grocery store was growing rapidly.  

 

 
 
Figure 50 K means cluster submarkets of potential accessibility to large stores 

 
 

 
 
Figure 51 Median potential accessibility to large stores for each cluster 
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The locations in Cluster 7 make-up a band running North to South through Vantaa and East-

ern Helsinki. The first few years of the 1980’s the level of accessibility remained constant. This 
is the same pattern across all the submarkets. This is to be expected as no new large format 
stores opened or closed in those first few years. From the mid 1980’s through to the mid 1990’s 
the level of potential access to large stores grew rapidly in these location. This is particularly 
dramatic when viewed against the relative change across the other supermarkets. In these 
years, this submarket was affected by the opening of a number of large format stores in close 
proximity, therefore negating the effect of distance decay on their influence.  Since 1992, rela-
tive to the other locations within HMA, the level of relative potential access to large format 
stores has gradually declined.  This would indicate possible levels of saturation, meaning that 
after this moment, large stores opened in locations that were too distant to impact this sub-
market that was already well provisioned in terms of large format stores. 

Cluster 6 forms an interesting geographical ring around Cluster 4 but also extending up fur-
ther into Espoo into the area around Leppävaara. The movement of potential accessibility 
through time in this cluster broadly follows that of Cluster 4 but at a smaller magnitude.  How-
ever, it is interesting to contrast this with Cluster 3. Cluster 3 is mainly located to the east of 
Cluster 7. In relative terms, as shown in Figure 49b, Cluster 3 and Cluster 6 move in an almost 
directly opposing fashion. When one declines relative to the rest of HMA the other grows. In 
fact the correlation between the two relative series is -0.88. Nothing can be concluded conclu-
sively from this finding about the interactions between these two areas but the pattern is intri-
guing. 

Clusters 2, 5 and 8 have fairly consistent performance in relation to overall changes across 
HMA throughout the whole study period. Cluster 1 forms a similar pattern through the 1980s 
to cluster 4 and cluster 6 in that, relative to the rest of HMA, the level of potential accessibility 
declines. In real terms this equates to no real change in the level of potential accessibility 
through this decade. This area sees its real growth in accessibility to large stores from 1992 – 
1995 and from 2000 – 2001. 

If we look at Figure 50 we can again see the approximate median levels of potential accessi-
bility to large supermarkets across each of the submarkets. We can see that Cluster 4, which is 
that central peninsula area of Helsinki, has consistently the highest levels of accessibility. Con-
versely, Cluster 2, which covers most of north and western Espoo, has consistently the lowest 
levels. If we compare Figure 51 to Figure 49, we can see the patterns of the series are broadly 
consistent. 

What we can clearly glean from this analysis is that there are different effects regarding the 
changes in retail landscape of the Helsinki Metropolitan Area for both small format and large 
format retail stores. Whilst the overall pattern of change due to changing prevalence of alter-
nate format types overshadows any cursory examination of the data, by taking a more complex 
approach we can demonstrate this pattern of change is not reflected at every location in the 
retail landscape. We can then take this further to identify areas within the landscape where the 
pattern of change has been fairly homogeneous. 

8.3 Discussion

In the previous chapters we have looked at the evolution of grocery store numbers of different 
formats over time firstly at an aggregate, regional level and then secondly at a more localised 
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level. This move focused first at large sub-regions for simple visualisation plotting and then at 
a small sub-regional level for entropy analysis. The final section of the previous chapter focused 
upon individual stores and their immediate surroundings. All these methods used discrete con-
tainers for their analysis. Even the individual store analysis used fixed size buffers that yielded 
a discrete yes/no result as to whether a location was included as being within a catchment of 
each store. 

The grocery retail landscape of an area affects everyone who lives within that area. However 
not everyone who lives within an area has the same degree of access to grocery stores. Some 
areas are very well provided for in terms of grocery store opportunities but others are not. As 
we will demonstrate in a subsequent section, there is not always a compulsion for consumers 
to visit their closest grocery store. In some locations, consumers will have a wide choice of 
stores and so can choose their preferred store based upon their selection criteria. Other loca-
tions will be very limited in grocery store choice so the consumer will have to make compro-
mises in their selection criteria or add an extra burden of travel to fulfil their requirements. 

This section was designed to create measures that allow us to determine the level of grocery 
store provision to consumers at every location within the study area. We used a measure of a 
potential accessibility to grocery stores to represent the changing grocery retail landscape re-
garding different store formats across HMA. We then analysed whether that level of grocery 
store provision had remained constant over time or whether different areas had found that 
their potential access to grocery stores had altered dramatically within the study period.  

We used a measure of potential accessibility to grocery stores as it allowed us to incorporate 
real world analysis into consumer grocery store shopping behaviour to enhance our model be-
yond pure theoretical constructs. The analysis of real world shopping behaviour threw up a 
number of very interesting results on its own. Before discussing these results we should men-
tion a couple of aspects of this real world data that should be borne in mind when analysing 
the results. 

The data we used was from a comprehensive survey of peoples shopping behaviour con-
ducted at the very end of our study period in 2009. Aspects of the results will therefore be 
shaped to a degree by the distribution and shape of the grocery retailing landscape at that time. 
Whilst this should be recognised, we feel that this real world data still gives a better indication 
of the deterrent effect of distance on consumer’s shopping behaviour than an entirely theoret-
ical construct. 

Examining the distance decline curves for both small and large stores in itself is highly in-
formative.  As you would expect the probability of patronage of small stores declines very 
sharply with increasing distance and 50% of respondents patronised a small grocery store 
within 420m of their house. Figure 38 B shows in greater detail the distance decay curve for 
small stores. For the first hundred metres, the small store distance decay curve declines more 
gently then it does subsequently. This may be a result of the arrangement of respondents and 
stores distribution or it may indicate a slight zone of indifference. What is interesting is the 
sharp elbow in the graph at about 1km suggesting that up to a kilometre the effect of distance 
has a strong deterrent effect but after that effect is less strong. It may indicate that in HMA 
people will patronise a small store to a distance of about kilometre but are unlikely to travel 
further. 

The shape of the large store distance decay curve is strikingly different to that of the small 
stores. This curve declines more gradually but also more consistently. The data shows none of 
the sharp elbow effect that is so obvious in the small store decay curve. Interestingly both decay 
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curves are best approximated using a log-logistic decay function. This function fits small stores 
extremely well at nearly all distances. We selected a log-logistic function for large stores as 
although it did not fit the data perfectly at long distances it was the most proficient at small 
and medium distances. As the overall weight at long distances is naturally less we felt it was 
more important to represent the shorter distances accurately. 

Through calculating potential accessibility surfaces we are able to create a swathe of useful 
analyses. This method allows us to not just explore each year in isolation but to now develop 
metrics that allow us to explore the changing relationships between grocery store formats and 
their impact on the surrounding landscape in a lot more detail. 

We have found in the previous chapters that the overall trend of declining access to small 
grocery stores dominates the analysis. However, by using the methods laid out in this chapter 
we have shown that that trend is not consistent across either time or space. Some areas have 
even grown in their potential access to small grocery stores. Even more can be revealed when 
examining relative changes in accessibility, i.e. once the overall trend has been stripped out. 
The breaking down of the Helsinki Metropolitan Area into submarkets based upon changes in 
access to grocery stores is extremely revealing. 

Potentially the most interesting area is that of the central Helsinki peninsula, as well as its 
immediate environs. If we plot the relative changes in potential accessibility for Cluster 9 for 
small stores versus Cluster 4 for large stores, the submarkets for both formats that cover the 
Central Helsinki area, we get the following graph: 

 

 
Figure 52 Central Helsinki Clusters - relative levels of potential accessibility 
 
The graph is interesting as is shows periods where the changes in relative levels of both store 

formats are similar and other periods where they are vastly different. Running an acf analysis, 
as described in chapter 4, reveals a highly significant negative correlation at a 1-year lag be-
tween changes in large store potential accessibility levels and changes in small store potential 
accessibility levels. The level of this correlation is -0.69. This suggests there is evidence of a 
potential relationship between changes in large stores potential accessibility levels occurring 
in this location followed by an opposite change in the levels of potential accessibility to small 
stores. These quite dramatic changes are especially interesting in light of the fact that these 
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areas had the smallest population growth, as shown in Figure 31 of chapter 7. Large changes in 
population may be one explanation for the increase of access to grocery stores but the popula-
tion of this central Helsinki area has stayed fairly constant over the study period, due in part 
to this acting as the historic centre in terms of residential and business real estate usage of the 
whole HMA area. The end of the study period marks the lead up to the major global recession 
of the end of the decade and it is possible that small stores would feel the impact of this more 
keenly than large stores. Alternatively, there could be explanations due to retailers restructur-
ing of their portfolios or strategies.  
A quick exploration of other areas were submarkets for small stores and submarkets for large 
stores occupy a similar area leads us to Cluster 3 of small stores and Cluster 3 of large stores. 
Both of these clusters occupy an area at the far Eastern edge of our study area. The graph for 
both the levels of relative potential accessibility to stores for both grocery formats is shown in 
Figure 53 

 

 
Figure 53 Eastern Helsinki and Vantaa Clusters - relative levels of potential accessibility 

 
The shape of both these series is broadly similar but with the noticeable difference in that the 

series for small stores generally moves first and then is followed by the series for large stores. 
This is borne out by the acf test on the annual change in potential accessibility series for both 
grocery store formats. The correlation figure for these series is in fact as high as 0.74. This 
could be indicative of the same forces having an effect on both grocery store formats. Small 
grocery stores are in all likelihood simpler to open or close, due to economies of scale, than 
large stores. Therefore, the series for changes in potential access to small stores would be ex-
pected to react quicker to these external forces than large format grocery stores. The boom in 
access to grocery stores of each format types throughout the 1990s is intriguing and would be 
worth pursuing in a more detailed study to see whether this was due to effects of city planning 
implementations, demographic shifts or other such phenomena.  

The formation of these submarkets is what we would expect from the results of fast subur-
banisation where the impact of development and retail change has not been equal in every area. 
The increase of car ownership and the demographic changes outlined in chapter 5 show the 
rapid changes that had occurred in the area. These will have had an effect on the development 
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of the retail landscape regarding grocery shopping. The gradual rise to dominance of the duo-
poly of K and S-markets will also have had an impact on the accessibility of stores by HMA 
residents. This is because as the range of brand choices diminished the store location strategies 
of those two major players would have come to dominate. 

There are a couple of issues with this methodology that should be noted. We have had to use 
Euclidean distances to calculate the distance from grid cell to grocery store. Ideally we would 
have had a travel network available for each year as this would have given us an improved 
measure of potential accessibility as we could have accounted for physical barriers and routing 
issues better. In addition, within the structure of the questions regarding grocery store choice 
in the survey, there was no clear way to identify whether the store patronised by a respondent 
was visited from their home location or work/ alternate location. Finally using k-means clus-
tering produced good results but we should always bear in mind when looking at these results 
that the clustering method used required every grid cell to be assigned to a cluster. Therefore, 
within each cluster there are cells whose strength of membership is stronger or weaker than 
the other cells in that cluster. 

The biggest drawback is in ease of interpreting the results. As we normalised the data in the 
first instance to create the clusters, relating this back to real world changes is more complex, 
especially as we needed to isolated the interesting aspects of change from the overall pattern 
that more/less large/small stores present in the study area would automatically raise or lower 
the level of potential accessibility between the years. 

We can see from these results that by exploring the historical nature of changes in potential 
accessibility to different grocery formats uncovers a wealth of information and allows us to 
identify aspects of this change that would be worth further study. 

As we discussed previously we trained the data using information provided through a survey 
into people’s shopping behaviour conducted in 2009. Whilst this does give us, a very useful 
real world dataset we should be aware that respondents behaviour will be conditioned to an 
extent by their grocery landscape at that time. Whether past changes in accessibility could af-
fect how people shop in the present day is one aspect that we will study in more detail in the 
subsequent chapters where we model respondent’s store choices on a range of factors, one of 
which is the level of historic change in accessibility of grocery stores. 
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9. Investigating the presence of spatial varia-
tion in variables pertinent to retailing deci-
sion making

The previous sections have focused upon an in-depth investigation into the temporal and spa-
tial changes that have occurred within the Helsinki Metropolitan Area’s (HMA) grocery retail-
ing landscape. We have found that there have been significant variations in these changes in 
both aspects. This has allowed us to make steps towards classifying the area into separate sub-
markets regarding their long-term patterns of grocery retailing change. These submarkets have 
been broken down into two major format types: large format grocery stores and small format 
grocery stores. One way of looking at this analysis is that we have been investigating how the 
supply of grocery retailing has evolved throughout the HMA. We have examined, for each lo-
cation in the study area at each time point for the study period, how much theoretical ‘supply’ 
of grocery retailing was available to a respondent living there and then. This supply was real-
ised in the form of all the grocery options available, whose magnitude was indicated by the 
stores sizes, tempered by their distance decay from the consumer’s location. 
Our analysis showed that whilst there were obvious temporal trends when looking at the Re-
gion as a whole, these trends differed significantly once we looked at the patterns at a localised 
level. In this section we are now switching our focus from the historic supply of grocery retail-
ing to examine how the demand for grocery retailing can vary across HMA. In particular, we 
will once again focus upon whether patterns revealed by studying the Region as a whole can 
hide significant differences in the relationships that occur at a localised level. 
This investigation of the landscape of demand for grocery retailing within HMA will be con-
ducted using data from a large-scale survey that was conducted in 2008/2009 throughout the 
HMA. More information on this survey can be found in the data description section of chapter 
5. 
Due to the complexities of conducting a survey of this kind, we only have data pertaining to 
one specific time-period. Whilst it would have been interesting to explore how the demand for 
grocery retailing shifts in line with the spatio-temporal changes we have seen in supply of gro-
cery retailing, this is unfortunately unachievable with the data we have available to us. How-
ever, we are fortunate that the period the survey was conducted coincides with the final period 
of our study into the supply of grocery retailing. This will allow us to investigate and examine 
patterns between the historical change in supply of grocery stores at a localised level and the 
localised patterns of demand for grocery retailing. We theorise that there may be a relationship 
between a location’s long-run relationship with access to grocery stores and the consumer-
decision making regarding grocery shopping of inhabitants at those locations. 
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We touched upon consumer’s decision-making in our discussion of retailing location theories 
in Chapter 3. In this section we will first look briefly upon some of this literature and the find-
ings of previous studies.  
The aim of this part of our study is to investigate the factors that influence a consumer’s deci-
sion-making regarding patronisation of grocery stores and identify any spatial variation in in-
fluence of these factors. Previous studies have assumed relationships identified through mod-
elling the choice process are consistent for the whole study area. We will investigate whether 
this assumption is valid or whether there are intrinsic differences in relationships that can be 
identified between locations across the study area. Our first stage of analysis will be to thor-
oughly investigate spatial phenomena relating to variables that may influence grocery retailing 
decision-making behaviour and their location within HMA. We will use survey responses to 
extract a number of elements that could potentially influence the grocery store decision. We 
will examine the distribution of values relating to these variables to see if there is any spatial 
homogeneity.  
In the next chapter we will present a logistic regression model to establish relationships for the 
entire study area. We will then add to existing literature on retail patronage behaviour by ex-
tending this model to a logistic geographically weighted generalised logistic model to deter-
mine the existence of non-stationary relationships in the pattern of consumer behaviour.  Be-
fore we do this, a key part of aiding our understanding will be to determine if the submarkets 
of historic grocery retailing supply created in the previous chapter demonstrate significant dif-
ferences to each other in terms of their inhabitants’ preferences and socio-economic makeup. 

9.1 Established Knowledge of Consumer behaviour

Understanding consumers’ store choice decision-making is fundamental in maintaining a suc-
cessful retailing business and accounts for a large percentage of the work conducted by retail 
analysts (Reynolds & Wood 2010, Hernandez & Bennison 2000). By gaining insight into con-
sumers’ patronage behaviour, retailers are able to identify and target those customers most 
likely to frequent their stores (Pan & Zinkhan 2006). By extending our understanding of the 
spatial dimension of stores and consumers, it is possible to extend the knowledge on consumer 
patronisation. Traditionally this has been accomplished by adopting models that investigate 
the significance of store proximity to the consumer in their patronage decision-making as store 
location is widely accepted as being key to a successful retail enterprise (Li & Lui 2012). The 
majority of store-patronage models incorporate a measure of distance or accessibility of stores 
to the consumer as one factor in understanding a specific aspect of consumer behaviour, such 
as the effects of store brand and consumer ethnicities (Fotheringham and Trew 1993) or eval-
uating the spatial effects of inter-format competition of hypermarkets (Gonzalez -Benito 2001).  
It has long been recognised that the decision to patronise a store based on distance and a sim-
ple measure of attractiveness, such as size, is too simplistic and that a straightforward measure 
of distance from the home is often an inadequate reflection of the cost of travel to a consumer. 
It has also been argued that a measure of the effects of competition and agglomeration of avail-
able, alternative, store choices should be included; a concise overview of these measures can 
be found in Li and Lui (2012). In reality the level of attraction of a store may be represented 
mathematically by a function that takes into account aspects such as size, price, parking areas, 
opening hours, product range and so on (Suarez-Vega et al. 2011). Research has also focused 
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on the motivations and socio-demographics of consumers as regards their store choice mech-
anisms. A comprehensive meta-analysis of previous studies has been conducted by Pan & 
Zinkhan (2006). Their study provides an overview of the product-relevant - attraction and im-
age - factors as well as the personal -demographic - factors that have been identified in previous 
research.  
Pan and Zinkman (2006) categorised the antecedents of retail patronage into three distinct 
groups. Firstly, there are product relevant factors that pertain to the products retailed at the 
stores, examples being quality and price. Secondly, there are market-relevant factors that per-
tain to the retailers themselves. Lastly, there are personal factors that pertain to the consumers 
of these goods, such as their socio-demographic makeup.  
We will focus on a few key potential predictors of retail patronage behaviour starting with find-
ings regarding price. Previous studies have found that there is a general consensus that low 
prices can increase levels of retail patronage (e.g. Tellis & Gaeth 1990). However, the relation-
ship is not quite so clear-cut in that for some sectors of consumers high prices are perceived as 
indicating higher product quality and so are more attractive for those sectors (e.g. Dodds et al. 
1991). The product selection of a store is also theorised to impact on levels of retail patronage. 
A large selection of products on offer can minimise the perceived costs of using that shopping 
destination as consumers can carry out much of the retail needs in just one store (e.g. Dellart 
et al. 1998). 
Regarding market-level factors, previous studies hypothesise a positive correlation between 
convenience (in this case factors such as opening hours, location and parking of a store) and 
the level of retail patronage. (Berry et al. 2002). We have discussed accessibility in terms of the 
cost of travel time from a consumer’s location to store but it is also stated that other store fac-
tors such as opening times can also increase the attractiveness of a store to a consumer.  
Concerning the consumers themselves there is a considerable body of work suggesting con-
sumer demographics may influence the levels of retail patronage (Pan & Zinkman 2006). In-
terpreting this literature is more complicated as contrasting results have been found in differ-
ent studies regarding the same demographic profiles. For example, Pan & Zinkman (2006) 
outline the results of a study by Crask and Reynolds (1978) that found the most frequent pa-
trons tend to be younger, better educated and with higher incomes. However, a contrasting 
study by Roy (1994) found that younger shoppers have more constraints on their time and are 
less likely to frequently patronise a store. 
Therefore before we move on to more complex modelling of retail patronage behaviour it would 
first be useful to explore in detail factors that we theorise may influence consumer’s retail store 
patronage decisions, especially regarding whether there are spatial variances present in those 
factors. 

9.2 Creation of data variables

A full detailed description of the data sources used in this section can be found in Chapter 5. 
The following paragraphs deal with extraction and processing of relevant factors from those 
data sources that were identified as being potentially pertinent to the discussion of grocery 
store retail patronage. Additional variables relating to the stores as well as variables to account 
for spatial effects will be introduced in the full model but for now we will concentrate on vari-
ables relating to the consumers.  
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Once respondents who had failed to complete the relevant questions from the KOKKKA ques-
tionnaire pertaining to this study were removed, we were left with a sample size of n=3563 for 
the HMA. When analysing the spatial distribution of the survey respondents, the resulting 
Pearson Correlation Coefficient of 0.915 shows that the density of respondents correlates 
strongly with the density of population living in the HMA. In terms of spatial distribution then 
the results of the random sample approach that was used to distribute the survey has resulted 
in a distribution that closely resembled the underlying spatial distribution of the study area. 
The main source of data used in the modelling process was obtained from further interrogation 
of the KOKKKA survey. The final form of the survey consisted of 19 different sections concern-
ing shopping area choices, shopping frequencies, travel modes, possible difficulties, attitudes, 
opinions and background information. 

Grocery Store Preference Variables                                                                        
The first set of variables that were included in the model reflected the respondents’ preferences 
towards different aspects of grocery shopping. These factors were created by colleagues on the 
KOKKKA project, Ari Hyvönen and Simo Syrman, and results of their analysis can be found in 
the KOKKKA research project report4. We worked in tandem with Hyvönen and Syrman on 
their section of the project and were satisfied that the variables were well suited for the mod-
elling process that this study required.  
A brief description of their approach is now included as a guide to the construction and purpose 
of these grocery store preference variables. Question 15 in the survey consisted of 25 questions 
relating to how important different aspects of grocery shopping were rated by the respondent 
on a scale of 1 to 5, one being not important and 5 being very important. From these 25 ques-
tions they used Principal Components Analysis with Varimax rotation to produce 6 Choice Ori-
entations pertaining to the respondents’ grocery store preferences, where the higher the score 
the more important that choice orientation was to their shopping preferences. We are aware 
that the usefulness of rotation for Principal Components is debatable as rotation is designed to 
maximise the variance of factors. Unlike factor analysis, principal components analysis already 
maximises the variance (Demšar et al 2013). Our colleagues acknowledged this point but also 
indicate its long held popularity (Cort & Dominguez 1977, Piercy et al. 2002) and feel that the 
results are suitable for our analysis. 
The one exception to the scoring system was transportation offerings where the higher the 
score the more preference the respondent showed towards aspects relating to driving and the 
lower the score the more preference the respondent showed towards aspects relating to public 
transport. 
 The six choice orientations can be approximately summarised as:  
 
RC1 – Amenities and Service provision of store 
RC2 – Ancillary Services and Community 
RC3 – Convenience 
RC4 – Transportation offerings 
RC5 – Price 
RC6 – Proximity and Accessibility 
 
The full results matrix produced by Syrman and Hyvonen is shown in Table 14 below. 

                                                           
4 that can be accessed at http://lib.tkk.fi/Reports/2010/isbn9789526035420.pdf 
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Table 14 Principal Component Analysis for grocery store preferences 

 
Rotated Component Matrix Component 

  RC1 RC2 RC3 RC4 RC5 RC6 

There is locally produced food options 
(e.g. vegetables, fruits, bread, meat) 0.77 0.18 -0.02 -0.07 -0.07 0.07 

There are experts in the staff 0.76 0.19 0.13 0.06 0.11 -0.13 

There are specialty counters (eg. meat, 
cheese, bread) 0.74 0.15 0.05 0.06 -0.07 -0.11 

There is a pleasant shopping atmosphere 0.67 0.18 0.09 0.12 0.2 0.03 

The shop is environmentally friendly 0.66 0.21 -0.07 -0.07 0.05 0.27 

The products are of high quality 0.66 -0.08 0.26 0.08 0.2 -0.07 

There is a wide assortment of products 0.64 -0.02 0.29 0.08 0.26 -0.17 

There are good recycling facilities 0.6 0.29 -0.11 0.1 0.12 0.27 

The staff is familiar to me 0.53 0.39 -0.09 0.11 0 0.14 

There are public services nearby (eg. tax 
office, library) 0.14 0.78 -0.04 -0.06 0.17 0.06 

There are auxiliary services in the shop 
(eg. post office counter, banking services) 0.19 0.76 0.02 0.04 0.15 0.07 

I may meet friends while shopping 0.3 0.6 -0.12 0.01 0.09 0.06 

There is a home delivery service 0.04 0.52 0.19 -0.07 -0.06 -0.22 

I can use any credit card 0.21 0.4 0.15 0.16 0.1 0.02 

It's easy to do the shopping with kids 0.06 0.36 0.22 0.22 0.23 0.05 

The shopping is done quickly 0.03 0.01 0.81 0.04 -0.02 0.19 

The products are easy to find 0.22 0.11 0.72 0.06 0.06 0.06 

I get all I need from one place 0.01 0.03 0.68 0.06 0.13 0.13 

There are good parking facilities 0.21 0.16 0.09 0.87 0.13 0.03 

The parking is free 0.14 0.15 0.09 0.86 0.22 0.03 

The shop has good public transportation 
connections 0.15 0.28 0.02 -0.65 0.15 0.21 

The shop has cheap prices overall 0.05 0.1 0.09 0.03 0.86 0.1 

There are good bargains in the shop 0.07 0.21 0.04 0.02 0.84 0.04 

I have the loyalty card of the store 0.28 0.11 0.07 0.2 0.47 -0.01 

The shop is close to my home 0.07 0.01 0.17 0 0.05 0.77 

The shop is located conveniently (eg. work 
trip, leisure activities) -0.08 0.02 0.38 -0.13 0.06 0.68 

Extraction Method: Principal Component Analysis. 
Rotation Method: Varimax with Kaiser Normalization. 

        

Socio-economic Variables  
Age and income were not identified by Pan & Zinkhan (2006) as significant predictors of retail 
choice. We determined to explore whether this was the case for our study area and whether 
other socio-demographic variables may provide more significant predictors. In addition we 
wanted to explore whether there may be local relationships between these variables and store 
choice that aren’t apparent at the global level. 
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The variables for the Respondent’s family status were defined by comparing the number of 
people of different ages living in the household and information about the respondent’s spousal 
status. We combined this information to avoid any multicollinearity between variables in the 
later model and to clarify the analysis somewhat. This resulted in five dummy variables. The 
first category was a nuclear family composed of two parents and children households. The sec-
ond variable represents single households. The third variable represents single parent house-
holds, the fourth variable is for couples living together and the last variable is for households 
whose family status was unable to be determined from the data.  
The second previously identified variable was the age of the respondent. We kept this variable 
in the format it was extracted from the survey, namely as a single continuous variable. 
We were interested in whether the car ownership status of the household affected their store 
patronage decision-making. From the survey responses we were able to create a dummy vari-
able reflecting whether the household owned a vehicle. The reference category was households 
with no cars. 

Another possible factor we considered that could have some bearing on how a respondent 
chooses the store they most frequently visit for their grocery shopping was their employment 
status. From the survey we were able to determine those respondents who fell outside employ-
ment and those respondents who were employed on a part-time basis. The alternate category 
was those respondents who were actively employed. 

The final socio-economic categories were included to see whether income had any influence 
on consumer behaviour. Unfortunately, although there were questions on income in the survey 
the results had proved to be impractical for analysis due to large number of incomplete entries. 
Therefore, we matched each respondent to the Statistic Finland Grid Cell that they dwelt in. 
This dataset consisted of 250m by 250m grid that covers the entire Helsinki Metropolitan Area 
and the dataset we used was from the same time period as when the survey was conducted. As 
well as information of the amount of people who live in each cell the data also included the 
average income level of each cell. We assigned each respondent the average income level of the 
grid cell they inhabited and investigated this variable as a continuous variable in this analysis. 

9.3 Exploring spatial behaviour of identified variables

Method 
From the survey we have isolated a number of potential explanatory variables for our retail 

patronage model. The next stage is to explore whether there is any spatial variation present 
within these variables. We theorise that, when modelling phenomena such as retail patronage 
a global level model may well disguise or aggregate local level differences in patronage behav-
iour. 

To investigate whether there is any spatial pattern to the distribution of the explanatory var-
iables we will look to identify levels of spatial autocorrelation using the same method, Moran’s 
I, that was used in chapter 6. In the previous chapter we presented the results of a Local Mo-
ran’s I analysis. This measure is a class of local indicator of spatial association (LISA) that al-
lows the global indication of spatial autocorrelation, Moran’s I (Moran, 1950), to be composed 
into its individual location dependant components (Anselin 1995). To save on the volume of 
results presented in this section we will show the results as a table of Global Moran’s I values 
so that we can identify whether there is spatial autocorrelation present overall within the var-
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iables. The Global Moran’s I analysis was conducted using a range of Nearest Neighbour band-
widths to explore whether this altered the detection of spatial autocorrelation in the data. No 
major differences were found in the analysis using different bandwidths and so we just show 
the values produced when 256 Nearest Neighbours with an inverse distance weighting were 
used in the creation of the weights matrix. 

To bring the sections of the thesis together we are obviously interested to see whether the 
changes historically in the supply of grocery store may impact the demand in different loca-
tions for grocery retailing. Our results of the analysis into supply resulted in breaking down the 
HMA into a number of submarkets. As can be seen in the maps in Chapter 8 these submarkets 
are largely spatially contiguous. Therefore, it would be of great interest to see whether the spa-
tial variation in each explanatory variable differed between the historical supply submarkets. 
For example, did the levels of incomes represented in each submarket differ significantly from 
each other? It is highly unlikely that changes in grocery store supply had any impact upon the 
actual variations in the explanatory variables. However, we could expect that different areas of 
the study area may have socio demographic profiles that match their historical relationship 
with supply of grocery retailing. For instance, suburbs that have been extensively developed to 
attract young, well off families may also have had a matching development in the supply of 
grocery retailing to service the needs of the new inhabitants. 

To test whether the distribution of explanatory variables changes between submarkets we 
will use one-way ANOVA (analysis of variance). This approach allows us to determine if there 
is any significant difference between values for each variable in each submarket and has been 
used previously to test variability between submarkets (Plummer, Haining & Sheppard 1998). 
The methodology behind the ANOVA tests is described in more detail in chapter 5. 

 
Results  
The results of the Moran’s I analysis into spatial autocorrelation are shown in Table 15: 
Table 15 Moran's I results for Respondent’s 256 Nearest Neighbours

 
Moran's I 

Value p-Value

RC1 0.009 0.28

RC2 0.036 0.00

RC3 -0.004 0.66

RC4 0.127 0.00

RC5 0.038 0.00

RC6 0.008 0.37

Single Household 0.041 0.00

Couple Household 0.011 0.23

Single Parent Household -0.005 0.58

Nuclear family 0.034 0.00

Age 0.061 0.00

Car owner 0.087 0.00

Actively Employed 0.026 0.00

Part Time Employed 0.032 0.00

Out of Employment 0.017 0.05

Income 0.247 0.00
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Many of the variables show some evidence of spatial autocorrelation. Interpretation of Mo-

ran’s I results relies on the interpretation of the three outputs of the test the Moran’s I value, 
the z-score and the p-value. These 3 terms are interconnected as the I-value is used to calculate 
the z-score which in turn is converted to a p-value. Therefore, in this analysis we are focused 
on the z-scores and p-values to identify if the test rejects the null hypothesis of no spatial au-
tocorrelation. A p-score under 0.01 indicates there is very little probability that the distribution 
of values for that variable occurred by chance. We have followed other studies in concentrating 
on the z and p-scores in determining whether the variable shows evidence of spatial autocor-
relation, even if the accompanying Moran I score itself is low (Sage & Goldberg 2012, Osland 
2010, Madetoja 2018).  

If we start with the socio-economic variables we can see that both single person households 
and nuclear households show signs of clustering together across the study area whereas house-
holds of couples and single parents are more randomly distributed. Respondents of the same 
age and those households that own a car also show evidence of clustering in their distribution 
across the study area. Respondents who are actively employed and those who are in part-time 
employment live in similar locations but those who are out of employment fail the test at the 
5% level. As those who are out of employment include the unemployed, retirees and students 
the category may be too heterogeneous to identify if there is significant clustering of each sub 
group within the overall category.  The final variable is income. This shows the highest cluster-
ing of all the variables and shows that neighbourhoods tend to be made up of households who 
enjoy the same level of income. 

When we turn to the psychographic variables we find that of the preference variables RC2, 
RC4 and RC5 show clear evidence that respondents with the same values scores for those var-
iables are found in the same locations to a significant degree. RC2 represents respondent’s 
preferences towards Ancillary Services and Community, RC4 represents respondents’ prefer-
ences towards Transportation offerings and RC5 represents respondents’ preferences towards 
Aspects of the Price of goods. Across the entire study area there is evidence of clustering of 
similar preferences towards these factors. Of the remaining factors RC1, preferences towards 
Amenities and Service provision of store, RC2, preferences towards Convenience and RC6, 
preferences towards Proximity and Accessibility, do not demonstrate evidence of spatial clus-
tering or dispersion of values across the study area. That is not to say there are not isolated 
pockets of clustering but that it is not significant across the entire area. 
The results for the ANOVA tests can be found below in  

Table 16. The two tests differ in that the Moran’s I test is testing for significant clusters of the 
same values for each variable across the entire study area whereas the ANOVA tests are taking 
the submarkets we created in Chapter 8 and testing whether the variance in values for each 
variable within each submarket is significantly different. 

We conducted a one-way ANOVA test on each variable in turn. Taking the variable for the 
respondent’s age as an example, the purpose of the test is to compare the mean ages of re-
spondents who live in each of the submarkets. We run the test to compare the mean ages of 
respondents who live in each of the submarkets for small stores and then run another test to 
compare each of the ages of the respondents who live in the submarkets created for large stores. 
Therefore, with 16 variables and two sets of submarkets we ran 32 ANOVA tests in total. As 
described in chapter 5 the outcome of an one-way ANOVA test is an F-value that measures the 
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ratio of the variation explained by the model and the variation explained by unsystematic fac-
tors, i.e. how good the model is versus how bad the model is. This value can then be compared 
against the value we would expect to get by chance if the group means were equal in an F-
distribution with the same degrees of freedom and from this the level of significance of the f-
value can be determined. 

One of the assumptions of the ANOVA test is that there is a constant variance between each 
of the groups in the test. This assumption is more likely to be violated when the sample sizes 
are unequal, as they are in our study where there are a different number of grid cells making 
up each of the submarkets. To keep it simple we have followed Dean & Voss (1999) who outline 
a simple rule of thumb to calculate the ratio between the largest variance of the variable within 
a group divided by the smallest variance of the variable within the group. If this figure is less 
than 3 we are likely to be able to proceed with a standard ANOVA test. If our variables fail to 
pass this rule of thumb then we can test more formally for the assumption of equal variances 
being violated. This can be determined using Bartlett’s test for testing homogeneity of vari-
ances (Field 2009). If this shows that the assumption is violated we can use a White adjustment 
to create a heteroskedastic consistent covariance matrix estimator and then run the one way 
ANOVA test (White 1980). 

 We found that several variables had ratios well above the value of 3 and the resulting Bartlett 
tests revealed that, for these variables, the variances of between groups were heteroskedastic. 
These variables were, for small store submarket groups single households, single parent house-
holds, nuclear family households, car owners, part-time employees and income. For large store 
submarket groups it was RC2, single households, single parent households, nuclear family 
households, car owners, part-time employees and income. We therefore analysed those varia-
bles using a White adjustment in the test procedure. 
In Table 16 we present the F-values and the accompanying probabilities (p-values) that re-
sulted from each of the 32 tests. 
Table 16 ANOVA test results for both small store submarkets and large store submarkets

 
Small Stores' submarkets Large Stores' submarkets

F Value Pvalue F Value Pvalue

RC1 1.264 0.26 3.167 0.00

RC2 3.343 0.00 9.206 0.00

RC3 1.390 0.20 0.949 0.47

RC4 15.456 0.00 36.065 0.00

RC5 3.700 0.00 11.099 0.00

RC6 1.429 0.18 2.520 0.01

Single Household 4.266 0.00 7.368 0.00

Couple Household 2.718 0.01 2.189 0.03

Single Parent Household 13.247 0.00 1.710 0.10

Nuclear family 3.576 0.00 8.529 0.00

Age 2.176 0.03 10.992 0.00

Car owner 11.191 0.00 21.285 0.00

Actively Employed 1.276 0.25 1.643 0.12

Part Time Employed 0.802 0.60 1.915 0.06

Out of Employment 0.685 0.71 1.86 0.07

Income 10.612 0.00 51.163 0.00
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Table 17 Games-Howell procedure results for Car Ownership rates in large store submarkets

 
Submakets 

(Cluster ID v 
Cluster ID)

Mean Dif-
ference

Standard 
Error t df p - value

1 : 3 -0.106 0.019 3.986 790.583 0.002

1 : 4 -0.274 0.021 9.058 632.496 0

1 : 6 -0.245 0.02 8.592 756.955 0

1 : 8 -0.125 0.017 5.242 1074.037 0

2 : 1 0.053 0.018 2.082 805.056 0.487

2 : 3 -0.053 0.02 1.845 811.792 0.652

2 : 4 -0.222 0.023 6.876 700.074 0

2 : 5 0.036 0.019 1.336 754.689 0.92

2 : 6 -0.193 0.022 6.292 805.152 0

2 : 7 -0.032 0.019 1.184 883.815 0.96

2 : 8 -0.072 0.019 2.75 926.273 0.132

3 : 4 -0.169 0.023 5.082 732.378 0

3 : 8 -0.019 0.019 0.702 899.756 0.999

5 : 1 0.016 0.018 0.647 743.15 0.999

5 : 3 -0.089 0.02 3.146 766.654 0.045

5 : 4 -0.258 0.023 8.071 671.956 0

5 : 6 -0.229 0.021 7.549 767.129 0

5 : 7 -0.068 0.019 2.577 823.372 0.198

5 : 8 -0.109 0.018 4.189 858.648 0.001

6 : 3 0.140 0.022 4.416 828.776 0

6 : 4 -0.029 0.025 0.836 771.931 0.996

6 : 8 0.120 0.021 4.092 847.989 0.002

7 : 1 0.084 0.017 3.46 962.106 0.016

7 : 3 -0.021 0.02 0.762 871.71 0.998

7 : 4 -0.190 0.022 6.026 704.708 0

7 : 6 -0.161 0.021 5.388 837.365 0

7 : 8 -0.041 0.018 1.596 1114.037 0.807

8 : 4 -0.150 0.022 4.805 701.012 0
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The results show that for the socio-demographic variables only employment status and single 
parent households for large store submarkets do not show significant variance in the mean 
values found between submarkets, indicating that there is no significant spatial variation in 
the structure of respondents relating to those variables. For the remaining socio demographic 
variables the results show that there is significant differences in the mean values for the varia-
bles between at least two of the submarket clusters, and hence indicate there is some degree of 
spatial variation in the structure of respondents relating to those variables. Five of the psycho-
graphic variables show significant differences between their means in each submarket. For the 
small store submarkets RC2, RC4 and RC5 show significant differences in their means between 
at least two of the submarkets indicating a degree of spatial variation in the respondents pref-
erences towards grocery shopping for those factors. For large store submarkets only RC3 does 
not show signs of spatial variation between at least some of the submarkets.  Three of these 
preference variables RC2, RC4 and RC5 match the preference variables that were found to ex-
hibit statistically significant spatial autocorrelation.  

In the standard one-way ANOVA test the f-value and accompanying p-value can be used to 
determine that at least two of the group means are statistically different from each other but 
we don’t know which pairs of groups are different. We can explore this further through post-
hoc testing. Due to the heteroskedatic nature of some of the submarket variances, as described 
above, we used a Games-Howell post-hoc procedure as this is generally offers the best perfor-
mance when sample sizes are unequal (Field 2009). The results of this procedure allow us to 
conduct further analysis into exactly which submarkets differ for each variable. The results of 
the Games-Howell post hoc procedure for Car ownership in Large store submarkets is shown 
in Table 18. As can be seen the table outlines all possible pairs of submarket combinations. 
Therefore we will describe the results for the 32 tests above but the detailed group comparison 
tables for each test are shown in Appendix C to save space. 

If we examine the mean values for the variables detected by ANOVA testing as having signif-
icance variation we can relate the results of the Games-Howell post hoc procedures to the mean 
values of the variables in each submarket.  

Table 20 shows the mean values for variables for each of the submarket groups for large var-
iables. If we examine car ownership means we can compare these figures to our Games-Howell 
results in Table 19. The most interesting aspect of these results is that submarket 4, the central 
area of Helsinki, is significantly different in terms of car ownership from all the other submar-
kets except for submarket 6, the submarket that encircles submarket 4. Submarket 6 is also 
significantly different from the other submarkets. Unsurprisingly the car ownership rates in 
these two submarkets is a lot lower than the other submarkets. Submarkets 1, 2, 5 which all 
have the highest car ownerships rate are not significantly different to each other in any combi-
nation. 

The rest of the results refers to the tables in Appendix X. In terms of RC1 - Amenities and 
Service provision of store it is only submarkets 7 versus 6, 1 v 6 and 6 v 3 that differ significantly 
from each other. Submarket 6 has the lowest score in terms of preference towards RC1, show-
ing that amenities and service are not important to people living in this submarket that rings 
the central Helsinki area. However, these things are more important to inhabitants of the more 
peripheral eastern submarkets 7 and 3.  
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Table 18 Means of variables detected as having significant variance across large store submarkets

Large 
Submark

et

Mean
of 

RC1

Mean
of 

RC2

Mean
of 

RC4

Mean 
of 

RC5

Mean
of 

RC6

%
Single 
House
hold

%
Couple 
Househ

old

%
Nuclear 
Family

Mean 
Age

% Car 
Owne
rship

Mean 
Income

1 3% 8% 36% -2% -14% 15% 48% 26% 50.4 86%
€        

42,163 

2 1% 4% 17% 0% -5% 18% 42% 29% 48.2 81%
€        

34,172 

3 8% 14% 11% 18% -3% 21% 44% 22% 51.3 76%
€        

27,430 

4 -3% -35% -54% -24% 4% 29% 46% 14% 45.3 59%
€        

41,938 

5 -11% -10% 32% 12% -9% 18% 37% 31% 48.4 85%
€        

31,991 

6 -19% -6% -19% -12% 8% 28% 47% 18% 44.0 62%
€        

32,597 

7 2% 2% 16% 23% -2% 16% 42% 27% 49.0 78%
€        

28,039 

8 0% -2% 1% 12% 5% 25% 42% 24% 48.8 74%
€        

29,637 

 
For RC2 – Ancillary services and community these issues are of least important to inhabit-

ants of submarket 4 again and this submarket differs significantly from most of the other sub-
markets including submarket 6 this time. 

With RC4 – Transportation offerings we can see that respondents in submarket 4 declared 
that public transportation offerings were important to them and this differed significantly from 
all the other submarkets, including the other submarket that showed preference for public 
transportation offerings, submarket 6. Submarkets 5 and 1 that had strong preferences towards 
car related transportation offerings differed from the majority of other submarkets as well. 

As regards preferences towards price, RC5, again submarkets 4 and 6 are commonly signifi-
cantly different to the other submarkets but so this time is submarket 7. Whilst inhabitants in 
submarkets 4 and 6 find the aspects of grocery store prices less important, the inhabitants of 
the area covered by submarket 7 state that aspects of price are important to them.  

For RC6, aspects regarding proximity and accessibility, it is only submarket 1 that is signifi-
cantly different to submarkets 6 and 8. Submarket 1 finds aspects relating to proximity and 
accessibility of less importance to them and this could be tied into the fact that that is the sub-
market that shows the highest proportion of car ownership in the region. 

Submarkets 4,6,8 all differed significantly from at least three other submarkets for single 
person households but only submarkets 5 and 1 differed significantly from each other for pro-
portion of households in couples, with submarket 5 having quite a lot lower proportion of cou-
ple households than the rest of the area. Again, submarkets 4 and 6 differed significantly to 
many other submarkets in proportion of nuclear family households and average age in having 
quite a lot lower proportion in both submarkets and also lower average age of respondents. 

Income is very interesting in that nearly all the submarkets significantly differed from each 
other. We can see from Table 19 the average values differ with submarkets 1 and 4 having the 
highest average incomes and submarkets and submarkets 3, 7, 8 having the lowest. 

The results for the small store submarkets are shown in the accompanying Games-Howell 
tables in Appendix X. 
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As you can see both preference variables RC1 and RC3 do not contain any submarkets whose 
means are statistically different to any other unlike the large store submarkets. With RC2 – 
Ancillary services and community it is submarket 9 that is significantly different to most of the 
other submarkets. The table below shows that a large proportion of respondents in this sub-
market do not find these aspects important. As can be seen in Figure 44 of a map of the small 
store submarkets cluster 9 covers the central Helsinki peninsula and neighbouring areas. Re-
garding RC4 – Transportation offerings submarkets 9 and 5, both which display preferences 
towards public transport offerings, and submarket 6 which has strong preferences towards car 
aspects differ from a number of other submarkets. For RC5 - price aspects submarket 3, which 
has respondents who have fairly strong preferences towards price, is significantly different to 
5 and 9 where price aspects are of little importance.  

 
Table 19 Means of variables detected as having significant variance across small store submarkets

 
Small  
store 

Submar-
ket

Means 
of RC2

Means 
of RC4

Means 
of RC5

% Single 
House-

hold

% Couple 
House-

hold
% Nuclear 

Family
Mean 
Age

% Car 
Owner-

ship
Mean In-

come

1 9% -13% -15% 29% 38% 20% 47.4 57% €     32,961 
2 2% 17% 5% 18% 42% 25% 47.5 79% €     33,277 
3 -2% 12% 17% 19% 41% 27% 49.8 80% €     29,742 

4 1% 11% 12% 20% 43% 26% 48.7 77% €     33,592 

5 -7% -8% -4% 26% 45% 21% 48.0 69% €     33,020 

6 6% 32% 2% 16% 48% 23% 47.6 82% €     32,849 
7 0% 11% 2% 20% 48% 24% 48.6 79% €     36,755 
8 11% 45% 27% 8% 19% 50% 44.3 94% €     39,194 
9 -38% -58% -13% 27% 44% 15% 45.4 62% €     37,338 

 
For single peoples households the fairly high proportion of single households in submarket 

5 is significantly different to 8 and 5. The very low proportion of couple households in submar-
ket 8 is significantly different to a number of other submarkets. This fits neatly with the high 
proportion of nuclear families in submarket 8 being significantly different to other submarkets. 

With the spatial division into submarkets for small store clusters, the average age is fairly 
equal across the submarkets with only 3 and 9 differing significantly and even then the means 
show that this is only by a few years. 

As with the results for large stores most of the submarket means for car ownership differ 
significantly from each other with the proportion of respondents owning a car varying from 
94% in submarket 8 down to only 57% in submarket 1. With income it is mainly submarkets 9 
and 3 that differ from other submarkets with submarket 9 having one of the highest average 
incomes versus the lowest average income in submarket 3. 

9.4 Discussion

From these simple tests we can readily see that location plays an important role in determin-
ing the both consumer preferences and likely socio-economic data. The fact that these variables 
can vary spatially is why location is so important in retail analysis, as stated in chapter 3. 
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The Moran’s I tests show that there are significant localisation issues with a large number of 
variables we are looking to model. This would indicate that the values attributable to these 
variables are not found randomly distributed across the study area, instead the same values 
are to be found clustered together to some degree. 

If we examine each of the preference variables, the finding regarding whether respondents 
who have similar values cluster together makes some degree of sense. The first preference var-
iable, RC1, is not found to be spatially autocorrelated at the HMA level. This means that, alt-
hough there may be isolated pockets of clustering, the distribution of values for respondents’ 
preferences regarding amenities and service provision of stores were not significantly different 
from what you would expect from a random distribution of values. Therefore, there is no sig-
nificant evidence that locational factors affect how respondents view amenities and service 
provision of store as being important to their grocery shopping needs.  

The same findings go for RC3 and RC6.  This is interesting because if we look at the questions 
that most explain each of these preferences, we can see that we might very well expect re-
sponses to questions such as the presence of locally produced food, or expertise in staff, not to 
have high levels of spatial autocorrelation. However, preference variable RC6 is strongly com-
posed of the responses to questions on the importance of the shop’s proximity to the home and 
the shops location within the respondents use network of the study area. Therefore, this indi-
cates that there are few areas in the region where respondents seem to significantly value the 
proximity and convenience of a grocery store in the same magnitude as their neighbours. This 
helps us conclude that the choice of grocery store at a localised level is likely due to more factors 
for the respondent than just proximity alone. Whilst proximity may be very important to one 
respondent their neighbour may have other issues that they feel are more relevant to their 
choice. 

On the other hand preferences towards RC4, transportation offerings, are spatially corre-
lated. This would indicate that respondents living in the same locations share preferences to-
wards the transportation offerings necessary to access their grocery stores. If we refer to Table 
14 we can see that customers with high scores for this preference felt that a store having good 
parking facilities, and that this parking is free, was very important. Conversely felt that having 
good public transportation connections was not important at all. Thus we could expect that the 
accessibility of a store by car to be highly related to these peoples’ preferences regarding their 
grocery shopping.  

RC2 also has evidence of being spatially correlated. The questions that have significance in-
fluence on this preference component are on aspects such as proximity to the store of other 
services, such as a library, as well as in store services, such as a post office. The spatial auto-
correlation here could exist as respondents using stores that have these services are likely to 
value the availability of these services highly and also live in similar proximity to these stores.  

The spatial autocorrelation found for RC5 is also relevant. This preference component is in-
fluenced by respondents’ preferences regarding aspects of prices and special offers. As we also 
see that income is highly spatially autocorrelated we could expect that this preference variable 
would be too. 

If we turn our attention to the ANOVA results we can find that in some aspects the results 
mirror the Moran’s I results but in others there are strong contrasts. We would expect some 
similarities due to the spatial contiguity of many of the submarkets created in chapter 8 but as 
they are far broader baskets than the respondent by respondent nature of the Moran’s I ap-
proach there will also be differences.  
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Overall RC3 shows no significance difference in their means values between the submarkets 
for either the historical supply of large or small stores reinforcing the findings of the Moran’s I 
that there was no spatial pattern to preferences regarding these aspects. Actively employed, 
part-time employed and out of employment respondents also show no significant variation in 
their presence between the submarkets created from the patterns of historic supply of large or 
small grocery stores. Whilst some of these variables did exhibit evidence of spatial autocorre-
lation, using bigger areal buckets such as submarkets for comparison purposes dilutes this spa-
tial autocorrelation somewhat so it is more difficult to identify significant variation between 
each submarket. This suggests that the spatial autocorrelation is in more isolated groups, ra-
ther than a consistent spread across a large area. 

RC2 is very interesting as it shows significant variations in the means between small stores 
submarkets and for large stores. The central Helsinki submarket 4 is significantly different to 
most of the other submarkets in that respondents living there are not bothered about the avail-
ability of ancillary services, whereas these are somewhat important to respondents living in 
most of the other submarkets. This is likely due to large stores outside the centre acting as hubs 
and being located in close proximity to ancillary services therefore associating them together 
in people’s thoughts. In Central Helsinki, with a wide variety of offerings, the relationship be-
tween a large store and an ancillary service may not be so readily apparent. The same pattern, 
of a factor being of little importance to respondents inhabiting the central Helsinki region, is 
found for small store submarkets. 

RC4 shows significant variations between the mean values of submarkets for both large and 
small store submarkets. This would imply that respondents’ preferences towards aspects such 
as parking at the store they patronise vary from submarket to submarket.  

RC5 also shows significant variations between the mean values of submarkets for both large 
and small store submarkets. As this preference mainly relates to price and affordability of gro-
cery goods, it is not surprising that it may change between areas as we have found that income 
distribution is spatially correlated across the study area. Indeed the ANOVA test for income 
reveals significant variation in means between submarkets as well for both large and small 
store submarkets. The same result is found for age of respondents.  

For large store submarkets if we examine the ANOVA results we can find that the central 
areas have significantly higher proportions of single person households whereas the more pe-
ripheral regions have greater proportions of Nuclear families. This is not surprising as the 
availability and cost of land means that larger houses suitable for families can be built in these 
outer regions whereas the central areas often have far higher proportions of flats suitable for 
single person households. 

If we take the submarket clusters formed from historical changes in supply of small grocery 
stores we can identify significant differences in the remaining variables between each submar-
ket. We will focus on three of the most interesting from the ANOVA results. Submarket 9 covers 
Central Helsinki and the part of Helsinki across the bay on the eastern side of Helsinki. This 
area had high variability in terms of the relative access to small grocery stores historically with 
the most recent behaviour being a very sharp drop from a peak a few years before. Respondents 
living in this submarket on average valued the presence of ancillary services as of the lowest 
importance out of all the submarkets. An explanation of this is that living in the central area 
these respondents have easier access to these services anyway and so place far less importance 
on their co-location with their grocery store of choice. Submarket 9 is again noticeable for hav-
ing respondents with the most negative score by some distance towards the preference variable 
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for transportation offerings, RC4. The Games-Howell results show that this mean differs sig-
nificantly from a number of the other submarkets. As we explained earlier for this variable the 
more negative the score the greater the preference respondents showed towards public 
transport as opposed to transportation offerings related to private car. This which fits well with 
the submarkets coverage of central Helsinki as this is the hub for many of the public transport 
routes. In addition, it is an area where there is greater traffic congestion, and parking re-
strictions for private car usage, than can be found in areas outside the centre. Hence small 
grocery stores may be less accessible by motor vehicle, leaving public transport as the main 
option for travelling to a small grocery store. The fact that people living in the central Helsinki 
area of submarket 9 show lower preferences towards aspects of price is worth considering. We 
also found that in the last few years the relative accessibility to small stores of people in this 
area had dropped rapidly from a high peak, albeit the accessibility level is still higher than 
elsewhere in HMA. It may be that being able to access a store of any kind has become more 
important than being able to choose a store based upon price offerings. This could be strength-
ened by the thought that likely use of public transport to access a store, as shown for this cluster 
in the results for RC4, could also restrict choice based upon proximity to available public trans-
portation routes and so they will do their shopping at the easiest location and aren’t as con-
cerned with aspects such as loyalty cards. Although we should note that if convenience is im-
portant then we would expect the preference variable RC6 to have more importance. As this 
variable did not show significant variance in the means between small store submarkets it is 
the case that either this was not shown or that this submarket was the only outlier amongst a 
homogenous result across the other submarkets. The fact that on average the respondents are 
the second youngest and second wealthiest may also play a role in the price outcome as well. 

Submarket 8 of small stores showed the strong mean preference towards the presence of 
Ancillary Services and Community aspects, RC2, although it was submarket 9 which had the 
significant differences to other submarkets shown by the Games-Howell test. Submarket 8 has 
the respondents with the highest mean preferences towards price, the lowest average age and 
the highest income of all the small store submarket, however it did not differ significantly from 
any other submarket on these aspects. This submarket is characterised by small geographical 
coverage across many small areas scattered across the HMA area. This cluster was character-
ised by poor relative accessibility to small stores that grew rapidly after the turn of the millen-
nium. Examining the shape and distribution of these areas they appear to relate to areas of 
intensive residential development with accompanying services, which could go some way to 
explaining the age, income, and historical accessibility patterns we have identified. This sub-
market has the smallest proportion of single person households and is significantly different 
to other submarkets on this aspect. The intriguing outcome then that could be explored further 
in a later project is why respondents in this submarket show more preference towards price 
aspects, especially giving their larger average incomes, although this could be related to house-
hold formation. 

Cluster 3 is characterised by the highest average age, lowest income and also a strong prefer-
ence towards price issues and differs significantly from other clusters on these aspects. In this 
case the submarket covers large swathes of eastern Helsinki and Eastern Vantaa. This relation-
ship between low income, age and preference towards price aspect is understandable but is an 
interesting contrast to the results for submarket 8. This submarket saw a rise and decline in 
relative accessibility to small stores in the 1990’s and has had an average level of accessibility 
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to small stores over the last decade. In terms of preferences towards amenities or transporta-
tion issues the respondents place a fairly average importance on these issues. They demon-
strate that price issues are more important, maybe indicating that accessibility issues are not 
of paramount concern to these respondents. 

If we turn our focus to large store submarkets we can see that unsurprisingly submarket 4, 
which like submarket 8 of small store submarkets covers central Helsinki, but also a wider area 
to the East and West contains respondents who are more focused upon public transportation 
aspects. Again, this submarket is also made up of respondents who on average feel issues to-
wards price are less important and differ significantly to other submarkets on this aspect.  

Submarket 1 contains respondents who are predominantly more concerned with aspects re-
lating to car usage. This cluster declined from a high historic relative potential accessibility to 
large stores compared to the rest of HMA but then recovered and evened out. Both this sub-
market and submarket 5 which have by far the highest average respondent score regarding 
preference towards aspects of using a car for grocery shopping also have the highest average 
proportion of respondents who own a car. The results for RC6, which do not show significant 
variation between the means in the small store submarkets but do for large store submarkets, 
find that respondents in submarket 1 on average showed less preferences towards proximity of 
the store to their home or workplace which would agree with the findings regarding transport 
preference and car ownership. 

Respondents in Submarket 6 showed higher average preferences towards proximity in their 
store. Submarket 6 had a long period between 1989 and 2002 when the relative accessibility 
to large stores was a lot lower compared to that clusters relative accessibility levels at the be-
ginning and end of the study period.  This relative accessibility jumped sharply upwards in the 
early 2000s but still retained an actual level of potential accessibility lower than the majority 
of other clusters. This pattern could have some impact on the value respondents place on prox-
imity. 

Regarding large store submarkets for RC5 submarkets 3 and 7 show the highest preferences 
for price as well as having on average the lowest incomes. These submarkets have a similar 
geographical location to cluster 3 of small stores which would explain the similar finding. 

The results identified in this chapter reinforce the extreme spatial nature of retailing. Factors 
that affect grocery stores choices are not evenly spatially distributed and can vary from location 
to location by some margin. The population of Helsinki is also not entirely homogenous with 
consumers in different locations consisting to an extent of different demographic characteris-
tics. In the final analysis section of this thesis we will see if these spatial variations have any 
impact upon consumer’s decision making regarding aspects of grocery retailing. Do the con-
sumer’s preferences, socio-demographic makeup or the characteristics of their location affect 
their decision making when it comes to grocery store patronage? 
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10. Decisions to Bypass the Closest Gro-
cery Store: Investigating the presence of 
spatial variation in retailing decision-making

The previous section focused upon examining the spatial relationships amongst variables 
that could aid in understanding the grocery store decision making of respondents living in the 
Helsinki Metropolitan Area. 

In this section we will focus upon the actual decision making of respondents regarding their 
choice of large format grocery stores. It would have been ideal in this section to explore further 
the decision making of respondents regarding their preference for large store versus small 
store grocery shopping and how that is affected by their location and the historic supply of 
access to each format in their location. 

Unfortunately, as we will explain further in the methodology section below, this was not pos-
sible to pursue with accuracy due to the manner in which the relevant question was asked in 
the KOKKKA survey. 

Instead we will turn our attention to uncovering more about the effects of distance and prox-
imity on the patronage patterns of respondents regarding large format grocery stores. We have 
shown though out this thesis the way spatial factors come into effect when studying grocery 
retailing. We want to demonstrate how the patterns of patronage choice can have extremely 
localised elements that can be masked when studying the phenomena at a regional level. We 
will additionally examine whether the historical supply of grocery stores, as well as the levels 
of contemporaneous potential accessibility to grocery stores, have any significant impact on 
that decision-making process. 

This study aims to investigate the factors that influence a consumer’s decision whether to 
patronise their closest large format grocery store or whether to bypass that store in favour of a 
more distant alternative. Previous studies have assumed relationships in the choice process 
identified through modelling are consistent for the whole study area. We have shown in the 
last chapter that the spatial distribution of factors that could influence retail patronage is not 
always homogenous. We will now also explore whether the relationships between the factors 
and decision making is spatially consistent. 

We will investigate whether this assumption is valid or whether there are intrinsic differences 
in relationships that can be identified between locations across the study area. We use a logistic 
regression model to establish relationships for the entire study area. We then add to existing 
literature on retail patronage behaviour by extending this model to a logistic geographically 
weighted generalised linear model to determine the existence of non-stationary relationships 
in the pattern of consumer behaviour. The results show that nearly half the consumers use 
their closest large grocery store. Therefore, distance to the closest store is obviously an im-
portant factor in a consumer’s decision-making. By using geographically weighted regression 
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tools we found we can produce a model that better describes the observed behaviour of con-
sumers within a retail system. The presence of non-stationary relationships in the store-choice 
process indicates that care should be taken in applying parameters calculated at a global level 
as holding true for the entire study area when modelling patronage decision-making. 

10.1 Introduction 

In the previous chapter we discussed some of the topics covered in previous studies into es-
tablished knowledge of consumer behaviour. We did not focus on the role of distance in that 
section so we will consider that now.  

The role of distance, and therefore store proximity, as an important aspect of consumer de-
cision-making dates from the pioneering studies of Reilly and Converse. Reilly’s Law of Retail 
Gravitation (1931), and Converse’s (1949) ensuing expansion, was proposed upon basic New-
tonian laws of attraction, hence the common terminology of ‘gravity model’, where the con-
sumer judges the relative attractiveness of urbanisations based on a distance deterrent and an 
attractiveness measure. This was a major focus of chapter 3 when we looked at why spatial 
considerations were important when studying retailing. 

 Subsequently these concepts of attractiveness and distance deterrence were extended by 
Huff who recognised that a single breaking point was an inadequate method of expressing the 
complexities of a store’s trading area. He created a probabilistic model that instead estimated 
the likelihood of a consumer patronising a particular shopping area by taking into account all 
the potential alternative shopping areas simultaneously (Huff 1964). Lakshmanan and Hansen 
(1965) used the same theoretical procedures to refute the assumption held, in their view, 
amongst market analysts that there is a desire by consumers to minimise their cost of move-
ment and so, when confronted by several alternative shopping centres, the consumer would 
inexorably choose the closest. 

These gravity models, alternatively termed spatial interaction models, still form the core of 
techniques used by retail firms in location decision-making tasks. In 2010 a survey of retailers 
in the UK found that over 65% used spatial interaction models as part of the location decision-
making process (Reynolds & Wood 2010). This was an increase on findings in 1998 when just 
under 40% of retailers used such models (Hernandez & Bennison 2000). Literature on retail 
location has also focused heavily on spatial interaction as a method to study decision making, 
especially since the advancement of GIS technologies. The literature has taken into account 
both the advantages and perceived disadvantages with the method, with the precise definition 
of distance, or accessibility, provoking much discussion (Rogers 1992, Babin et al. 1994, Clark-
son et al. 1996, Wood & Brown 2006).  

When studying aspects of shoppers’ patronisation, the importance of the distance to closest 
store has remained an integral concept. The majority of previous literature focusing upon pat-
ronage decision-making regarding grocery retailing has found distance to be a significant de-
terminant of store choice (Fotheringham and O’Kelly 1989, Gonzalez-Benito 2001, Birkin et al. 
2002, Grewal et al. 2012). This is theorised as the distance in space or time to the nearest store 
acting as an indicator of how the consumer perceives that store’s spatial accessibility (Gonza-
lez-Benito 2005). Rhee and Bell (2002) investigated tendencies of shoppers to move away from 
their current main store and adopt an alternative. They found that customers were more likely 
to choose a closer, more convenient store, than a remote one and that if a remote store was the 
main choice it was more vulnerable to defection. They also found that large basket shoppers 
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are less sensitive to distance when deciding to transition which they conclude is due to the 
relative importance of a fixed cost, such as distance, decreasing as the total expected cost, con-
sisting of travel time plus product expenditures, of a shopping trip increases.  

Studies on consumer patronisation decisions regarding grocery shopping in Finland have 
similarly found store proximity to be a crucial element in the decision-making process. In a 
study of the grocery shopping behaviour of a small rural municipality, Marjanen (2000) found 
that the primary choice criterion for the main grocery store was the proximity to the respond-
ent’s home. A nationwide study conducted by Nielsen in 2003 found that a convenient location 
was the most important choice criterion for consumers in Finland regarding their choice of 
grocery shopping destination (Nielsen 2003).  

  Cadwallader’s (1995) article on interaction effects in models of consumer behaviour high-
lights one of the major problems with spatial choice models. It is a highly desirable property of 
these models that the model parameter estimates are spatially transferable. However if we con-
sider that there may be considerable variance exhibited within different study areas then this 
would imply that these variables are context dependant. The issue of transferability is one that 
is exceedingly complex (McArthur et al. 2011). Although van der Heijden and Timmermans 
(1988) found their multi-attribute preference model performed well when applied to a new 
study area, they state this finding was at odds with contemporary research on the topic and 
may have been due to the two study areas being very alike. This is one of the key areas of in-
vestigation in this study and the motivation for adopting a GWR approach. If there is discus-
sion about whether parameter estimates are spatially transferable across study areas, are the 
parameter estimates necessarily spatially transferable within a study area?  

Fotheringham et al. (1996) argue that it can be reasonable to assume that there may be in-
trinsic differences in relationships over space, or alternatively exist some problems with the 
model specification, which results in spatially varying parameter estimates. This manner of 
process where the measurement of a relationship depends in part on where the measurement 
is taken is referred to as a non-stationary spatial process. Spatial dependence identified in the 
global model error terms could arise due to omission or inadequate representation of variables 
such as the clustering of consumers with similar circumstances, accessibility issues, transpor-
tation problems and sharing of information (Lee & Pace 2005). 

Geographically weighted regression is a method for detecting when parameter estimation 
varies across space. These models are commonly termed local models, as opposed to the global 
models that produce a single estimation of each parameter for the entire study area. Global 
statistics can lead to the assumption that all parts of the study area can be represented by a 
single value whereas local statistics can demonstrate the fallacy of this assumption by depicting 
variances in processes over space (Fotheringham et al. 2002). Very few studies have been con-
ducted using GWR to investigate decision-making in retailing. Sage and Goldberger (2012) 
used a binary logistic GWR model to investigate the decision by organic food producers to di-
rect market to consumers due to the diverse agricultural landscape of Washington State. Fraser 
et al. (2012) used both a Gaussian GWR model and a binary logistic GWR model to investigate 
the relationships between fast food consumption and obesity as well as the relationship be-
tween fast-food outlet accessibility and consumption. Their results found that the relationship 
between the accessibility of outlets, a measure based on number of outlets and distance from 
home, and consumption varied considerably over space. 
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In chapter 3 we outlined that the core premise of Spatial Interaction Theory is that customers 
trade off the attractiveness of alternate viable shopping destinations against the deterrent ef-
fect of distance to these alternate destinations. The theory believes that there are three ele-
ments that effect the patronage decisions of consumers towards viable store destinations. 
Firstly there is the distance deterrent effect of travel to the alternate stores from the consumer’s 
location; secondly there are pull factors, such as the relative ‘attractiveness’ of the stores; lastly 
there are push factors, such as the intensity of competition (Fotheringham, 1983; Rogers, 
1992). 

In this study we will firstly examine the propensity of consumers in the Helsinki Metropolitan 
Area (HMA) to patronise their closest large format grocery store. We will secondly establish, 
through a binary logistic model, what factors relating to the consumer or the store affect their 
decision whether to bypass their closest store. Included in this will be potential measures of 
accessibility and locational aspects relating to their historic sub clusters. Thirdly, we will seek 
to add to the existing literature regarding store choice decision-making by adopting a GWR 
logistic regression to identity whether there are non-stationary relationships in decision-mak-
ing present. 

We regard the GWR model as a variety of spatial interaction model as we are exploring the 
interaction between consumers and their shopping destination choice based upon the differ-
ence in attractiveness of the amenities on offer at their closest store, compared to more distant 
alternatives, combined with deterrent effect of distance. Aspects of the consumers themselves 
that may influence their patronage decisions will also be incorporated in the model. 

10.2 Data Description

A full description of the KOKKKA survey can be found in chapter 5. In this study we are 
focused upon Question 19 of the survey. The question was asked in two parts:  

 
1. Where you most often buy daily grocery goods during working week? 
2. Where you most often buy daily grocery goods during holidays and weekend? 

 
For each part the respondents were asked to write down their first and second choices. Our 

problem when looking at this question as an option for analysing preferences between large 
and small format stores is that this is not something that had been explicitly asked in the ques-
tion. As the respondents could write down two options for each part we do not know how they 
would have interpreted ‘where would you most often buy…’. In their response they may have 
listed both a large and small store but it is we cannot be certain from this response with which 
type of store their grocery store preference lies. Therefore to avoid any misleading analysis and 
results, due to the framework of the question, we choose to focus on just one store type, large 
format stores. This was due to the far higher frequency with which large stores were selected 
as the response to this question. Out of all the responses across both questions large format 
stores were listed 72% of the times leaving only 28% of the mentions relating to small format 
stores. 
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10.3 Proportion of consumers who patronise the closest store

Hence, we focus on large format stores, which were defined according to Nielsen’s definitions 
as either Large Supermarkets above 1000 m2 or Hypermarkets above 4500 m2. In the Helsinki 
Metropolitan Area (HMA) there were 17 hypermarkets and 55 large supermarkets with only 3 
large supermarkets not belonging to either Kesko or SOK. As with the early study into changes 
of store numbers we chose to omit Lidl stores for two reasons. Firstly they are generally seen 
as forming a distinct format group, referred to as discount stores (Gonzalez-Benito, Munoz-
Gallego & Kopalle 2005), and secondly only around 5% of respondents selected Lidl as an op-
tion when asked about their store preferences, a misrepresentation of the 21 Lidl stores present 
in the HMA. 

Information on store addresses and formats was obtained from Nielsen. All respondents and 
stores were then geocoded using the address locator in ArcGIS. The distance for each respond-
ent to the closest store was initially calculated using two different distance methods, Euclidean 
and via the road network. We discussed this subject in chapter 8 when looking at methods to 
create the potential accessibility to grocery stores in a historical context. Compared to many 
other European cities, Helsinki is characterised by a highly fragmented urban fabric (Jäppinen 
et al 2013). The Helsinki Metropolitan Area is a coastal urbanisation broken up by large bays 
and islands. The urban area away from the peninsula on which Helsinki city centre is located 
consists of scattered nuclei of denser conurbations separated by parks, water and woodland. 
For these reasons it was decided that Euclidean distances may give a slightly misleading im-
pression of the proximity of a respondent to a store and so this study utilises the distances 
calculated along the road network. We realise this is the opposite approach to the earlier po-
tential accessibility study were we used Eucilidean distances. This was because the only road 
network model we had was for 2008 and due to infrastructure evolution we felt that this was 
not suitable to be used on periods up to 28 years prior. It is suitable for this study as the road 
network is contemporary to the period in which the survey was conducted. 

Once the distance for each respondent to all the alternatives was calculated it was then pos-
sible to identify respondents who patronised their closest store and respondents who bypassed 
their closest store in favour of a more distant alternative. This was done by checking whether 
the closest store matched the store the respondent listed as their primary grocery shopping 
choice. The results of this initial analysis into store choice are shown in Table 20. The data 
suggest that the type of compensatory distance-making process where the respondent trades 
off distance against other attributes (Fotheringham & Trew 1993) is present. 

Table 20 Initial results of store choice

 
1st Closest 2nd Closest 3rd Closest Other

Number of Respondents 1500 694 304 1065

Proportion of Respondents 42% 19% 9% 30%

 
We found that 42% of our respondents frequent their closest large format store. Similar stud-

ies into the proportion of shoppers who patronise their closest store have uncovered varying 
results. Fotheringham and Trew (1993) found in Gainsville, Florida that 57% of their respond-
ents selected their closest store, Handy and Clifton (2001) found 34% of their respondents 
naming their closest food store as their usual store and older studies such as Thompson (1967) 
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in Worcester, Massachusetts, and Fingleton (1975) in Manchester, England, found similar low 
proportions of grocery shopping trips to the closest store with 38% and 25% respectively. A 
direct comparison of results of these studies is not necessarily wise as they do not focus explic-
itly on large grocery stores and also the foci and purpose of the studies differ. 

There was a minor complication discerned, caused by several cases in the Helsinki Metropol-
itan Area where two superstores or hypermarkets are situated adjacent to each other. For this 
reason we decided to use a distance buffer of 100m on top of the distance to closest store. If 
the chosen store was within this distance it was classified as the respondent frequenting the 
closest store. Our motivations for this were twofold. Firstly the address had been geocoded to 
a single point and so failed to take into account the physical extent of the store and its sur-
rounding land. Secondly 100m was determined to be a distance the data suggested at which it 
would be very difficult for a respondent to perceive one store being closer to their home address 
than another. This aligns with Hubbard’s (1978) concept of spatial indifference that allows a 
store to be selected that is not necessarily the closest but the store belongs to a set of stores 
between which the consumer is indifferent to the marginal increase in travel required to reach 
it. If a store lies within this spatial indifference zone then it may still be regarded as the closest 
choice. This had the results of increasing the number of shoppers who frequented their closest 
store from 1500, as presented in Table 20, to 1713. This increased the proportions of respond-
ents using their closest store from 42% to 48%.     

 
Table 21 Percentage of respondents by retail group

 

Shop at SOK Shop at 
Kesko

Shop at 
Suomen 

Lähikauppa

Use their Closest Store 1004 (28%) 690 (19%) 19 (1%)

Skip in favour of a more distant alternative 991 (28%) 846 (24%) 13 (0%)

Total 1995 (56%) 1536 (43%) 32 (1%)

 
Once the respondents had been coded using these measures we were able to determine base 

statistics from the data. Table 21 shows the percentage who shopped at Kesko, SOK or Suomen 
Lähikauppa. SOK had a 53% share of the respondents in our survey, 45% of the remaining 
respondents choose to shop at Kesko stores and only 2% chose Suomen Lähikauppa stores. 
After a series of corporate rearrangements and being in the pressure of duopoly market situa-
tion, Suomen Lähikauppa now mainly focus their energies on providing neighbourhood con-
venience stores instead of larger formats.  

 
Table 22 Grouping of respondents based on format choice and proximity

 

Groups Number of 
Respondents

Proportion of 
Respondents

1 - Use closest 1713 48%
2 - Ignore Closest Large Supermarket for Other Large Super-
market 810 23%

3 - Ignore Closest Large Supermarket for Hypermarket 801 22%
4 - Ignore Closest Hypermarket for more distant Large Super-
market 144 4%

5 - Ignore Closest Hypermarket for more distant Hypermarket 95 3%
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Table 22 shows five different groups created on the respondents’ preferences regarding for-

mat choice and proximity. Nearly half the respondents in our survey chose to shop at their 
closest large format store. Otherwise a quarter of the respondents chose to bypass their closest 
store, being in this case a large supermarket, in favour of travelling a greater distance to pat-
ronise an alternate large supermarket. This was equivalent to the amount of respondents who 
chose to bypass a large supermarket in favour of a hypermarket. This result is somewhat un-
anticipated as we could suppose hypermarkets have an extra dimension of attraction over the 
offerings at an alternate large supermarket.  

By plotting on a map the respondents who chose to use their closest large format grocery 
store against those who elect to bypass their closest large format grocery store in favour of a 
more distant alternative there is an apparent degree of spatial autocorrelation present, as 
shown in Figure 54a.  This in confirmed through the running of a Moran’s I test that results in 
a value of I of 0.20 and a p-score of 0.000 showing that there is less than a 0.01% chance that 
the pattern results from random chance. We also ran an ANOVA test again using the submarket 
clusters representing historical supply of large format grocery stores. Interestingly this showed 
no significant variation in means between submarkets. 

To further illustrate and better visualise the degree of spatial autocorrelation present we also 
created a surface representing the geographically weighted mean for the study area. The equa-
tions 19 and 20 are found in the methodology Chapter 4, along with a full description of the 
method. To recap we implement the geographically weighted mean using the equation: 

 
19) ̅ =  ∑   

 
Where ̅  is the local weighted mean at point i, n=15 as we selected the 15 nearest neighbours 

to calculate the local mean and  is the observed binary value of a neighbouring respondent 
taking a value of 0 if a respondent patronises their closest store and taking a value of 1 if the 
respondent bypasses their closest store. The element   is the weight assigned to respondent 
j for the calculation of the geographically weighted proportion at location i. These weights are 
rescaled so that they sum to one for each i and the weights are calculated using Gaussian 
weighting function, as shown in equation 20 in chapter 4, setting the bandwith as the distance 
to the furthest of 15 nearest neighbours. 

The results shown in Figure 54b, taken along with the Moran’s I test result, would suggest 
that there are at least two elements of spatiality that are having an effect in people’s store 
choice. Firstly there is the location of the stores in relation to the respondent and secondly 
there are attributes of the location of the respondents themselves. This result fits in with the 
results of the previous chapter that showed the spatially varying nature of factors that may 
affect retail patronage decision making. 
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Figure 54 A) Location of respondents and choice situation B) and surface showing Geographically Weighted Mean 

of respondents’ choice situations 

10.4 Modelling Store Choice  

The definition of spatial interaction is a movement or communication over space that results 
from a decision process (Fotheringham & O’Kelly 1989) and therefore the Huff model repre-
sents a specific instance of a discrete choice model. Indeed the development of these techniques 
in spatial interaction theory mirrors the research carried out in the field of spatial analysis of 
demand (Gonzalez-Benito et al. 2005). Chapter 4 outlines the models and the processes that 
will be used in this analysis. Essentially we applied two binary choice models to predict the 
likelihood of a respondent opting to bypass their closest large store. The first is a non-spatial 
logistic regression model and the second is a logistic geographically weighted generalised lin-
ear model.  

10.5 Creation of Data Variables 

Grocery store preference variables 
The first set of variables that were included in the model are the variables as outlined in the 

previous chapter. These reflected the respondents’ preferences towards different aspects of 
grocery shopping as well the socio-economic variables.  

Socio-economic Variables  
As we mentioned in the previous chapter age and income were not identified by Pan & 

Zinkhan (2006) as significant predictors of retail choice. We have shown however that these 
factors do exhibit significant spatial variation in their distribution. We were resolved to explore 
whether the Pan & Zinkman’s findings were replicated for our study area and, in addition, 
whether other socio-demographic variables may provide more significant predictors. 

The variables for the Respondent’s family status used were the dummy variables as outlined 
in the previous chapter. The reference category, nuclear family composed of two parents and 
children households, was chosen because of its homogeneity compared to other categories.  

We created a number of age dummies to include in the model. This differs from the previous 
chapter where we explored age as a continuous variable. A continuous variable was appropriate 
to explore the spatial autocorrelation but we found that dummy variables worked better in the 
models. The first age category reflected respondents who were under 25 years of age. The other 
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age categories consisted of respondents who fell into the age brackets 25 to 34 years of age, 45 
to 54 years of age and 55 to 64 years of age. The final age category was for respondents who 
were over 65 years of age, this being the standard retirement age in Finland.  The reference 
category, respondents between 35 and 44 years of age, was chosen as the youngest and the 
oldest categories had more variation in their life situation, such as studying or early retirement. 

We were interested in whether the car ownership status of the household affected their store 
patronage decision-making. From the survey responses we were able to create a dummy vari-
able reflecting whether the household owned a vehicle. The reference category was households 
with no cars. 

We also included the dummy variables on employment status. The reference category was 
those respondents who were actively employed. 

The final socio-economic categories were included to see whether income had any influence 
on the decision to bypass the closest store or not. In the previous study we again used income 
as a continuous variable. For this section we classified the respondents using the average in-
come of the cell in which they lived and divided them into low, middle and high income classes 
based on the information for the entire Helsinki Metropolitan Area. Dummy variables identi-
fying middle and high income individuals were created leaving respondents who inhabited low 
income areas as the reference category. 

Spatial or Closest Store Effect factors 
When making a decision on which store to patronise, the location of that store in respect to 

the respondent’s location, as opposed to the locations of all the other possible store alternatives 
in respect to the respondent, will likely have a major influence on whether a consumer selects 
that alternative. In other words, when deciding whether to patronise his/her closest store the 
respondent will factor in the location of alternative stores and the advantages that can be 
gained by choosing to shop at one of those stores rather than at the closest store. 

It was therefore decided to also include a variable to account for the competition between 
alternatives for a consumer’s patronage and an example of two possible situations that could 
face a respondent are shown in  

Figure 55 below. 
 
 

 
 

Figure 55 A) Relative attractiveness of single close grocery store versus B) relative attractiveness of many close 

store alternatives

 

x = Store 

 = Consumer 
location 
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In both the scenarios shown the closest store is the same distance from the consumer’s home 
location. However, in Scenario A the consumer would have to travel a significant distance be-
yond the first store to reach the next alternative. In Scenario B the next alternative is only a 
short distance further than the closest store. There are in fact another four stores situated only 
slightly further from the consumer’s residence than the closest store. For most people the per-
ception of distance has some uncertainty to it and so we theorise that the relative attractiveness 
of the closest store in scenario B will be far lower than that of the closest store in Scenario A. 
The concept is designed to be similar to the Competition variable used in other studies by Foth-
eringham and colleagues (Pellegrini & Fotheringham 2002, Fotheringham & Trew 1993, Li and 
Lui 2012) except that, rather than visualise the stores as belong to hazy spatial clusters, the 
respondent visualises the location of the stores in relation to their home address in terms of 
hazy bands of distance. 

Therefore it was resolved to calculate a simple value for the relative attractiveness of the clos-
est store taking all other alternatives into account. The variable was calculated using the for-
mula first proposed by Huff (1964). A fuller description of the concepts and method proposed 
by Huff can be found in chapter 3.  This results in a probability, if store patronage was solely 
based on a contemplation of distance and size of store as a measure of attraction, that each 
consumer would use their closest store. The Huff value (Hj* ), as we will refer to it, is calculated 
as set out in equation below. This is very similar to equation 30 in chapter 4 but adapted slightly 
for our purposes. In the equation Sj is size of store j, dij is the distance between the respondent 
i and the store j, and j* is the closest store to respondent i. 

 

25) ∗ = ∗∗∑   

 
Our hypothesis for also including the distance to closest store variable was that once a re-

spondent had to travel a significant distance to reach his/her closest store it would then appear 
less burdensome for the respondent to travel an extra distance to reach a more distant alter-
native. This would be more apparent if this additional distance was negligible in relation to the 
distance already journeyed to reach the closest store.  

To compliment this factor we also looked at the impact of bringing into the model our esti-
mate of the potential accessibility to Large Stores from our previous work. We used the value 
for 2008 as that was contemperous to the survey period. We hypothesised that an area with 
high potential accessibility to a large format store may allow the respondent more freedom to 
skip their closest store. The model results suggested that was indeed the case. However as this 
variable, perhaps unsurprisingly, had a high a degree of correlation with distance to closest 
store it was decided on balance to omit this variable from the final model for the sake of model 
robustness. 

The next variables in the model were included to reflect aspects of the closest store itself to 
see if these may have an influence on why the respondent may or may not have frequented that 
particular store. The first variable was a dummy variable which took a value of 1 if that store 
belonged to the SOK chain, the largest grocery chain in Finland, and a value of 0 otherwise. 
This left Kesko and the few Suomen Lähikauppa stores as the reference category. We also in-
cluded the size of the store as a separate variable theorizing that the size of the store may act 
as a proxy for other, unknown, store specific factors such as the product range that a store 
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carried. From the database of grocery stores provided by Nielsen we were able to determine 
how long each store had been on the site, starting in 1981.  

The next variable included in the model was a dummy variable to indicate whether there was 
an Alko present in close proximity to the large grocery store. In Finland, due to strict alcohol 
legislation, any alcoholic beverage over 5% in alcohol content has to be sold in a state-run es-
tablishment, which are branded Alko. These establishments are often, but not always situated, 
adjacent to large grocery stores. We theorised that if there was no Alko present then a respond-
ent may be more likely to bypass their closest large format store to do their grocery shopping 
at a store where they can also purchase alcohol conveniently. 

The final variables that we included in our model were dummy variables to represent the 
historical supply of large format grocery stores. To investigate the impact of these locational 
clusters in more detail we ran the model first without the cluster dummies and then again with 
them included. We hypothesise that the historical pattern of supply to large format store may 
impact the current store patronage patterns of respondents in HMA. We choose to use cluster 
2, the cluster focused upon the less densely populated areas of north western Espoo and parts 
of South East Helsinki, as our reference category as the previous chapter showed how much 
different this submarket was from the others in the HMA area. We saw in the last chapter how 
the variables differed between the submarkets and so our motivation for using the submarkets 
was to capture some element of these locational effects. 

10.6 Results 

10.6.1 Model Fitting 

Logistic regression model 
The logistic regression model was fitted twice. The first model (model 1) excludes the historic 

supply submarket locational dummies whereas the second model (model 2) includes them. The 
results of fitting the global logistic regression model 1 of closest store patronage decision-mak-
ing are given in Table 23 and the results for model 2 are given in Table 24.  A comparison of 
the two tables reveals that the coefficients on both models are very similar. This allows us to 
not only recognise that there is a degree of robustness to the estimates but that also none of 
the variables are acting broadly as a locational proxy. This is noteworthy due to the spatial 
nature of some of the variables as shown in the last chapter.  

The logistic regression model 1 produced a pseudo R-Squared score of 0.20 and whilst can 
be deemed to indicate a satisfactory level of fit (Gonzalez-Benito 2001) we will explore other 
methods of assessing the model further on. There was no evidence of multicollinearity existing 
amongst the resulting covariates in the logistic regression model since the resulting Variance 
Inflation Factors (VIF) were all close to 1 (Wu and Zhang 2013). 

The addition of the locational dummies raised the explanatory power of model 2 slightly to 
0.21. The outcome of including these variables is worthy of further discussion as we will explain 
below. As the coefficients calculated for both model 1 and model 2 are too most extents analo-
gous to each other we will explore the results for model 1 first before outlining the results of 
including the submarket dummies. 



Decisions to Bypass the Closest Grocery Store: Investigating the presence of spatial variation in retailing 
decision-making

171 

Table 23 Results from global logistic regression model 1 without submarkets

 
Explanatory variables Coefficient Odds Ratio Std. Err. P > │z│

RC1 – Amenities and service provision of store 0.121 1.129 0.041 0.003

RC2 – Ancillary services and Community 0.004 1.004 0.038 0.908

RC3 – Convenience -0.067 0.936 0.039 0.089

RC4 – Transportation offerings -0.042 0.959 0.048 0.377

RC5 – Price 0.093 1.098 0.037 0.012

RC6 – Proximity and Accessibility -0.271 0.763 0.038 0

Nuclear Family (Reference)

Single (Dummy) 0.271 1.311 0.13 0.038

Single Parent Family (Dummy) 0.031 1.032 0.231 0.893

Couples (Dummy) 0.19 1.209 0.113 0.092

Unknown Family Status (Dummy) 0.152 1.164 0.157 0.334

Aged 35 to 44 (Reference)

Under 25 (Dummy) 0.166 1.181 0.203 0.413

Aged 25 to 34 (Dummy) -0.126 0.882 0.132 0.338

Aged 45 to 54 (Dummy) -0.301 0.74 0.127 0.018

Aged 55 to 64 (Dummy) -0.342 0.71 0.135 0.011

Aged over 65 (Dummy) -0.444 0.642 0.169 0.009

No car Household (Refrence)

Car Ownership (Dummy) -0.044 0.957 0.114 0.701

Actively Employed (Dummy)

Part time Employment (Dummy) -0.444 0.641 0.184 0.016

Out of Employment (Dummy) -0.307 0.736 0.109 0.005

Unknown Employment (Dummy) -0.411 0.663 0.185 0.026

Low Income Area (Reference)

Medium Income Area (Dummy) 0.046 1.047 0.092 0.617

High Income Area (Dummy) -0.091 0.913 0.095 0.338

Distance to closest store (Km) 0.536 1.71 0.047 0

Size of closest store (1000m2) -0.126 0.882 0.016 0

Huff value - Relative Attractiveness of closest store -0.014 0.986 0.004 0.002

Presence of Alko -0.394 0.674 0.078 0

Belong to SOK group -0.153 0.882 0.075 0.041

Years store has been on site 0 1 0 0.297
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Table 24 Results from global logistic regression model 2 with submarkets

 
   Explanatory variables Coefficient Odds Ratio Std. Err. P > │z│ 

RC1 – Amenities and service provision of store 0.126 1.135 0.041 0.002
RC2 – Ancillary services and Community 0.009 1.009 0.039 0.822
RC3 – Convenience -0.070 0.933 0.039 0.078
RC4 – Transportation offerings -0.045 0.956 0.048 0.353
RC5 – Price 0.097 1.102 0.038 0.010
RC6 – Proximity and Accessibility -0.269 0.764 0.038 0.000

Nuclear Family (Reference)
Single (Dummy) 0.271 1.311 0.131 0.039
Single Parent Family (Dummy) 0.178 1.195 0.232 0.923
Couples (Dummy) 0.022 1.023 0.114 0.118
Unknown Family Status (Dummy) 0.122 1.130 0.159 0.442

Aged 35 to 44 (Reference)
Under 25 (Dummy) 0.159 1.172 0.204 0.438

Aged 25 to 34 (Dummy) -0.127 0.881 0.133 0.339
Aged 45 to 54 (Dummy) -0.294 0.746 0.128 0.022
Aged 55 to 64 (Dummy) -0.344 0.709 0.136 0.012
Aged over 65 (Dummy) -0.445 0.641 0.170 0.009

No car Household (Refrence)
Car Ownership (Dummy) -0.034 0.967 0.115 0.769

Actively Employed (Dummy)
Part time Employment (Dummy) -0.458 0.633 0.185 0.013
Out of Employment (Dummy) -0.305 0.737 0.109 0.005
Unknown Employment (Dummy) -0.398 0.671 0.186 0.032

Low Income Area (Reference)
Medium Income Area (Dummy) 0.031 1.031 0.095 0.743

High Income Area (Dummy) -0.150 0.861 0.105 0.154

Distance to closest store (Km) 0.546 1.726 0.000 0.000
Size of closest store (1000m2) -0.141 0.869 0.000 0.000
Huff value - Relative Attractiveness of closest 
store -0.015 0.985 0.004 0.000

Presence of Alko -0.366 0.694 0.080 0.000
Belong to SOK group -0.165 0.848 0.081 0.043
Years store has been on site 0.000 1.000 0.005 0.963

Submarket 2 (Reference)
Submarket 1 0.653 1.920 0.157 0.000
Submarket 3 0.297 1.345 0.160 0.063
Submarket 4 0.549 1.732 0.168 0.001
Submarket 5 0.512 1.668 0.168 0.002
Submarket 6 0.442 1.555 0.160 0.006
Submarket 7 0.578 1.782 0.156 0.000
Submarket 8 0.293 1.340 0.144 0.043
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Grocery Store Preferences 
Of the six grocery shopping preference categories, three showed statistically significant re-

sults in predicting whether a customer was likely to bypass their closest store.  The respond-
ents’ preferences towards the amenities and service provision of a store were accepted at 1% 
(odds ratio = 1.12, p = 0.00). We feel from this result that we can state that if a respondent 
demonstrates a preference towards better amenities and service provision at a store they are 
more likely to bypass their closest large format store in favour of a more distant alternative. A 
similar result is identified with a respondent’s preference towards aspects of Price (odds ratio 
= 1.10, p = 0.01). Conversely, but intuitively, as a consumer’s preference towards store prox-
imity and accessibility in general increases they were less likely to skip their closest store. The 
remaining respondent preference categories, including transportation issues, were not shown 
to be statistically significant within our model suggesting they have limited impact on the re-
spondent’s decision to use their closest store at the global scale. 

Socio-economic Variables 
Single person households (odds ratio = 1.31, p = 0.04) were more likely to bypass their closest 

store in comparison to a household consisting of a  
traditional nuclear family. Otherwise family status does not appear to be significant.  
Respondents in part-time employment (odds ratio = 0.64, p = 0.02), out of employment 

(odds ratio = 0.74, p = 0.01), and of unknown employment status (odds ratio = 0.66, p = 0.03) 
were all less likely to bypass their closest store than respondents who were in active employ-
ment.  

The age category results are noteworthy in that all the age categories over 45 - aged 45 to 54 
(odds ratio = 0.74, p = 0.02), aged 55 to 64 (odds ratio = 0.71, p = 0.01) and aged over 65 (odds 
ratio = 0.64, p = 0.01) - were far less likely to bypass the store closest to their home compared 
to the respondents aged between 35 and 44. However respondents under the age of 35 did not 
exhibit significantly different choices to those aged 35 to 44 at the global scale. It is also inter-
esting to note that the odds ratio in each of these categories decreases as the respondent’s age 
increases.  

Of the remaining social economic variables none of the variables regarding the presence of 
car ownership in a household or the average income of the respondent’s locality was statisti-
cally significant in our model. 

Spatial or Closest Store Effect Variables 
Of the variables included to try and account for spatial or store effects in the model, nearly 

all of them have been found to be statistically significant. The first variable was theorised to 
represent the relative attractiveness, calculated in terms of store size and distance from re-
spondent, of the closest store to the respondent in comparison to all the other large format 
grocery stores in Helsinki Metropolitan Area. The results for this variable (odds ratio = 0.94, 
p = 0.00) suggest that the more attractive the closest store is in relation to all the other possible 
store choices then the less likely the respondent is to bypass that store. In a similar manner the 
distance to the closest store is also significant (odds ratio = 1.70, p = 0.00) suggesting that the 
further the closest store is from a respondent the more likely it is that they will then ignore that 
store in favour of a further alternative.  

The size of the closest store (odds ratio = 0.91, p = 0.00) indicates that the larger the nearest 
store the more likely a respondent is to frequent that store. If the closest store had an Alko, the 
state run alcohol retailer, situated in close proximity then a respondent was more likely to use 
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that store than bypass it in favour of a more distant alternative (odds ratio = 0.67, p = 0.00). 
The results for the retail owner variable (0.86, p = 0.04) would indicate that if the closest store 
belongs to the SOK the respondents are less likely to ignore it in favour of a more distant alter-
native, in comparison to if the closest store is part of the Kesko or Suomen Lähikauppa. 

All the coefficients calculated for the submarkets are mostly statistically significant, with the 
exception of submarket 3. They are also all positive suggesting that overall respondents in sub-
market 2 are less likely to bypass their closest large format store than respondents in the rest 
of HMA. This could make sense given that this submarket has historically always had an aver-
age level of potential accessibility to large stores well below the rest of the study area. 

Submarket 8 (odds ratio = 1.340, p = 0.04) indicates that respondents in this submarket are 
slightly more likely to bypass their closest store than respondents in submarket 2.  This sub-
market occupies the central area of the HMA study area but interestingly over the period this 
has generally had the second largest average potential accessibility to large format stores after 
the central Helsinki submarket 4. Therefore it is at the other end of the spectrum in terms of 
potential accessibility to the reference submarket 2. 

Submarket 4 (odds ratio = 1.732, p = 0.00),  submarket 5 (odds ratio = 1.668, p = 0.00), 
submarket 6 (odds ratio = 1.555, p = 0.01) and submarket 7 (odds ratio = 1.782, p = 0.00) all 
indicate the respondents in these submarkets are quite a lot more likely to bypass their closest 
store in favour of a more distant alternative. The final submarket 1 (odds ratio = 1.920, p = 
0.00) indicates that respondents living in this area are a lot more likely to bypass their closest 
store than a respondent living in submarket 2. This is very interesting as submarket 1 consists 
of the area south of submarket 2. Whilst submarket 1 has higher average potential accessibility 
to large format stores it is only slightly higher than submarket 2 and a lot less than many of the 
other submarkets.  

 The addition of the Submarket variables in the global model, in addition to the findings 
shown in the previous chapter, demonstrate that there are a number of spatial factors at work 
when it comes to retail patronage decision making. Whilst some of the findings reflect the spa-
tial nature of the underlying variables it would appear that the influence of each of these vari-
ables is not static across the study area. Therefore whilst these results represent average rela-
tionships across the HMA they are likely to give an unrealistic view of the relationships in any 
particular location within HMA. It would increase our understanding of the influence of these 
variables to examine whether these relationships vary, or are stationary, across the study area. 
We are interested in whether we can detect if there is a spatially varying element to the rela-
tionships between the variables and store patronage decision-making or is the difference 
shown by the submarket dummy results down to the spatially varying distributions of the var-
iables instead. 

Geographically weighted regression logistic model 
As outlined in chapter 5 an important component of a geographically weighted regression is 

the use of a spatial weighting function. This allows data located closer to each calibration point 
to contribute more to the regression at that point than data located further away. If wij is the 
spatial weighting function, where j represents a specific point in space at which data are ob-
served and i represents any point in space for which parameters are estimated, then if = 0.5 
data at point would contribute only half the weight in the calibration procedure as data located 
at point i. Because of the random distribution of our respondents across the HMA we opted to 
use an adaptive bandwidth where the size of the bandwidth was determined using a golden 
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search algorithm. This method searches for the bandwidth that allows the model to be esti-
mated with the minimum Aikaike Information Criterion (AICc) value. The spatial weighting 
method used was the Gaussian function, the formula for which is outlined in  chapter 4 as 
equation 20. Using a golden search algorithm to minimise the AICc value produced by the 
model resulted in an adaptive bandwidth of 248 nearest neighbours being selected to run the 
model. 

We can compare the resulting AICc figures from both models to examine whether the 
GWGLM provides any improvement in fit over the global LR model. In our study the LR model 
1 provided an AICc value of 4422.68 and LR model 2 provided an AICc value of 4403.653. This 
can be compared to the resulting AICc value from the logistic GWGLM model of 4352.61. The 
best model is the one with the lowest AICc figure and it is regarded that any drop in value of 
above 3 is a significant improvement (Fotheringham et al. 2002). Bearing this in mind the 
GWGLM model appears to offer a significant improvement in model fit over the global model. 

 
Table 25 Predictive accuracy of regression models

 
Model 1

Row Labels Used
Closest

Skip 
Closest

Grand 
Total

% Ex-
plained

Used Closest 1082 630 1712
Skip Closest 557 1290 1847
Grand Total 1639 1920 3559 66.6%

Model 2
Row Labels Used

Closest
Skip 

Closest
Grand 
Total

% Ex-
plained

Used Closest 1081 631 1712
Skip Closest 553 1294 1847
Grand Total 1634 1925 3559 66.7%

GWGLM
Row Labels Used

Closest
Skip 

Closest
Grand 
Total

% Ex-
plained

Used Closest 1183 530 1713
Skip Closest 463 1387 1850
Grand Total 1646 1917 3563 72.1%

 
The residual deviance of the model 1 is 4367 compared to the residual deviance of 4336 for 
model 2 with the subclusters included. The residual deviance of the GWGLM model is far lower 
at only 3822.  We can also inspect the number of correct predictions made by each model. Table 
25 shows the matrix of predictions versus actual values for each model. The first two tables 
shows the global models have fairly similar predictive accuracy with both predicting at 66.6% 
and 66.7% accuracy. However the GWGLM model provides a far better predictive accuracy at 
72.1%. The GWGLM predicts 9% more respondents who use their closest store correctly and 
7.5% respondents who skipped their closest store correctly. 
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The results of fitting the geographically weighted regression logistic model of closest store pat-
ronage decision-making are given in Table 26.
 

 
Table 26 Odds Ratio results from logistic geographically weighted generalised linear model

 
Explanatory Factors Minimum Lower 

Quartile Median Upper 
Quartile Maximum Stationarity

RC1 – Amenities and Service provision 
of store 1 1.07 1.13 1.21 1.26 Non 

Stationary
RC2 – Service Provision and Community 0.94 0.99 1 1.02 1.04 Stationary

RC3 – Convenience 0.91 0.92 0.94 0.96 0.97 Stationary

RC4 – Transportation offerings 0.88 0.91 0.94 0.96 1.05 Stationary

RC5 – Price 1.05 1.11 1.13 1.16 1.19 Stationary

RC6 – Proximity and Accessibility 0.66 0.7 0.76 0.82 0.88 Non 
Stationary

Single (Dummy) 1.1 1.23 1.32 1.39 1.62 Stationary

Single Parent Family (Dummy) 0.62 0.83 1.09 1.48 1.85 Non 
Stationary

Couples (Dummy) 1.09 1.18 1.24 1.27 1.37 Stationary

Unknown Family Status (Dummy) 1.03 1.1 1.21 1.33 1.56 Stationary

Under 25 (Dummy) 1.01 1.12 1.22 1.27 1.41 Stationary

Aged 25 to 34 (Dummy) 0.7 0.75 0.81 0.94 1.23 Stationary

Aged 45 to 54 (Dummy) 0.59 0.66 0.71 0.75 0.9 Stationary

Aged 55 to 64 (Dummy) 0.58 0.63 0.65 0.72 0.83 Stationary

Aged over 65 (Dummy) 0.58 0.62 0.64 0.66 0.73 Stationary

Car Ownership (Dummy) 0.73 0.81 1.02 1.14 1.25 Non
Stationary

Part time Employment (Dummy) 0.48 0.58 0.71 0.77 0.87 Stationary

Out of Employment (Dummy) 0.58 0.66 0.71 0.76 0.83 Stationary

Unknown Employment (Dummy) 0.45 0.55 0.61 0.63 0.7 Stationary

Medium Income Area (Dummy) 0.78 0.89 0.98 1.07 1.25 Stationary

High Income Area (Dummy) 0.68 0.77 0.84 0.9 1.11 Stationary

Distance to closest store (Km) 1.67 1.76 1.83 1.9 1.98 Stationary

Size of closest store (1000m2) 0.79 0.81 0.86 0.91 0.95 Non 
Stationary

Huff value - Relative Attractiveness of 
closest store 0.98 0.98 0.99 0.99 0.99 Stationary

Presence of Alko 0.38 0.49 0.64 0.83 1.02 Non 
Stationary

Belong to SOK group 0.64 0.74 0.85 0.96 1.02 Non 
Stationary

Years store has been on site 1 1 1 1 1 Stationary

 
GWR models produce a large amount of data and statistics in their outputs and so we have 

followed a standard practice, similar to Sage and Goldberg (2012) and Fraser et al. (2012), of 
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reducing the data to a meaningful output by presenting a six-output summary table containing 
the model’s minimum, lower quartile, median, upper quartile and maximum values of the co-
efficient odds ratios as well as their stationarity status. A relationship was deemed non-station-
ary if the interquartile range of the resulting parameters form the GWR logistic model were 
more than double the standard error (S.E.) of the global model (Fraser et al 2012, Fothering-
ham et al. 2002).  

Figure 56 illustrates the difference in spatial autocorrelation in the residuals between the 
global and local models. Moran’s I coefficients were calculated at a range of different band-
widths for the residuals from each model and the results plotted. The spatial autocorrelation 
in the residuals from the local model was less than the spatial autocorrelation in the residuals 
for the global model at all bandwiths indicating that spatial autocorrelation is more accounted 
for in the logistic GWGLM. The results of both testing the spatial correlation in the residuals 
and the AICc statistic both confirm that the logistic GWGLM is the better model to model/pre-
dict the probability that a consumer will bypass their closest store in favour of a more distant 
alternative. 

 

 
 

Figure 56 Spatial autocorrelation in the residuals of the Logistic Regression and Logistic Geographically Weighted 

Generalised Linear models.
 
Using this criterion we were able to identify seven relationships that we could therefore deem 

as non-stationary, i.e. the relationship between the variable and the decision to bypass the clos-
est store varied over space. Of these seven variables two were related to the grocery shopping 
preferences of the respondent; firstly the amenities and service provision of the store and sec-
ondly the proximity and accessibility of the store. Two variables were related to socio-economic 
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situation of the respondent, single parent households and car ownership, and three were re-
lated to store specific factors; whether the store was owned by SOK, whether there was an Alko 
present in close proximity and the physical size of the store. 

For the majority of coefficients the median value from the logistic GWGL model is not too 
dissimilar to the parameter estimate produced by the LR model. Only in two cases had the 
coefficient for a variable changed in sign, or as shown changed from an odds ratio value < 1 to 
a value >1. These were the estimates for the car ownership dummy variable and median house-
hold income. The car ownership variable exhibits non-stationary behaviour and on closer in-
spection the difference between interquartile range for median household income parameters 
produced from the local model and the standard error from the global model is only -0.00059, 
where a resulting difference greater than 0 is judged to be non-stationary. 

The GWR software generates a set of parameter estimates for every explanatory variable in 
the model for each sample point, in this case the home location of the respondent. These pa-
rameter estimates can then by plotted within a GIS system to better aid the visualisation, as 
well as analysis, of spatial variations in the  influence of the explanatory variables on the store 
patronage decision-making. In addition a t-statistic for every explanatory variable at each sam-
ple point is also generated to indicate the variation in significance of the parameters across the 
study area. Based on the parameter estimates and corresponding t-statistics we generated a set 
of surfaces to clarify the spatial variations. These surfaces were generated using Inverse Dis-
tance Weighting interpolation as this is viewed as an appropriate approach for generating sur-
faces from GWR results (Luo & Wei 2009).The resulting surfaces are shown in  

Figure 57. 
Although the parameter estimates for both single parent and car ownership exhibit a non-

stationary relationship with the probability of a respondent bypassing their closest store none 
of the parameter estimates at the sample points proved to be significant. Neither of the coeffi-
cients for these variables produced a significant result in the global LR model. The surface for 
the parameter estimates for the odds ratio for  RC1 – preferences concerning amenities and 
service provision of stores – range from a peak of 1.26 to 1. The areas that obtain the lowest 
parameter estimates are also the areas where the parameter estimates are found to be rejected 
at the 5% significance area. As an odds ratio of 1 would be the same as a coefficient of 0, there-
fore adding no explanatory power to the model, this result is reasonable. 
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Figure 57 Left Column: local parameter estimates (Odds Ratios) for non-stationary relationships. Right Column: 

Significance of local parameter estimates 
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The parameter estimates for RC6 – preferences towards proximity and accessibility of the 

stores – are found to be significant at less than 5% over the entire study area. This result indi-
cates that over the entire study area the more a respondent showed a preference towards prox-
imity and accessibility issues the less likely they were to bypass their closest store. However 
this phenomena was stronger in western Helsinki, the city of Espoo, than in the eastern part. 
The surfaces for the presence of an Alko store and the closest store belonging to an SOK store 
show that the GWGLM has produced similar results for these two variables. In both cases the 
eastern part of the study area has produced odds ratios close to 1 and parameter estimates that 
are not significant whereas respondents living in the western part are both far more likely to 
frequent their closest store if it has an Alko in close proximity, or belongs to the SOK chain. 

Finally the parameter estimates calculated by the GWGLM for Store Size were significant 
over the entire study area. They show that the larger the closest store to a respondent is the 
less likely the respondent is to bypass that closest store. 
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10.7 Discussion 

The results of this study indicate the decision whether to patronise a consumer’s closest large 
format grocery store, or bypass that store in favour of a more distant alternative, is a complex 
issue even in a relatively homogenous retail environment such as the Helsinki Metropolitan 
Area. Results from the survey suggest that the proximity of a large store to a consumer’s home 
address still plays a major part in their store patronage decision-making with 48% opting to 
patronise their closest large store for their grocery shopping needs. However other factors 
clearly come into play producing a compensatory distance-making process where the respond-
ent trades off distance against other attributes (Fotheringham & Trew 1993). It is also readily 
apparent that there is a degree of spatial clustering present in choices made by the survey re-
spondents. 

When attempting to model attributes that may influence the decision to bypass the closest 
store, the results from our study show that allowing for spatially non-stationary relationships 
through GWR provides both a better fit and a reduction of bias through spatially correlated 
error terms. Although the local, logistic GWGLM, model showed a marked improvement in fit 
and accounted for a greater degree of spatial autocorrelation, the results from the traditional 
LR model should still be considered as a useful basis of comparison for the local model (Sage 
& Goldberg 2012). 

Unlike some previous studies into retail choice, see Pan and Zinkman’s (2006) meta-analysis 
of determinants of retail patronage for an overview, we did find that age appeared to have a 
significant influence on retail patronage. Not only was age of the respondent significant it was 
spatially stationary, indicating it that the age of a respondent had the same influence on their 
decision-making at any location within the study area. The same results were found for em-
ployment status. The lack of significance in other socio-economic factors such as household 
income can be accounted for by the uniformity of the Finnish population. The OECD Gini Index 
for 2009 show Finland as having the sixth lowest measure of income inequality with a coeffi-
cient of 0.255 compared to 0.288 for Germany, 0.293 for France and 0.345 for the UK 
(http://www.oecd.org/statistics/). However retailing is a complex area and the results found 
regarding significant factors influencing grocery retailing in the HMA are by no means appli-
cable in other locations or sectors of retailing. 

The socio-economic variables of age and workforce participation are obviously interlinked, 
although the correlations were non-significant. The majority of the actively employed are to be 
found in younger age groups. Young households tend to involve themselves in more work-, 
family- and leisure-related activites across the region, stretching the time budget and calling 
for more complex route planning. On the other hand, owner-occupied housing and other resi-
dential wealth accumulates by age (OSF 2009). Living in the same neighbourhood for longer 
periods can result in an increase of knowledge on near-by facilities. Mägi & Julander (2005) 
found indications that length of residence in a neighbourhood affected the objective price 
knowledge of surrounding grocery stores. Owner-occupied housing can also be seen as an in-
vestment in the local milieu. 

The variables relating to distance of the closest store were also found to be significant and 
stationary. The straightforward measure of distance to the closest store shows that if there is 
an increase in the distance the respondent has to travel to the closest store then they are more 
likely to bypass that store in favour of a more distant alternative. The Huff probability value 
takes this proposition a step further. The results show that, at any location across the study 
area, if the closest store is proportionally more attractive and closer than the alternative large 
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format grocery stores the respondent will correspondingly be more likely to frequent that near-
est store.  

The results from the dummy variables representing the historic supply submarket clusters in 
the global logistic model provided an interesting contrast to the initial ANOVA test that was 
run to examine whether the decision to bypass the closest large format grocery store varied 
significantly between these submarkets. The ANOVA test found no significant difference be-
tween the submarkets. However in the model results all but one submarket had significant co-
efficients. This would tie into the variability amongst the other factors that was also apparent 
between sub markets as shown in the previous chapter. Once the influence of the other factors 
had been incorporated within the model the submarkets did show significant differences in the 
likelihood of a respondent within them to bypass the closest large store in comparison to a 
respondent in the reference submarket. 

Whilst these variables, along with single person households, had a significant influence on 
store choice at the global level, grocery preferences and aspects of the closest store exhibited 
spatially varying relationships with the decision to patronise the closest store.  Western HMA, 
mainly consisting of the city of Espoo, demonstrated that respondents’ preferences and aspects 
of the closest store could strongly influence the decision to whether or not to bypass the closest 
store. However in eastern Helsinki we only found the size of the closest store and the prefer-
ences towards aspects of store proximity and accessibility to have an impact. This was an in-
teresting result in that of the many variables explored within these models only five exhibited 
any degree of spatial relationships but that by accounting for this non-stationary behaviour we 
were able to produce more accurate model.  

Some of the error remaining in the model could be due to our decision to measure distance 
via the road network. Although this provides a more accurate representation of physical dis-
tance between a respondent and a store it can also cause problems in that the road network 
itself could act as a physiological barrier for various reasons. One factor could be that although 
a store maybe closest to a respondent, if they have to travel to that store utilising a main road 
there may be a disinclination by the respondent to cross, or use, this main road. Another factor 
could be that the respondent is aware through experience that during the time period they 
favour to shop for groceries there is often heavy traffic and long delays along routes to partic-
ular grocery stores.  

The division of significance in similar locations in the non-stationary parameters could re-
flect the public transport zoning system in place in the Helsinki Metropolitan Area. By crossing 
the border between the regions the cost for using public transport almost doubles. This would 
especially influence people who do not own a car but live close to one of the transport zone 
borders. Thus the logic behind the residential location may not be in the facilities in the neigh-
bouring areas but in the good public transport connections towards the city centre or other 
important nodes. 

After the Second World War the municipalities have differed in their land use strategies 
(Joutsiniemi 2010). The City of Helsinki has emphasized the CBD and good public transport 
connections from its suburbs towards the centre. The City of Espoo, on the other hand, has 
shared its efforts more evenly between the subcentres and intermediate small housing areas. 
The resulting differences in the urban hierarchy may be an explanation for some of  non-sta-
tionary relationships found in the GWR results. 

This study suggests that by using geographically weighted regression tools to study retail be-
haviour we can produce models that better describe the observed behaviour of consumers 
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within a retail system. The presence of non-stationary relationships indicates that care should 
be taken in applying parameters calculated at a global level as holding true for the entire study 
area. However what this study also reveals is that not all relationships contain spatial variation, 
in this case it appears limited to consumers’ preferences related to grocery shopping and the 
perception of store and distance related factors that vary within the study area. As both the 
Helsinki Metropolitan Area grocery landscape and the Finnish population as a whole are gen-
erally uniform it would be interesting to repeat this study in a more complex environment such 
as grocery retailing in the United Kingdom. 

We should also be aware of the fact that there is still some small amount of spatial autocor-
relation present in the errors from the GWGLM, suggesting that there may still be some aspects 
related to location that we have failed to account for in our model. This could be due to 
transport issues, such as local availability of public transport, or perhaps to more detailed as-
pects of the stores themselves, such as amount or parking, number of tills, date of last refur-
bishment or the adjacency of additional services. 

One major omission from this model was any variable to account for the location of a re-
spondents’ work. This information would have provided an interesting examination to explore 
whether the respondent may then choose to patronise a store that was close to their work, or 
one that lay upon their commute from home to work. 
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11. Discussion

The overall aim of this thesis was to investigate changes in the grocery market of the Helsinki 
Metropolitan Area (HMA) through a number of different approaches. Retailing is a dynamic 
industry, and as outlined in chapter 2, differing retail formats usually undergo a lifecycle in 
their evolution. As one format type becomes more popular another format type may go into 
decline. Therefore, if we investigate one sector of retail, in this case grocery shopping, we would 
not expect that the sector has remained unchanged throughout the study period, particularly 
when that study period spans nearly three decades. 

Much of the previous research into the grocery sector, with a few noticeable exceptions, has 
studied temporal or spatial factors separately, essentially in isolation of each other. The studies 
have been focused upon the changes in volumes of sales area, or number of stores of differing 
formats over time within a predefined study area, be it town, region or country. Similarly stud-
ies into changes in distribution of stores, accessibility to stores or consumer behaviour towards 
grocery shopping have focused upon the spatial nature of retailing but in most cases for one 
static period of time. Few studies have taken the approach of examining whether regarding 
these two factors separately may obscure more interesting patterns. We asked the question 
whether studying the changes in the grocery provision at macro level may aggregate con-
trasting patterns of change that are happening at the local level. 

The previous studies outlined in chapter 2 demonstrate that there have been significant 
changes in grocery store retailing in many of the developed countries studied. The pattern 
found in many of the markets studied was one of the closure and decline in smaller grocery 
stores contrasting with an explosive growth in larger format grocery stores, such as large su-
permarkets and hypermarkets. Comparison of these changes between studies can be compli-
cated slightly by differing terminology and classification structure and characteristics between 
countries but the strong over riding patterns of change remain the same. These patterns of 
change fit in well with theoretical constructs such as retail lifecycles which break the lifecycle 
of, for example a grocery store format, into four stages of Growth, Accelerated Development, 
Maturity and then finally Decline. If we adapt the concept of a lifecycle there is always the 
possibility that a format in decline can still evolve and so return to the growth phase and start 
the lifecycle again. 

Retail is in itself incredibly spatial in its nature. The location of the store and the location of 
its consumers are of paramount importance. In addition, spatially varying phenomena such as 
consumers’ preferences can also occur, impacting on the way consumers use their grocery 
landscape. Most of the existing theories on retail behaviour are based implicitly on the concept 
of distance between a consumer and a retail location acting as a cost or deterrent. The closer 
the store is to a consumer, the more likely they are to frequent that store. In addition, retail is 
competing against other land uses within an urban landscape for the locations that would best 
serve a retailer’s needs.  As spatial interaction theory goes on to state this deterrent effect of 
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distance is then weighed against other attraction/repulsion factors that together provide a like-
lihood of retail patronage. Therefore, as consumers’ preferences towards these measures of 
attraction change and evolve over time, the importance of location will also change. For exam-
ple; as car ownership rates rose, the preference towards less frequent, but larger, grocery shop-
ping trips rose amongst consumers leading to bigger stores being required to service those 
needs. As larger stores were needed there was a move towards cheaper out-of-town locations 
with good road access. What is often overlooked is how all this change has affected the inhab-
itants of an area. Do they enjoy greater or less access to grocery stores than they did 1, 5, 10, 20 
years ago? As these changes occur how does that impact the existing store networks. Do stores 
need to be opened, closed, enlarged or rebranded? These are crucial tasks for location teams 
within retail brands to get right. 

The analysis in chapter 6 shows very clearly what the overall change in grocery stores has 
been in the HMA. The overall pattern when looking at physical store numbers has been one of 
decline. By taking this as step further we can see that it is the smaller store formats, particularly 
those termed pieni valintamyymala (stores of size under 200 m2) and pienoisvalintamyymala 
(kiosk type stores). This pattern in terms of changes in number of stores matches the general 
pattern found in other developed countries over a similar time period, as illustrated by previ-
ous studies outlined in Chapter 2.  

However this change in numbers is completely at odds if we compare it to what has happened 
in the overall amount of grocery stores measured by their size. This metric has grown consid-
erably across the study period. It can be seen that the type of stores where the numbers have 
declined are store types that are numerically large but, in terms of size, very small. The reason 
for the dramatic increase in volume of grocery stores as measured by their size is the strong 
growth in numbers of large superstores and hypermarkets, which although small in overall 
numbers provide a far larger retail footprint. 

Whilst this is useful, if we are focused upon assessing the nature of change to the HMA gro-
cery retailing landscape the first thing we would like to know is if this change has been occur-
ring at a constant rate across the study period or whether there have been periods of strong 
growth and decline. By studying charts showing annual periods of store exits and entrants, we 
can see that these events have not occurred at a steady rate across time but instead there are 
years where the change is more volatile. From this point on we studied stores in terms of two 
groups, large format grocery stores and small format grocery stores. This provided two distinct 
groups similar to those referred to in previous studies that have undergone differing levels and 
patterns of change.  

Using a subset of time series analyses called deterministic trend analysis we ran quadratic 
and cubic trend lines through the growth in numbers and size volume of small and large format 
grocery stores. A quadratic trend would identify the location of one turning point in the cycle 
whereas a cubic model would identify two turning points. We did this to examine whether we 
could identify where on a retail format lifecycle both these grocery formats may potentially sit, 
following work conducted by Cliquet and others. The results of our analysis were very interest-
ing and can be tied into existing theories such as the wheel of retailing and the concept of a 
retail lifecycle. With large stores we could see that the growth in numbers was mainly due to 
the opening of large stores as there were very few exits of large stores across the study period. 
When fitting the cubic trend to both the numbers and size volumes of large format stores the 
trend indicated that this format was still in the accelerated development stage of a retail lifecy-
cle. However if you remove Lidl stores, which as hard discounters are generally classed in a 
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separate format category to traditional large super-and hypermarkets, the trend results indi-
cate that instead large format stores are in the maturity stage of their retail lifecycle. 

For small stores the trend analysis shows that using a quadratic trend line on numbers indi-
cates that small stores may have returned to the early growth and innovation stage, whereas 
a cubic trend line indicates that small format stages may have even progressed towards the 
accelerated development stage.  This ties in well with concepts put forward by Berne-Manero 
et al. (2009) where small, convenience stores are continually evolving into different sub-format 
types. These  sub-format types maintain the same basic services such as long opening hours 
and small size, but offer a highly differentiated bundle of characteristics to each other. Each of 
these different types is then at a different stage of their retail lifecycle. The growth of small 
grocery stores accompanying petrol garages is a good example of this. Colla (2004) has similar 
ideas and he views retail formats as a concept that settles, rather than disappearing altogether, 
as long as they adapt to meet consumer expectations.  

Whilst trend analysis is very useful as a way of comparing actual changes to the theoretical 
retail lifecycle it does have issues as a methodology for trying to learn more about the past 
behaviour in the supply of the different grocery retail formats. To learn more we ran time series 
analysis on the annual changes in the numbers of small grocery stores. Using Granger causality 
tests we found that there was evidence that the changes in large number of stores were related 
to changes in the number of small stores but not vica versa. The resulting model showed that 
the rate of change of small format grocery stores had statistically significant indications of be-
ing negatively influenced by the rate of change of large format grocery stores at a two-year lag. 
Whilst we can definitively say that this shows that the opening of large format stores caused 
the exit of small format shows it provides strong evidence that this could be a factor. This would 
match the notion that the opening of a large grocery store is almost an act of aggression that 
destabilises the current grocery retailing landscape and leads to price competition and store 
closure (Guy 1996). 

As we have mentioned in previous chapters much of the previous analysis of changing num-
ber of stores has concentrated on these overall numbers. What we are interested in is examin-
ing whether these patterns of change are consistent over the study area or has there been im-
portant localised patterns of change which, when aggregated, lead to the overall pattern of 
change. The spatial nature of retailing has been highlighted previously. We would expect this 
spatial nature to result in localised differences. Stores will open and close due in part to the 
shifting needs to their customers as well as the ways in which retailers envision serving those 
customers, and the income they can generate from the catchment area. Therefore, it is likely 
we will see areas where survival, or even success, of different store formats has occurred and 
areas where there has been a large number of exits, whether through strategy or necessity. By 
running a local spatial autocorrelation analysis using a moving temporal window we were able 
to identify locations and times where there had been a significant clustering of closures of small 
format stores. This initial analysis demonstrated very clearly that there were strong localised 
issues at play and that, to get an understanding of the changing grocery retailing environment 
of HMA over the study period, we needed to investigate this both spatially and temporally. 

By examining the changing supply of grocery stores we are also inherently looking at the 
changing levels of access of residents in HMA to grocery stores. The fewer stores there are, the 
more difficult it will be for all inhabitants to have the same level of access to grocery stores. We 
started to explore this issue by simply creating maps of the first and last year showing the ag-
gregate counts of small and large format stores that were present within sub-areas of the HMA. 
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As population levels did not remain static within these sub-areas over the study period, we also 
normalised the data for small stores by showing the provision of small stores (in terms of m2) 
per household. All of these maps showed that there had been large changes over the study 
period. To explore this further, we then looked at whether the distribution of stores had 
changed over the period. We wanted to ascertain whether the stores had remained distributed 
at the same level across the study area as the numbers of stores rose or fell. Crucially, was the 
loss of small stores felt equally across the area? Again the results showed that this wasn’t the 
case. From this study an interesting finding was that the level of relative entropy was almost 
the same at the end of the study period for small format stores as it had been at the beginning. 
This showed that whilst, at the millennium the distribution of small stores had become more 
clustered in specific locations, by the late 2000’s stores were more evenly distributed across 
the study area again. If we compare this to the graph purely looking at numbers we can see that 
whilst there is a slight upturn in numbers at the end of the study period, it is nowhere near to 
the same degree. This would imply then that stores had closed within areas of higher concen-
tration and that any new entrants were opening in locations that provided a more even distri-
bution. This is another strong indication from the data that the characteristics of small format 
stores had evolved to again provide a suitable grocery offering for the inhabitants of HMA. 

To get a fuller understanding of the changes that had occurred over the study period in rela-
tion to the location of grocery stores and their accessibility from surrounding areas, we decided 
to adopt a method common in the analysis of store distributions: the buffer analysis. However, 
instead of focusing on an individual year, we ran the analysis for every year in our time line. As 
with the simple performance indicator method we again met the issue of how best to present 
the vast amount of data running a spatial analysis for multiple years produces. We focused 
upon analysing areas that had once had access to grocery store provision and had lost that 
access by the end of 2008, or areas that had gained access to grocery store provision since 
1980. Whilst the entropy calculations show that the distribution of small stores is more evenly 
spread than it had been, the results of the buffer analysis shows that there were large swathes 
of HMA that had lost the presence of a small grocery store within 500m of their location. Con-
versely the majority of the HMA, especially the more inhabited areas, had access to a large 
store within 2km. These findings are likely to be related to the ways consumers have changed 
the ways they conduct their grocery shopping over the study period, fitting in with the concept 
of doing one big shopping trip at a large store rather than popping to the local shop every time 
you need something. Further investigation of these identified areas could lead to useful outputs 
regarding the vulnerability of different social and demographic groups to changes in the gro-
cery retailing study. The pattern of loss of access to small stores coming in the years after the 
gain of access to a large store is interesting. If the gain in large stores happened at the beginning 
of the study period and the decline of small stores happened near the end, then we could but 
this down patterns in the data. However, combined with the results of the earlier time series 
analysis, it is more evidence that the opening of large stores has had an effect on the closure of 
small stores. 

From these results it is shown that the distribution of grocery stores, and conversely the pro-
vision of grocery retailing to inhabitants, has altered significantly across the study period. The 
buffer method revealed many areas that had lost or gained access to grocery retailing, but in a 
very black and white manner. A grocery store was either present or it was not. In reality the 
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patronage of grocery stores is often different to this, although it should be noted that for sec-
tions of society, such as the aged or infirm, the presence or absence of a store within their 
restricted access is a major need, unless they can manage with public transport.  

Spatial interaction theory teaches us a consumer will evaluate a number of alternate grocery 
stores based upon their distance to their location and the attractiveness of their retail offering. 
Therefore, to understand better how the actual level of access for inhabitants across the study 
area has changed, it would be better to look at the change in their potential access to both small 
and large grocery stores.  

To quantify the distance decay element of this analysis we used information on respondent 
patronage from the KOKKKA survey. This in itself reveals many interesting facets. As you 
would expect the decay curve for small stores declines rapidly the further you move away from 
the store. In fact, 50% of the interactions with small stores came from respondents living within 
419m of a small store. The small stores graph also shows a very sharp elbow beginning at 
around a kilometre. This could be an indication that there is a break in the relationship as 
respondents are unwilling to travel over a kilometre for a small store and that the factors that 
make a particular small store attractive cannot create enough utility to overcome the distance 
deterrent.  

Large stores, on the other hand, have a much gentler distance decline curve, showing that 
each unit of extra distance has less of a deterrent impact compared to small stores. In this 
instance 50% of interactions occur within 1256m of a large store. For large stores their appear-
ance of a sharp elbow turn is much less apparent perhaps indicating that factors that increase 
a store’s attractiveness still exert a significant influence on the utility a consumer receives from 
patronising that store, even taking distance into account. 

We found that a log-logistic decay curve best fitted both the small and large format store 
distance decay curves. This is interesting as it suggests that an s-shaped curve best suited the 
pattern of distance decay in both instances. This would indicate that the decay curve does not 
sharply decline immediately in both cases, but starts shallower before declining more sharply. 
In reality this is largely due to the use of single point to represent the whole parcel of land 
which encompasses a shop. This means that the closest respondents are always going to be 
located some distance from the location point due to the physical size of the surrounding store, 
as well as other retail, parking and roads as these create a zone around the location point. Un-
less a respondent happens to live directly above a shop they will always have a minimum dis-
tance between their home and the location point for the shop. 

We used these distance decay curves to create a potential accessibility value for each year, for 
every location, within the grid network covering the HMA. This is because each store exerts 
influence over the surrounding area. The further away a location is from a store the less the 
influence of that store at that location will be. This also means that neighbouring grid locations 
will have a very similar level of access to the same store and so, over time, neighbouring areas 
will be affected in the same manner by stores opening and closing. In addition, each location 
will be under the influence of many stores in any period, with some stores exerting greater 
influence over the location than others due to their increased proximity.  

Using this method we can create a surface map for each year showing the potential accessi-
bility at any location, firstly for small format grocery stores and secondly for large format gro-
cery stores. Each surface map can be useful in itself as Salze et al. (2011) have shown. However, 
trying to examine 28 maps for each year in the study period for both format options (56 maps 
in total) is not an efficient way to examine how the levels of potential accessibility for each 
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format has changed. Therefore, we decided to create a simpler measure that would allow us to 
explore this change. As we realised we had, in essence, created an index at each location rep-
resenting the changes in accessibility at that location over time we recognised that we could 
use this information to create sub market clusters that grouped areas into ones that had un-
dergone similar patterns of change in accessibility level over the study period. 

Due to the overwhelming pattern of decline in the number of small stores and the corre-
sponding increase in the growth of large stores, we then found we had to normalise the results 
a stage further to truly reveal the patterns of change which led us to draw conclusions particu-
larly for the area surrounding Central Helsinki. The return to strength in the potential accessi-
bility of small grocery stores in this area indicates that in some manner the concepts being bid-
rent theory are still valid as it is a sought after location for small grocery stores. The identifica-
tion of submarkets representing the growth of new residential areas and accompanying retail 
was also an insightful result. 

The methods described above clearly show that the grocery landscape has changed im-
mensely over the study period. These changes will have impacted the residents of the HMA. 
Consumer behaviour is a well-studied subject but one that is incredibly complex. One facet that 
is far less studied is spatial variations in consumer behaviour. As we have shown spatial factors 
are a key cornerstone of retailing analysis and the behaviour of consumers is likely to be im-
pacted by the place they live as well as factors such as their age, income and other socio-eco-
nomic factors.  

Ideally we would have been able to study whether consumer behaviour varies temporally as 
well as spatially, but unfortunately we only had one survey available to us for this analysis. As 
the survey dated from the end of the study period it did give us the opportunity to incorporate 
knowledge from previous analyses into the study. 

The preparation of the responses from the survey itself was a fairly major undertaking. Once 
we had created a set of variables representing as much information as we could gather on each 
useable respondent in the survey the first step was to explore whether the variables represent-
ing the respondents varied spatially across the study area. This is a useful task as it can high-
light the issue from not incorporating spatial considerations into your analysis. If a study shows 
that certain variables influence consumer behaviour in different ways, but these variables are 
not distributed evenly, then depending upon where you draw your sample for the study will 
alter the results of that study due to the makeup of the sample.  

We tested the distribution of our variables firstly using a common spatial autocorrelation test 
called Moran’s I. This test clearly showed that for many of our variables similar levels of values 
could be found clustered together in the study area, i.e. the values for those variables were not 
distributed evenly. Secondly, we took the submarkets created in the previous study, as these 
represented areas where the change in supply of grocery stores was consistent throughout the 
study period, and then tested whether the variance in mean values for each of the variables was 
significant. For those where there was significant variation we could then explore the mean 
values for each submarket to get a better understanding of the average respondent within each 
submarket.  

The results from this spatial analysis clearly show that for many of our variables the spatial 
distribution is uneven across the study area. This would indicate that if the relationship be-
tween each variable and consumer behaviour was stationary (i.e. the influence of one variable 
on behaviour was identical whatever the location) then behaviour of a respondent at any loca-
tion will be perfectly described by the makeup of the variables at that location. However, we 
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theorise that this may not be the case. The influence of say preference toward price factors on 
consumer behaviour at one location may not be the same as at another. We can use spatial 
econometric techniques to evaluate whether this is the case or not. 

Returning to the survey we can use the responses to analyse consumer behaviour regarding 
grocery store shopping. We have chosen to focus upon store patronage decision making as an 
important element of consumer behaviour. Ideally we would have also considered the inter-
format competition between small and large format stores within this analysis. Unfortunately, 
due to the manner in which store choices were queried within the survey we were not confident 
that the decision to patronise one format over the other could be accurately determined. There-
fore, we decided to focus on large format store as these were the stores that were overwhelm-
ingly referred to in the survey responses. We had already prepared most of the variables for 
the analysis but added store specific variables, such as the presence of an Alko, as well as a 
variable similar to the potential accessibility calculation that represented the level of competi-
tion for each store. We found that only 48% of respondents in our survey used their closest 
large format store. This is largely analogous with table 4 which shows, in an annual study con-
ducted by Nielsen, between 50 and 60% of households selected proximity of stores as the rea-
son for their grocery store choice. 

We then ran three logistic regression models. The first was a standard logistic regression 
model. The second model was the same as the first but with the addition of variables to describe 
which of our submarkets the respondents were located in. The final model was a geographically 
weighted regression model. 

The first model can be viewed as a global model. There are no spatial elements incorporated 
in the model and the resulting coefficients in effect represent the mean values for each coeffi-
cient across the data sample. The second model incorporates spatial elements through the in-
troduction of spatial location dummies via the submarkets. This model will control for differ-
ences in store patronage decision making between the spatial submarkets, The resulting coef-
ficients will then represent the mean values incorporating this spatial control. 

The final model is far more complex in terms of its results. For every location point we have 
a set of coefficients representing the model at that specific location. This allows us to go a step 
further and test whether the variation in values calculated for each variable coefficient is sig-
nificant. If it is shown to be significant, then the model suggests that the relationship between 
that variable and the store patronage decision making is significant.  

Examining the results for model 1 and 2 we can see that model 2 performs slightly better than 
model 1 in terms of its explanatory power. All of the submarkets, apart from submarket 3, have 
statistically significant coefficients showing that there are spatial factors at work. In terms of 
the AICc value we can then see that model 3 provides a significant improvement in model fit 
over the other alternatives. 

The results for the geographically weighted logistic regression model, model 3, identify seven 
of the variables we included in the model as being non-stationary in their relationships. We 
can then create surface maps for the parameters to examine how each of them vary spatially. 
This analysis shows that the relationships between preferences towards services and amenities, 
preferences towards proximity and accessibility, single parents, car owners, whether the store 
belonged to S-Group, whether the store had an Alko and finally the size of the store, varied 
depending upon their location in the study area. This would mean that in some areas respond-
ents are likely to have, for example, a stronger preference to shop at a store belonging to the S-
group brand than they have at other locations. 
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The fact that firstly, the distribution of variables that can influence consumer behaviour and 
secondly, the relationships between those variables and consumer behaviour can vary spatially 
has important considerations for the retail location theories outlined in Chapter 3. Christaller’s 
Central Place Theory imagined that the process of central places providing goods to the sur-
rounding area would lead to clear retail patterns and a clearly shaped hierarchy of centres. In 
fact, the results of the entropy calculations could be interpreted as showing that this is true 
only to a certain extent. At the beginning of the study period there was a high level or relative 
entropy across the study area. As the numbers of small stores rapidly declined this caused an 
imbalance in the distribution of stores and the relative entropy declined. However, as time 
progressed, the movement of small stores entering and exiting resulted in a redistribution of 
the stores remaining so that the relative entropy returned nearly up to its previous level, indi-
cating that overall the retail pattern of small stores had returned to the same equilibrium as 
before. 

The fact that the underlying variables that affect consumer behaviour are not evenly spatially 
distributed means that Christaller’s premise of an evenly distributed hierarchy of retail stores 
will never be completely true, i.e. the relative entropy will never be 1. This is because the catch-
ment areas of stores will all need to be slightly different depending on the underlying make-up 
of the consumers within the area. This will also filter into Bid-Rent theory as a site that serves 
a catchment consisting of consumers well-disposed towards a certain type of store will mean 
that store will be willing to pay more to utilise that site. 

The results of this analysis also have implications for Spatial Interaction Theory. The core 
premise behind this theory is that customers trade off the attractiveness of alternate destina-
tions against the deterrent effect of distance to these alternative attractions. Models utilising 
this theory also often contain origin specific variables as it is known that various characteris-
tics, such as income, also influence the decision making. However this thesis shows that the 
relationship is more complex then normally utilised in these models. In fact, the relationship 
between consumer variables and store attractiveness variables is not spatially stationary. 
Therefore any model not taking this spatially non-stationary behaviour into account is likely 
to result in spatially specific error patterns once calibrated. Fortunately, a small amount of 
work has begun on producing a geographically weighted suite of spatially interaction models. 
More details on this can be found in Nissi & Sarra (2008),Nissi and Sarra (2011) and Nakaya 
(2001). 
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12. Conclusion

12.1 Conceptualisation

As stated in the Introduction this thesis was concerned with conducting an empirical inves-
tigation into changes in the grocery retailing landscape, using the Helsinki Metropolitan Area 
(HMA) as our case study.  

We examined how the supply of grocery stores and the spatial distribution of these stores 
changed over the study period 1981 - 2008. We also attempted to adopt models that would 
allow us to explore these spatial and temporal changes in a manner that made the interpreta-
tion as concise as possible. We found that we could create submarkets within the wider study 
area that represented consistent patterns of change regarding the supply of grocery stores 
throughout the study period. A major advantage of being able to produce these submarkets 
was the ability to condense a huge amount of information into an easily explainable form. 

This thesis adopted a very quantitative approach. The exact methodologies and techniques 
that could be utilised in this research were dependant on data availability. We were fortunate 
enough to have access to two large resources, the Nielsen grocery store data and the KOKKKA 
survey. The makeup of these datasets in part drove the methodologies that could be used ac-
curately to analyse them. Whilst both datasets were a fantastic resource there were issues with 
them, as is normally found with almost any large datasets.  

The Nielsen data needed a large amount of preparation to turn it into a useable dataset. There 
were many inconsistencies with addresses and sizes that needed assumptions to be made. To 
follow each individual store through the study period required a huge amount of manual pro-
cessing and checking. There were also unavoidable issues such as some historic addresses no 
longer existing and so their historic location needed to be manually sourced as they did not 
exist within our geocoding system. 

The main issue with the KOKKKA survey lay with the fact that the survey was part of a wide 
multi-university project and so had been designed to cover a wide range of topics. This had the 
unfortunate results that the questions that dealt with the aspects of grocery retailing we were 
interested in were not phrased in a manner that could give us optimum results. Therefore we 
had to tailor our analyses in this section to fit in with the survey results available that we felt to 
be most accurate. There were other issues as well, such as only having a travel network model 
for 2008 and so we were unable to use this for historic distance calculations. 

Due to the large amount of data available, and the flaws within some of this data, we adopted 
a Spatial Process framework to assist us in our thesis design. This allowed us to approach the 
analysis starting with doing some simple data exploration and drawing conclusions from this 
exploration. We could then use these conclusions and results to identify the problem that could 
be explored in the next stage of analysis and use that to draw up a suitable plan for the analysis. 
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Once the analysis was complete we could use the conclusions drawn to identify the next stage 
of the analysis and so on. 

This approach, where each stage is dependent upon the preceding stage, allowed us to ap-
proach the investigation in a far more structured approach than would have been the case had 
we started with the most complex model we could produce. It allowed us to fully understand 
the data, and the components of that data, before we applied any methodology where the re-
sults may have been swayed by the constituents of the underlying data in a manner that would 
be difficult to notice within the complex model. 

12.2 Aims and Objectives

The aim of this thesis was to identify whether aspects of the grocery retail landscape are spa-
tially consistent and if not then, where possible, identify whether this spatial variation has been 
consistent through time. 

There were a number of problems and issues that could affect researches and decision-mak-
ers in the retailing field which we wanted to identify and then see to what extent we could 
resolve these issues. We wished to investigate whether aspects of grocery retailing analysis that 
were usually examined for a single time period could be informative when used to analyse tem-
poral changes as well. We also looked at ways to disseminate large volumes of information 
generated when analysing phenomena at a spatial and temporal level in a greatly reduced form.  

A major theme of this research was the concern that, when analysing retail phenomena at a 
single global level, we may in fact be obscuring the complex pattern of local dynamics that 
actually exist at the local level within the study area. Therefore any decision made using global 
level analysis may, in fact, be a bad fit for many of the local areas in which the decision may be 
implemented. 

From the aims and objectives laid out in the Introduction, we derived the following research 
questions: 

 
1. Can we identify spatio-temporal patterns of change? Can we produce a method that 

allows us to classify this change through identifying sub-markets within the study 
area? 

2. Do factors that affect store patronage decision-making also have spatial considera-
tions? 

3. For the aspects of grocery retailing studied can we conclude that analysing at the re-
gional level may mask important localised patterns? 

 
We will now explore what conclusions the analyses conducted drew for each question. 

Has there any evidence of overall change in the supply of grocery stores within HMA over 
the study period? 

Once we constructed the final dataset from the Nielsen data it was readily apparent that there 
had been a huge decline in the overall number of stores within the study period. More in-depth 
analysis showed that this decline was not consistent across all store formats with large store 
formats, such as Large Supermarkets and Hypermarkets, increasing in number. In addition, 
although the overall numbers had declined the total amount of store size related to stores with 
a grocery offering had increased over the study period. We also found that the pattern of change 
for different store formats broadly followed the concept of retail lifecycles and that there was 
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evidence that, at a regional level, there was a possible relationship between the number of large 
stores openings and the number of small stores closing. In addition, there were clusters of 
small stores closing in specific locations at different periods within the study period. 

Our analyses then showed that these changes had resulted in an ever changing grocery re-
tailing landscape as store opened and closed across the study area. Using this information, we 
were able to create submarkets that grouped areas together where the historic levels of poten-
tial accessibility to grocery retailing had altered in a similar manner. 

Do factors that affect store patronage decision-making also have spatial considerations? 
Our results of this analyses clearly show that firstly many of the variables that can be used to 

explain consumer behaviour vary spatially across the study area, with clusters of consumers 
with the same variable values living in close proximity to each other. The results of the geo-
graphically weighted logistic regression model also clearly show that the relationship between 
many of these variables and their consumer behaviour is spatially non-stationary.  

 

For the aspects of grocery retailing studied can we conclude that analysing at the regional 
level may mask important localised patterns? 

The analyses conducted within this thesis clearly show that there are localised patterns that 
are significantly different from the overall regional patterns. Whilst we find the number of 
stores has declined, we have shown that this pattern is not consistent across the study area 
with some locations having a decline greater than the overall pattern and some locations even 
seeing a gain during the study period.  

The same results are found for the study of consumer behaviour. Location has a strong im-
pact on behaviour and so the results found in a regional model may actually be the opposite of 
that actually occurring at particular locations within the study area. 

By focusing on the overall regional pattern you will obtain results that mask the many local-
ised patterns that are actually occurring. The regional level results may only truly represent 
what is occurring at just a few locations within the study area. Therefore to use these generali-
sations, for example, within retail location decision making could lead to the adoption of inef-
ficient strategies. 

12.3 My Contribution

All the analyses contained in this thesis were my own work, with the exception of the creation 
of the grocery preference variables used in chapters 9 and 10 which were created by my project 
colleagues Ari Hyvonen and Simo Syrman. Simo Syrman also provided the overview timeline 
of Finnish Grocery chains shown in Appendix A. 

Information on when major legislation changes that affected grocery stores in Finland was 
provided by another project colleague Laura Yranja, and guidance on interpreting the results 
of the geographically Weighted Regression model was provided by Professor Stuart Fothering-
ham. 
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12.4 Further Research and limitations of this research

The most obvious avenue for further research is to revisit the analyses carried out in this 
thesis with more recent data. This could be valuable for a number of reasons. 

The data used in this thesis was for the period from the beginning of 1981 up to the end of 
2008. The work on this thesis started at the beginning of 2010 as part of the KOKKKA research 
project and the data sourced was initially provided for this research project and its continua-
tion in the KAVERI project. Whilst more information was purchased to provide additional size 
information for the study period we already had store data for, the funds were not immediately 
available to purchase more data as the time progressed. In addition to prepare the data into a 
format is was usable for this kind of analysis was immensely time consuming. The end of the 
study period also coincided with the survey conducted into respondent retailing consumer be-
haviour.  

In addition the end of 2008 was a good endpoint for this study. The worldwide financial crisis 
had not yet been felt in the data. The growth of online grocery retailing in Finland was also in 
its infancy and so the effects on the existing grocery stores were minimal if they existed at all. 
However in the period after the study ended a lot has changed in the HMA grocery market and 
the study area itself. There has been mergers and acquisitions amongst some of the larger 
brands, particularly Suomen Lähikauppa’s take over by Kesko (Kesko 2016) and also big infra-
structure changes, such as the extension of the Metro to Espoo. It would be valuable to explore 
what impact these factors have had on the grocery landscape. 

Saying that the analyses showed that a number of noteworthy factors were occurring that 
would be interesting to pursue. Small store formats appeared to be making a comeback in their 
numbers at the end of the study period and it would be beneficial to examine whether this trend 
continued, and if it did what the magnitude of this recovery would be. Large format stores 
appeared to be at a possible saturation point, with the growth coming from the opening of Lidl 
stores, which, at the time, were a new entrant into the HMA grocery landscape. A longer time 
series would also allow a more detailed model of time series analysis to be developed as we 
would have more data points. 

In terms of the survey we only had data from 2008. If the same survey could be repeated it 
would be very appealing to repeat the analyses so that any temporal changes could be identi-
fied. 

One of the main drawbacks with the analyses conducted was that inability to investigate ac-
curately the differences between consumer behaviour and store patronage decision making in 
regard to large format and small format grocery stores due to survey design. If the survey was 
repeated we could redesign the questions regarding grocery store patronage choices so that 
this relationship could be examined explicitly. 

Another avenue worth pursuing would be to bring the hard discounters in the form of Lidl 
into the equation. It would be fascinating to see if elements such as the spatially non-stationary 
relationships regarding consumer behaviour were consistent between hard discounters and 
more traditional large format retail stores. For purposes of consistency, we have omitted Lidl 
from our analyses. In our analyses of grocery store decision making we found that very few of 
our respondents had listed Lidl as one of their grocery store choices. This meant that we could 
not use them as an option in our store choice model and also we could not use respondents 
distance to their chosen Lidl store to explore the distance decay pattern behaviour. In addition 
Lidl stores only first appeared in the Nielsen store data right at the end of our sample in 2002. 
It took until 2006 until there were over 10 stores present; at which point there were only three 
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years of data left. Therefore including Lidl in our analyses of the spatio-temporal changes in 
the grocery retailing landscape produced very little change in our results as they only had an 
effect on a small part of the overall study period. In addition hard discounters should be treated 
as a separate category to either small format grocery stores or large format grocery stores (Gon-
zalex-Benito 2001,2002). In terms of store size they would fit in the large format store category 
but in terms of product-range they fit better in the small format store category. 

We have used a broad range of methodologies within this thesis. We have tried to use meth-
odologies that would go on to inform succeeding methodologies, as indicated by our use of the 
Process theory laid out in Chapter 4 and mentioned above. There were many alternative ave-
nues of research methodologies we could have also pursued. For instance we did explore the 
use of negative binomial regression models on exploring variations in the counts of stores. The 
results were promising but the decision was made to return to this in later research as there 
was neither the space or time to incorporate this within the existing thesis framework. Never-
theless the methodologies used in this thesis are drawn largely from traditional econometric 
and spatial analyses. The are other branches of data analysis and modelling that could have 
been used. 

For instance agent-based modelling would have been an interesting route to follow. The mo-
tivation for agent based-modelling is that traditional econometric approaches are incapable of 
modelling the numerous spatial and temporal influences found in a retail market (Heppenstall 
et al. 2007). The advantages of as agent based model is its ability to model complex and non-
linear market behaviours and processes and the complex systems to which they belong. (Hep-
penstall 2006). These models assume that complex systems, such as the retailing environment, 
can be modelled by the behaviour and interactions of agents, which are individual decision 
making entities. Birkin & Happenstall (2011) showed that an agent-based model could provide 
a model that was for all intents equivalent to a more traditional approach of retail modelling, 
but which allows a more flexible means for the representation of consumer’s retail behaviour 
mechanisms. Therefore one avenue of future research could be to take the knowledge produced 
in this article on non-spatial relationships of retail behaviour and incorporate those relation-
ships into an agent based model, or similar, instead of using standard behavioural means 
across all agents. 

Another avenue for further research would be to incorporate the findings of this thesis within 
a study of actual retailers’ historical behaviour. As we stated in the Introduction chapter the 
thrust of this thesis was to use quantitative methods to identify these phenomena through ob-
servations gained from the data. This was not a thesis on Finnish grocery retailing. Any inter-
pretations we made are based upon the data and not on knowledge of the historical Finnish 
grocery market. It would therefore be useful to examine these findings in light of expert 
knowledge into why these changes may have occurred. This could be due to factors such as 
planning restrictions, legislation changes or the direction of retailing organisational trends 
during the period. Some elements of this have been pursued within the wider KOKKKA and 
Kaveri projects by colleagues at Aalto University and elsewhere. 
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Appendix A – Timeline of Grocery Chains 
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Appendix B – Kernal Density Estimation

The methodology for Kernal density is set out in chapter 4. We will present the results of the 
analysis as it is of interest. However due to the method being similar in many respects to the 
Potential Accessibility method it was decided it shouldn’t be included in the main part of the 
thesis. 
 

Methodology 
We ran the kernel density estimation analysis for each year for both small stores and large store 
separately. The choice of bandwidth is important in this analysis as it will affect the resulting 
estimated density surface. If the bandwidth is too large then the resulting estimated densities 
will be similar for every location. Alternatively if the bandwidth is small the resulting estimates 
will result in a spatial pattern that will be strongly focused on each individual store. The esti-
mated density is generally insensitive to which kernel function is utilised, but it can be strongly 
affected by the size of the bandwidth selected (Donthu & Rust 1989). We initially used the fig-
ures of 500m for small stores and 2000m for large stores as with the buffer analysis, but found 
that these values were too small, especially for the small stores. After some exploratory analysis 
we determined that doubling the distances to 1000m for small stores and 4000m for large 
stores resulted in suitable outcomes. 
Rather than calculate the densities of stores based upon counts we used the size of the store in 
metres squared as the input quantity. The size value is highest at the location of the store and 
then diminishes with increasing distance from the store, reaching a value zero at the limit of 
the bandwidth from the store. The volume under the surface equals the square metre value for 
the store. The density at each output 250m by 250m raster cell is then calculated by summing 
the values of all the kernel surfaces where they overlay the centre of the raster cell. 
This meant that the resulting density value can be interpreted as the density of square meterage 
of grocery store floor space accessible to an inhabitant of each grid cell, with more weight given 
to locations closer to the stores than for locations further away.  
Once we had produced raster datasets representing the density values for each year we could 
run simple map algebra queries on these datasets using the raster calculator feature of ArcGIS 
Spatial Analyst. 
 

Results 
If we were to show the results for say ssmall stores for each year we would have to produce 28 
maps. Therefore if we were to show the kernel density distributions for each year for both small 
and large stores we would need 56 maps.  Whilst it can be useful to look at one density map to 
identify hotspots of high density and what location they occur in it can be more difficult to try 
and isolate detailed variations in distribution between maps, especially if there are no sudden 
significant changes. Visually comparing more maps than can reasonably be shown on a page is 
incredibly difficult and not that informative. 
However we can use information gained from our previous analysis to determine if there are 
periods that are of particular interest. The figure below shows density maps for small stores 
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from 1985, 1999 and 2008. The entropy calculations and buffer analysis showed these years to 
be of particular interest as 1985 had high spatial coverage provided by small stores as well as 
the highest number of cells with access to small stores. 1999 was the nadir of spatial coverage 
and by 2008 the coverage had reached a level similar to that found in the 1980’s but with far 
fewer small grocery stores. 
 For large stores there has generally been a continuous increase in the spatial coverage pro-
vided by large format stores. For this reason we have looked at the change in densities in the 
years 1981 and 2008, shown in Figure 58 
 

 
 

Figure 58: Change in density of stores  A) small stores; B) Large stores; C) Households 

 
The left hand maps above show the resulting surfaces calculated from subtracting the density 
of stores in one year from the other. The maps on the right hand side are produced by turning 
the surface into contour maps. For small stores only a contour showing the areas where the 
density of stores had changed by over 50m2 per km2 as either a gain or loss in service provision. 
For large stores a second contour was also plotted showing the areas where the density of large 
stores had grown by over 250m2 per km2. 
Between 1985 and 1999 there has clearly been a large decrease in density of small stores over 
a major proportion of HMA. There are isolated hotspots of neighbourhoods where there have 
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been an increase in density but these areas are unconnected and represent individual store 
openings whereas the decrease in stores occur in large continuous swathes over the area.  As 
can be seen when comparing to the background map of average population in the regions be-
tween 1999 and 1985 the areas where there has been a decrease in the density of small stores 
covers the areas where there is also the highest populations. These maps enable the identifica-
tion of areas that could be investigated further in supplementary studies to fully understand 
the changes identified. Three interesting example areas where there are windows of density 
increase within a widespread area of decrease are in the West of Etaläinen (Central Helsinki), 
South of Läntinen and the south west of Suur-Tapiola as labelled on Figure 5, Chapter 5. 
 The results for the changes in small store densities between 2008 and 1999 are less cohesive. 
Areas of changes tend to be more dispersed but there appears to be a pattern of areas where 
there has been an increase in small store density forming a band away from the central Helsinki 
peninsula. This ring corresponds well with the locations between the ring roads Kehä 1 and 
Kehä 2. As well as a continuous decrease in the density of small stores in central Helsinki, 
where there is still the highest overall density of small stores, another couple of interesting 
areas are found in eastern Espoo and Suur-Espoonlahti, as well as to the north of the central 
area in North Keskinen. 
In contrast the maps for the change in large store density show an increase over almost the 
entire study area, excepting the very sparsely populated areas of the north and northeast. The 
largest areas of density increase are found in Suur-Espoonlähti, Myyrmäki and Koillinen. The 
Malmi access of large store growth is interesting as either side of that corridor of growth there 
was found a large decrease in density of small stores in the period 1985 to 1999. The Suur-
Espoonlahti area of increase also closely corresponds to areas where there has been a large 
decrease in stores in both periods. 
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Appendix C – Games-Howells Tables

 
 

 
 

Small Stores Large Stores

Groups Mean 
Difference Standard Error t df p uppe

r limit lower limit Groups Mean 
Difference

Standard 
Error t df p upper 

limit
lower 
limit

1 3 : 4 -0.07 0.04 1.25 1293.58 0.97 0.11 -0.25 1 2 : 5 -0.12 0.05 1.67 748.57 0.76 0.10 -0.35
2 3 : 2 -0.02 0.05 0.30 686.79 1.00 0.19 -0.23 2 2 : 7 0.01 0.05 0.22 837.62 1.00 0.22 -0.19
3 3 : 8 -0.22 0.11 1.40 40.38 0.92 0.30 -0.73 3 2 : 1 0.02 0.05 0.31 835.23 1.00 0.23 -0.19
4 3 : 6 -0.18 0.05 2.65 779.77 0.20 0.04 -0.39 4 2 : 6 -0.20 0.05 2.81 823.42 0.12 0.02 -0.41
5 3 : 5 -0.03 0.04 0.49 1281.23 1.00 0.14 -0.19 5 2 : 3 0.07 0.05 0.98 812.55 0.99 0.28 -0.15
6 3 : 1 -0.05 0.09 0.42 105.76 1.00 0.34 -0.44 6 2 : 8 -0.01 0.05 0.17 856.81 1.00 0.19 -0.21
7 3 : 7 -0.07 0.05 1.09 707.61 0.99 0.14 -0.28 7 2 : 4 -0.04 0.05 0.53 766.69 1.00 0.18 -0.26
8 3 : 9 -0.04 0.07 0.46 215.21 1.00 0.25 -0.34 8 5 : 7 0.14 0.05 2.03 744.92 0.52 0.34 -0.07
9 4 : 2 0.05 0.05 0.79 670.78 1.00 0.26 -0.16 9 5 : 1 0.14 0.05 2.05 757.18 0.51 0.36 -0.07

10 4 : 8 -0.15 0.11 0.95 39.97 0.99 0.37 -0.66 10 5 : 6 -0.08 0.05 1.06 759.56 0.98 0.15 -0.30
11 4 : 6 -0.11 0.05 1.61 764.79 0.84 0.10 -0.31 11 5 : 3 0.19 0.05 2.67 749.09 0.16 0.41 -0.03
12 4 : 5 0.05 0.04 0.92 1400.69 1.00 0.20 -0.11 12 5 : 8 0.11 0.05 1.68 751.61 0.76 0.31 -0.09
13 4 : 1 0.02 0.08 0.17 104.03 1.00 0.41 -0.37 13 5 : 4 0.08 0.05 1.15 719.57 0.97 0.31 -0.14
14 4 : 7 0.00 0.05 0.02 691.84 1.00 0.20 -0.21 14 7 : 1 0.01 0.04 0.11 948.21 1.00 0.20 -0.19
15 4 : 9 0.03 0.06 0.31 209.64 1.00 0.32 -0.26 15 7 : 6 -0.21 0.05 3.28 882.61 0.03 -0.01 -0.41
16 2 : 8 -0.20 0.11 1.25 43.77 0.96 0.33 -0.72 16 7 : 3 0.05 0.05 0.84 871.63 1.00 0.25 -0.14
17 2 : 6 -0.16 0.05 2.12 676.91 0.51 0.08 -0.39 17 7 : 8 -0.03 0.04 0.43 1114.51 1.00 0.16 -0.21
18 2 : 5 -0.01 0.04 0.09 550.10 1.00 0.19 -0.20 18 7 : 4 -0.05 0.05 0.79 779.00 1.00 0.15 -0.26
19 2 : 1 -0.03 0.09 0.24 119.88 1.00 0.37 -0.43 19 1 : 6 -0.22 0.05 3.26 869.33 0.03 -0.01 -0.42
20 2 : 7 -0.05 0.05 0.72 632.79 1.00 0.18 -0.28 20 1 : 3 0.05 0.05 0.71 858.25 1.00 0.25 -0.16
21 2 : 9 -0.02 0.07 0.23 255.17 1.00 0.29 -0.33 21 1 : 8 -0.03 0.04 0.52 1000.10 1.00 0.16 -0.22
22 8 : 6 0.04 0.11 0.26 44.12 1.00 0.57 -0.49 22 1 : 4 -0.06 0.05 0.86 785.10 1.00 0.15 -0.27
23 8 : 5 0.19 0.11 1.26 38.03 0.96 0.70 -0.32 23 6 : 3 0.26 0.05 3.86 837.00 0.00 0.48 0.05
24 8 : 1 0.17 0.13 0.90 75.92 1.00 0.78 -0.44 24 6 : 8 0.19 0.05 2.94 911.33 0.08 0.38 -0.01
25 8 : 7 0.15 0.11 0.92 43.75 1.00 0.67 -0.38 25 6 : 4 0.16 0.05 2.26 781.37 0.37 0.38 -0.06
26 8 : 9 0.18 0.12 1.03 58.23 0.99 0.74 -0.39 26 3 : 8 -0.08 0.04 1.25 900.57 0.94 0.12 -0.27
27 6 : 5 0.15 0.04 2.48 638.07 0.28 0.34 -0.04 27 3 : 4 -0.11 0.05 1.51 770.69 0.85 0.11 -0.32
28 6 : 1 0.13 0.09 1.01 121.53 0.99 0.53 -0.28 28 8 : 4 -0.03 0.05 0.42 790.99 1.00 0.17 -0.23
29 6 : 7 0.10 0.05 1.41 689.33 0.92 0.34 -0.13
30 6 : 9 0.13 0.07 1.37 262.07 0.94 0.45 -0.18
31 5 : 1 -0.03 0.08 0.21 95.76 1.00 0.35 -0.40
32 5 : 7 -0.05 0.04 0.78 569.26 1.00 0.14 -0.24
33 5 : 9 -0.02 0.06 0.20 182.53 1.00 0.26 -0.30
34 1 : 7 -0.02 0.09 0.18 119.85 1.00 0.38 -0.42
35 1 : 9 0.01 0.10 0.06 167.20 1.00 0.46 -0.44
36 7 : 9 0.03 0.07 0.31 255.53 1.00 0.34 -0.28

RC1

Small Stores Large Stores

Groups Mean 
Difference Standard Error t df p

uppe
r

limit
lower limit Groups Mean 

Difference
Standard 

Error t df p upper 
limit

lower 
limit

1.00 3 : 4 0.024 0.04 0.45 1289.22 1.00 0.20 -0.15 1.00 2 : 5 -0.141 0.05 2.07 731.11 0.50 0.07 -0.35
2.00 3 : 2 0.039 0.05 0.54 570.15 1.00 0.27 -0.19 2.00 2 : 7 -0.024 0.05 0.37 909.75 1.00 0.18 -0.23
3.00 3 : 8 0.129 0.11 0.87 40.40 1.00 0.63 -0.37 3.00 2 : 1 0.033 0.05 0.52 853.18 1.00 0.23 -0.17
4.00 3 : 6 0.073 0.04 1.18 815.19 0.98 0.27 -0.12 4.00 2 : 6 -0.107 0.05 1.69 824.86 0.75 0.09 -0.31
5.00 3 : 5 -0.050 0.04 1.00 1320.15 0.99 0.11 -0.21 5.00 2 : 3 0.094 0.05 1.39 805.66 0.90 0.31 -0.12
6.00 3 : 1 0.103 0.09 0.84 102.56 1.00 0.50 -0.30 6.00 2 : 8 -0.066 0.04 1.10 900.83 0.97 0.12 -0.25
7.00 3 : 7 0.019 0.05 0.29 637.55 1.00 0.24 -0.20 7.00 2 : 4 -0.399 0.05 6.04 759.41 0.00 -0.19 -0.60
8.00 3 : 9 -0.365 0.06 4.20 219.23 0.00 -0.09 -0.64 8.00 5 : 7 0.116 0.05 1.67 812.99 0.76 0.33 -0.10
9.00 4 : 2 0.015 0.05 0.21 545.59 1.00 0.24 -0.21 9.00 5 : 1 0.174 0.05 2.56 760.55 0.21 0.39 -0.04

10.00 4 : 8 0.105 0.11 0.71 39.79 1.00 0.60 -0.39 10.00 5 : 6 0.033 0.05 0.49 741.46 1.00 0.24 -0.18
11.00 4 : 6 0.049 0.04 0.81 789.00 1.00 0.24 -0.14 11.00 5 : 3 0.235 0.05 3.26 762.52 0.03 0.46 0.01
12.00 4 : 5 -0.074 0.03 1.53 1457.96 0.88 0.08 -0.23 12.00 5 : 8 0.075 0.05 1.17 743.62 0.96 0.27 -0.12
13.00 4 : 1 0.079 0.09 0.65 100.35 1.00 0.48 -0.32 13.00 5 : 4 -0.258 0.05 3.68 717.24 0.01 -0.04 -0.48
14.00 4 : 7 -0.005 0.05 0.07 610.26 1.00 0.21 -0.22 14.00 7 : 1 0.057 0.05 0.87 967.00 0.99 0.26 -0.15
15.00 4 : 9 -0.389 0.06 4.53 210.37 0.00 -0.11 -0.66 15.00 7 : 6 -0.083 0.05 1.28 935.10 0.94 0.12 -0.29
16.00 2 : 8 0.090 0.11 0.58 48.72 1.00 0.61 -0.43 16.00 7 : 3 0.118 0.05 1.70 896.85 0.75 0.34 -0.10
17.00 2 : 6 0.034 0.06 0.44 613.10 1.00 0.28 -0.21 17.00 7 : 8 -0.042 0.04 0.68 1043.04 1.00 0.15 -0.23
18.00 2 : 5 -0.089 0.05 1.30 478.76 0.96 0.13 -0.31 18.00 7 : 4 -0.374 0.05 5.53 850.89 0.00 -0.16 -0.59
19.00 2 : 1 0.064 0.09 0.49 132.26 1.00 0.49 -0.36 19.00 1 : 6 -0.140 0.05 2.22 878.23 0.39 0.06 -0.34
20.00 2 : 7 -0.020 0.06 0.24 625.50 1.00 0.24 -0.28 20.00 1 : 3 0.061 0.05 0.90 842.30 0.99 0.27 -0.15
21.00 2 : 9 -0.404 0.07 4.09 316.52 0.00 -0.09 -0.72 21.00 1 : 8 -0.099 0.04 1.66 988.25 0.77 0.09 -0.28
22.00 8 : 6 -0.056 0.11 0.37 43.13 1.00 0.45 -0.56 22.00 1 : 4 -0.432 0.05 6.55 796.26 0.00 -0.23 -0.64
23.00 8 : 5 -0.179 0.10 1.22 38.30 0.97 0.32 -0.67 23.00 6 : 3 0.202 0.05 2.98 819.82 0.07 0.41 -0.01
24.00 8 : 1 -0.026 0.13 0.14 81.59 1.00 0.58 -0.63 24.00 6 : 8 0.042 0.04 0.70 942.75 1.00 0.23 -0.14
25.00 8 : 7 -0.110 0.11 0.71 46.28 1.00 0.40 -0.62 25.00 6 : 4 -0.291 0.05 4.43 773.65 0.00 -0.09 -0.50
26.00 8 : 9 -0.494 0.12 3.03 57.12 0.10 0.04 -1.03 26.00 3 : 8 -0.160 0.05 2.50 844.48 0.23 0.04 -0.36
27.00 6 : 5 -0.123 0.04 2.16 695.32 0.49 0.06 -0.30 27.00 3 : 4 -0.493 0.05 7.03 779.99 0.00 -0.28 -0.71
28.00 6 : 1 0.030 0.09 0.24 112.37 1.00 0.44 -0.38 28.00 8 : 4 -0.333 0.04 5.38 800.23 0.00 -0.14 -0.53
29.00 6 : 7 -0.054 0.05 0.73 658.07 1.00 0.18 -0.29
30.00 6 : 9 -0.438 0.06 4.81 254.63 0.00 -0.15 -0.73
31.00 5 : 1 0.153 0.09 1.26 94.92 0.96 0.55 -0.24
32.00 5 : 7 0.069 0.05 1.08 531.94 0.99 0.27 -0.13
33.00 5 : 9 -0.315 0.06 3.78 188.55 0.01 -0.05 -0.58
34.00 1 : 7 -0.084 0.09 0.65 123.62 1.00 0.33 -0.50
35.00 1 : 9 -0.468 0.10 3.34 154.42 0.04 -0.02 -0.92
36.00 7 : 9 -0.385 0.07 4.02 291.35 0.00 -0.08 -0.69
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Small Stores Large Stores

Groups Mean 
Difference Standard Error t df p

uppe
r

limit
lower limit Groups

Mean 
Differen

ce

Standar
d Error t df p upper 

limit
lower 
limit

1.00 3 : 4 -0.038 0.04 0.71 1299.89 1.00 0.13 -0.21 1.00 2 : 5 -0.020 0.05 0.27 744.50 1.00 0.21 -0.24
2.00 3 : 2 0.109 0.05 1.67 631.22 0.81 0.32 -0.10 2.00 2 : 7 0.079 0.05 1.21 852.99 0.96 0.28 -0.13
3.00 3 : 8 0.355 0.11 2.33 39.75 0.39 0.87 -0.16 3.00 2 : 1 0.032 0.05 0.48 828.44 1.00 0.24 -0.17
4.00 3 : 6 -0.031 0.04 0.51 791.26 1.00 0.16 -0.23 4.00 2 : 6 -0.019 0.05 0.28 822.39 1.00 0.19 -0.23
5.00 3 : 5 -0.011 0.04 0.22 1390.00 1.00 0.15 -0.17 5.00 2 : 3 -0.014 0.05 0.20 814.29 1.00 0.20 -0.23
6.00 3 : 1 0.049 0.09 0.39 100.18 1.00 0.46 -0.36 6.00 2 : 8 -0.051 0.05 0.81 845.60 1.00 0.15 -0.25
7.00 3 : 7 0.025 0.05 0.38 644.06 1.00 0.23 -0.18 7.00 2 : 4 -0.044 0.05 0.63 766.95 1.00 0.17 -0.26
8.00 3 : 9 -0.054 0.06 0.63 213.97 1.00 0.22 -0.33 8.00 5 : 7 0.098 0.05 1.45 750.17 0.88 0.31 -0.11
9.00 4 : 2 0.147 0.05 2.26 641.59 0.42 0.35 -0.06 9.00 5 : 1 0.051 0.05 0.75 738.11 1.00 0.26 -0.16

10.00 4 : 8 0.394 0.11 2.58 39.84 0.26 0.90 -0.12 10.00 5 : 6 0.000 0.05 0.00 750.71 1.00 0.22 -0.22
11.00 4 : 6 0.007 0.04 0.11 807.75 1.00 0.20 -0.19 11.00 5 : 3 0.005 0.05 0.08 749.25 1.00 0.23 -0.22
12.00 4 : 5 0.028 0.04 0.56 1462.85 1.00 0.19 -0.13 12.00 5 : 8 -0.031 0.05 0.48 725.47 1.00 0.17 -0.24
13.00 4 : 1 0.088 0.09 0.70 100.49 1.00 0.50 -0.32 13.00 5 : 4 -0.025 0.05 0.34 717.23 1.00 0.20 -0.25
14.00 4 : 7 0.063 0.05 0.96 654.48 0.99 0.27 -0.15 14.00 7 : 1 -0.047 0.04 0.77 960.67 1.00 0.14 -0.24
15.00 4 : 9 -0.016 0.06 0.18 215.49 1.00 0.26 -0.29 15.00 7 : 6 -0.098 0.05 1.54 899.64 0.84 0.10 -0.30
16.00 2 : 8 0.247 0.11 1.58 44.43 0.85 0.77 -0.28 16.00 7 : 3 -0.093 0.05 1.43 875.50 0.89 0.11 -0.29
17.00 2 : 6 -0.140 0.05 1.96 658.58 0.63 0.09 -0.37 17.00 7 : 8 -0.130 0.04 2.24 1095.57 0.38 0.05 -0.31
18.00 2 : 5 -0.119 0.04 1.93 558.45 0.65 0.08 -0.32 18.00 7 : 4 -0.123 0.05 1.87 797.12 0.63 0.08 -0.33
19.00 2 : 1 -0.059 0.09 0.45 116.88 1.00 0.36 -0.48 19.00 1 : 6 -0.051 0.05 0.79 866.61 1.00 0.15 -0.25
20.00 2 : 7 -0.084 0.05 1.12 632.98 0.98 0.15 -0.32 20.00 1 : 3 -0.046 0.05 0.70 847.33 1.00 0.16 -0.25
21.00 2 : 9 -0.163 0.07 1.74 275.56 0.77 0.14 -0.46 21.00 1 : 8 -0.082 0.04 1.41 1003.43 0.90 0.10 -0.26
22.00 8 : 6 -0.387 0.11 2.49 42.74 0.30 0.13 -0.90 22.00 1 : 4 -0.076 0.05 1.14 777.96 0.97 0.13 -0.28
23.00 8 : 5 -0.366 0.11 2.43 38.37 0.34 0.14 -0.87 23.00 6 : 3 0.005 0.05 0.08 835.87 1.00 0.22 -0.21
24.00 8 : 1 -0.306 0.13 1.61 81.67 0.84 0.31 -0.93 24.00 6 : 8 -0.031 0.04 0.51 906.63 1.00 0.16 -0.22
25.00 8 : 7 -0.330 0.11 2.11 44.67 0.53 0.19 -0.85 25.00 6 : 4 -0.025 0.05 0.36 780.12 1.00 0.19 -0.24
26.00 8 : 9 -0.409 0.12 2.46 55.82 0.31 0.14 -0.96 26.00 3 : 8 -0.037 0.04 0.59 874.01 1.00 0.16 -0.23
27.00 6 : 5 0.021 0.04 0.36 717.51 1.00 0.20 -0.16 27.00 3 : 4 -0.030 0.05 0.43 774.88 1.00 0.19 -0.25
28.00 6 : 1 0.081 0.09 0.62 110.92 1.00 0.50 -0.34 28.00 8 : 4 0.007 0.05 0.11 781.74 1.00 0.20 -0.19
29.00 6 : 7 0.056 0.05 0.79 670.55 1.00 0.28 -0.17
30.00 6 : 9 -0.023 0.06 0.25 255.88 1.00 0.27 -0.31
31.00 5 : 1 0.060 0.09 0.48 95.15 1.00 0.46 -0.34
32.00 5 : 7 0.036 0.04 0.57 571.18 1.00 0.23 -0.16
33.00 5 : 9 -0.043 0.06 0.52 192.61 1.00 0.22 -0.31
34.00 1 : 7 -0.024 0.09 0.19 117.78 1.00 0.40 -0.45
35.00 1 : 9 -0.103 0.10 0.72 150.76 1.00 0.36 -0.56
36.00 7 : 9 -0.079 0.07 0.84 279.48 1.00 0.22 -0.38

RC3

Small Stores Large Stores

Groups Mean 
Difference Standard Error t df p upper 

limit
lower 
limit Groups Mean 

Difference
Standard 

Error t df p upper 
limit

lower 
limit

1 3 : 4 -0.016 0.039 0.286 1290 1 0.158 -0.19 1 2 : 5 0.151 0.048 2.22 752.641 0.393 0.362 -0.061
2 3 : 2 0.050 0.047 0.758 662.5 0.999 0.26 -0.159 2 2 : 7 -0.017 0.046 0.254 874.067 1 0.186 -0.219
3 3 : 8 0.331 0.095 2.469 42.08 0.314 0.779 -0.117 3 2 : 1 0.183 0.046 2.835 833.237 0.107 0.384 -0.018
4 3 : 6 0.198 0.044 3.172 821.2 0.05 0.397 0 4 2 : 6 -0.363 0.048 5.312 825.861 0 -0.15 -0.576
5 3 : 5 -0.202 0.036 3.917 1358 0.004 -0.039 -0.365 5 2 : 3 -0.066 0.048 0.968 814.877 0.989 0.146 -0.277
6 3 : 1 -0.248 0.084 2.097 105.3 0.534 0.135 -0.631 1 3 6 2 : 8 -0.167 0.044 2.661 890.227 0.163 0.028 -0.363
7 3 : 7 -0.008 0.048 0.123 654.9 1 0.208 -0.224 2 2 7 2 : 4 -0.712 0.047 10.601 768.57 0 -0.503 -0.921
8 3 : 9 -0.702 0.06 8.327 229.9 0 -0.432 -0.971 3 2 8 5 : 7 -0.167 0.046 2.573 802.131 0.2 0.035 -0.37
9 4 : 2 0.066 0.046 1.015 637.2 0.991 0.271 -0.14 4 3 9 5 : 1 0.032 0.046 0.495 766.13 1 0.233 -0.169

10 4 : 8 0.347 0.094 2.597 41.35 0.251 0.794 -0.099 5 6 10 5 : 6 -0.514 0.048 7.508 773.076 0 -0.301 -0.727
11 4 : 6 0.214 0.043 3.495 798.7 0.018 0.408 0.02 6 4 11 5 : 3 -0.217 0.048 3.185 762.227 0.04 -0.005 -0.428
12 4 : 5 -0.186 0.035 3.726 1489 0.008 -0.028 -0.344 7 1 12 5 : 8 -0.318 0.045 5.052 805.952 0 -0.122 -0.514
13 4 : 1 -0.233 0.083 1.975 103 0.618 0.148 -0.614 8 3 13 5 : 4 -0.863 0.048 12.828 719.663 0 -0.654 -1.072
14 4 : 7 0.007 0.047 0.11 629.8 1 0.22 -0.205 9 8 14 7 : 1 0.199 0.043 3.246 965.131 0.033 0.391 0.008
15 4 : 9 -0.686 0.059 8.234 220.6 0 -0.42 -0.952 15 7 : 6 -0.347 0.046 5.294 899.901 0 -0.143 -0.55
16 2 : 8 0.281 0.098 2.031 47.63 0.583 0.741 -0.178 16 7 : 3 -0.049 0.046 0.757 889.005 0.998 0.153 -0.251
17 2 : 6 0.148 0.05 2.079 660 0.543 0.375 -0.078 17 7 : 8 -0.151 0.042 2.525 1102.756 0.221 0.035 -0.337
18 2 : 5 -0.252 0.044 4.069 569.4 0.002 -0.055 -0.448 18 7 : 4 -0.695 0.045 10.831 831.756 0 -0.496 -0.895
19 2 : 1 -0.298 0.087 2.42 122.4 0.324 0.099 -0.696 19 1 : 6 -0.546 0.046 8.397 858.229 0 -0.344 -0.748
20 2 : 7 -0.058 0.054 0.766 632.4 0.999 0.184 -0.3 20 1 : 3 -0.249 0.046 3.851 847.256 0.004 -0.048 -0.449
21 2 : 9 -0.752 0.064 8.262 285.6 0 -0.462 -1.042 21 1 : 8 -0.350 0.042 5.912 1029.806 0 -0.166 -0.535
22 8 : 6 -0.133 0.097 0.972 45.49 0.992 0.322 -0.588 22 1 : 4 -0.895 0.045 14.035 792.423 0 -0.697 -1.093
23 8 : 5 -0.533 0.094 4.031 39.67 0.008 -0.09 -0.976 23 6 : 3 0.297 0.048 4.347 837 0.001 0.51 0.085
24 8 : 1 -0.580 0.12 3.412 87.05 0.031 -0.028 -1.131 24 6 : 8 0.196 0.045 3.086 918.234 0.053 0.393 -0.001
25 8 : 7 -0.340 0.099 2.435 48.97 0.329 0.123 -0.802 25 6 : 4 -0.349 0.048 5.159 789.941 0 -0.139 -0.559
26 8 : 9 -1.033 0.105 6.974 60.72 0 -0.547 -1.519 26 3 : 8 -0.102 0.045 1.615 907.684 0.797 0.094 -0.297
27 6 : 5 -0.400 0.041 6.88 727.9 0 -0.216 -0.585 27 3 : 4 -0.646 0.048 9.617 778.993 0 -0.437 -0.855
28 6 : 1 -0.447 0.086 3.676 115.9 0.013 -0.055 -0.839 28 8 : 4 -0.545 0.044 8.768 844.11 0 -0.351 -0.738
29 6 : 7 -0.207 0.052 2.823 663.6 0.131 0.026 -0.439
30 6 : 9 -0.900 0.063 10.172 266.6 0 -0.618 -1.182
31 5 : 1 -0.047 0.082 0.401 97.72 1 0.33 -0.423
32 5 : 7 0.193 0.045 3.02 564.1 0.078 0.397 -0.01
33 5 : 9 -0.500 0.057 6.166 199.6 0 -0.24 -0.759
34 1 : 7 0.240 0.088 1.929 126.6 0.65 0.641 -0.161
35 1 : 9 -0.453 0.095 3.382 154.9 0.03 -0.023 -0.883
36 7 : 9 -0.693 0.065 7.498 299.6 0 -0.398 -0.988
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Small Stores Large Stores

Groups Mean 
Difference Standard Error t df p upper 

limit lower limit Groups Mean 
Difference

Standard 
Error t df p upper 

limit
lower 
limit

1.00 3 : 4 -0.047 0.04 0.88 1295.11 1.00 0.12 -0.22 1.00 2 : 5 0.127 0.05 1.77 746.37 0.70 0.35 -0.10
2.00 3 : 2 -0.112 0.05 1.64 600.95 0.83 0.11 -0.33 2.00 2 : 7 0.229 0.05 3.52 853.24 0.01 0.43 0.03
3.00 3 : 8 0.103 0.09 0.84 43.13 1.00 0.51 -0.31 3.00 2 : 1 -0.020 0.05 0.29 841.52 1.00 0.19 -0.23
4.00 3 : 6 -0.144 0.05 2.29 778.58 0.39 0.06 -0.34 4.00 2 : 6 -0.118 0.05 1.71 823.81 0.74 0.10 -0.33
5.00 3 : 5 -0.203 0.04 4.01 1402.92 0.00 -0.04 -0.36 5.00 2 : 3 0.182 0.05 2.63 814.06 0.18 0.40 -0.03
6.00 3 : 1 -0.316 0.08 2.69 104.09 0.19 0.06 -0.70 6.00 2 : 8 0.126 0.04 2.01 851.01 0.54 0.32 -0.07
7.00 3 : 7 -0.141 0.05 2.08 632.07 0.54 0.07 -0.36 7.00 2 : 4 -0.239 0.05 3.28 756.35 0.03 -0.01 -0.47
8.00 3 : 9 -0.292 0.06 3.30 212.37 0.04 -0.01 -0.57 8.00 5 : 7 0.102 0.05 1.53 755.78 0.84 0.31 -0.11
9.00 4 : 2 -0.065 0.05 0.96 589.19 0.99 0.15 -0.28 9.00 5 : 1 -0.147 0.05 2.12 761.50 0.46 0.07 -0.36

10.00 4 : 8 0.150 0.09 1.23 42.64 0.96 0.56 -0.26 10.00 5 : 6 -0.244 0.05 3.46 757.31 0.02 -0.03 -0.46
11.00 4 : 6 -0.097 0.04 1.56 768.95 0.87 0.10 -0.30 11.00 5 : 3 0.055 0.05 0.77 750.65 1.00 0.28 -0.17
12.00 4 : 5 -0.156 0.04 3.13 1509.87 0.06 0.00 -0.31 12.00 5 : 8 0.000 0.05 0.01 737.28 1.00 0.20 -0.20
13.00 4 : 1 -0.268 0.08 2.30 102.83 0.40 0.11 -0.65 13.00 5 : 4 -0.366 0.05 4.91 720.82 0.00 -0.13 -0.60
14.00 4 : 7 -0.093 0.05 1.40 620.25 0.93 0.12 -0.31 14.00 7 : 1 -0.249 0.04 3.98 950.70 0.00 -0.06 -0.44
15.00 4 : 9 -0.245 0.06 2.79 208.18 0.15 0.04 -0.53 15.00 7 : 6 -0.347 0.05 5.40 894.61 0.00 -0.15 -0.55
16.00 2 : 8 0.215 0.09 1.67 53.39 0.81 0.64 -0.21 16.00 7 : 3 -0.048 0.05 0.74 877.43 1.00 0.15 -0.25
17.00 2 : 6 -0.032 0.05 0.43 649.94 1.00 0.21 -0.27 17.00 7 : 8 -0.103 0.04 1.78 1098.78 0.70 0.08 -0.28
18.00 2 : 5 -0.091 0.05 1.39 537.99 0.93 0.12 -0.30 18.00 7 : 4 -0.468 0.05 6.84 759.89 0.00 -0.26 -0.68
19.00 2 : 1 -0.203 0.09 1.63 129.79 0.83 0.20 -0.60 19.00 1 : 6 -0.098 0.05 1.48 872.83 0.87 0.11 -0.30
20.00 2 : 7 -0.028 0.06 0.36 632.02 1.00 0.22 -0.28 20.00 1 : 3 0.201 0.05 3.03 859.12 0.06 0.41 -0.01
21.00 2 : 9 -0.180 0.07 1.84 287.19 0.71 0.13 -0.49 21.00 1 : 8 0.146 0.04 2.43 981.08 0.27 0.33 -0.04
22.00 8 : 6 -0.247 0.09 1.96 48.94 0.63 0.17 -0.67 22.00 1 : 4 -0.219 0.05 3.11 768.12 0.05 0.00 -0.44
23.00 8 : 5 -0.306 0.09 2.54 40.89 0.28 0.10 -0.71 23.00 6 : 3 0.299 0.05 4.39 836.74 0.00 0.51 0.09
24.00 8 : 1 -0.418 0.11 2.61 94.76 0.23 0.10 -0.94 24.00 6 : 8 0.244 0.04 3.94 902.94 0.00 0.44 0.05
25.00 8 : 7 -0.243 0.09 1.89 52.55 0.67 0.18 -0.67 25.00 6 : 4 -0.121 0.05 1.69 765.94 0.76 0.10 -0.35
26.00 8 : 9 -0.395 0.10 2.81 71.71 0.15 0.06 -0.85 26.00 3 : 8 -0.055 0.04 0.89 882.07 0.99 0.14 -0.25
27.00 6 : 5 -0.059 0.04 0.99 712.89 0.99 0.13 -0.25 27.00 3 : 4 -0.420 0.05 5.83 759.76 0.00 -0.20 -0.65
28.00 6 : 1 -0.171 0.09 1.41 118.83 0.92 0.22 -0.56 28.00 8 : 4 -0.365 0.05 5.51 739.24 0.00 -0.16 -0.57
29.00 6 : 7 0.004 0.05 0.05 670.29 1.00 0.24 -0.23
30.00 6 : 9 -0.147 0.07 1.57 258.15 0.86 0.15 -0.45
31.00 5 : 1 -0.112 0.08 0.97 98.32 0.99 0.26 -0.49
32.00 5 : 7 0.063 0.05 0.97 567.16 0.99 0.27 -0.14
33.00 5 : 9 -0.089 0.06 1.03 192.95 0.99 0.19 -0.36
34.00 1 : 7 0.175 0.09 1.41 127.75 0.92 0.57 -0.22
35.00 1 : 9 0.024 0.10 0.17 164.77 1.00 0.46 -0.41
36.00 7 : 9 -0.151 0.07 1.56 282.35 0.87 0.16 -0.46

RC5

Small Stores Large Stores

Groups Mean 
Difference Standard Error t df p upper 

limit lower limit Groups Mean 
Difference

Standard 
Error t df p upper 

limit
lower 
limit

1.00 3 : 4 -0.010 0.04 0.17 1290.93 1.00 0.17 -0.19 1.00 2 : 5 -0.036 0.05 0.49 740.84 1.00 0.19 -0.26
2.00 3 : 2 -0.114 0.05 1.61 615.70 0.84 0.11 -0.34 2.00 2 : 7 0.036 0.05 0.56 832.74 1.00 0.24 -0.16
3.00 3 : 8 -0.302 0.10 2.13 41.48 0.52 0.17 -0.78 3.00 2 : 1 -0.085 0.05 1.26 840.88 0.94 0.13 -0.30
4.00 3 : 6 0.012 0.05 0.18 807.64 1.00 0.22 -0.19 4.00 2 : 6 0.133 0.05 1.91 824.97 0.61 0.35 -0.08
5.00 3 : 5 -0.016 0.04 0.30 1310.07 1.00 0.15 -0.18 5.00 2 : 3 0.027 0.05 0.38 814.53 1.00 0.25 -0.20
6.00 3 : 1 0.123 0.08 1.16 113.31 0.98 0.47 -0.22 6.00 2 : 8 0.104 0.05 1.64 852.47 0.78 0.30 -0.09
7.00 3 : 7 -0.015 0.05 0.23 695.32 1.00 0.20 -0.23 7.00 2 : 4 0.091 0.05 1.33 769.00 0.92 0.31 -0.12
8.00 3 : 9 0.133 0.06 1.63 243.22 0.83 0.39 -0.13 8.00 5 : 7 0.071 0.05 1.06 717.41 0.98 0.28 -0.14
9.00 4 : 2 -0.104 0.05 1.50 592.63 0.89 0.12 -0.33 9.00 5 : 1 -0.049 0.05 0.70 749.51 1.00 0.17 -0.27

10.00 4 : 8 -0.292 0.10 2.07 40.83 0.56 0.18 -0.77 10.00 5 : 6 0.169 0.05 2.32 753.93 0.33 0.40 -0.06
11.00 4 : 6 0.022 0.05 0.34 785.81 1.00 0.22 -0.18 11.00 5 : 3 0.063 0.05 0.84 756.29 1.00 0.29 -0.17
12.00 4 : 5 -0.006 0.04 0.12 1441.31 1.00 0.15 -0.16 12.00 5 : 8 0.140 0.05 2.09 720.79 0.48 0.35 -0.07
13.00 4 : 1 0.133 0.08 1.26 110.26 0.96 0.47 -0.21 13.00 5 : 4 0.127 0.05 1.77 706.51 0.70 0.35 -0.10
14.00 4 : 7 -0.005 0.05 0.08 671.45 1.00 0.20 -0.21 14.00 7 : 1 -0.121 0.04 1.96 938.49 0.57 0.07 -0.31
15.00 4 : 9 0.142 0.06 1.77 233.10 0.75 0.40 -0.12 15.00 7 : 6 0.097 0.05 1.52 869.51 0.84 0.30 -0.10
16.00 2 : 8 -0.188 0.11 1.27 48.73 0.96 0.30 -0.68 16.00 7 : 3 -0.009 0.05 0.13 831.80 1.00 0.20 -0.21
17.00 2 : 6 0.126 0.05 1.64 644.75 0.83 0.37 -0.12 17.00 7 : 8 0.068 0.04 1.20 1115.63 0.96 0.25 -0.11
18.00 2 : 5 0.098 0.05 1.49 508.21 0.90 0.31 -0.11 18.00 7 : 4 0.056 0.04 0.89 800.14 0.99 0.25 -0.14
19.00 2 : 1 0.237 0.08 2.08 146.44 0.55 0.60 -0.13 19.00 1 : 6 0.218 0.05 3.24 869.78 0.03 0.43 0.01
20.00 2 : 7 0.099 0.06 1.26 624.00 0.96 0.35 -0.15 20.00 1 : 3 0.112 0.05 1.63 845.73 0.79 0.33 -0.10
21.00 2 : 9 0.247 0.07 2.70 327.85 0.18 0.54 -0.05 21.00 1 : 8 0.189 0.04 3.12 983.96 0.05 0.38 0.00
22.00 8 : 6 0.314 0.10 2.16 45.03 0.50 0.80 -0.17 22.00 1 : 4 0.176 0.05 2.67 806.64 0.16 0.38 -0.03
23.00 8 : 5 0.286 0.10 2.05 38.87 0.57 0.76 -0.18 23.00 6 : 3 -0.106 0.05 1.49 834.04 0.86 0.12 -0.33
24.00 8 : 1 0.425 0.12 2.53 72.63 0.27 0.97 -0.12 24.00 6 : 8 -0.029 0.05 0.47 894.52 1.00 0.17 -0.23
25.00 8 : 7 0.287 0.10 1.97 46.03 0.63 0.77 -0.20 25.00 6 : 4 -0.042 0.05 0.61 790.06 1.00 0.17 -0.25
26.00 8 : 9 0.435 0.11 2.83 55.44 0.15 0.94 -0.07 26.00 3 : 8 0.077 0.05 1.18 847.45 0.96 0.28 -0.13
27.00 6 : 5 -0.027 0.04 0.47 681.14 1.00 0.16 -0.22 27.00 3 : 4 0.064 0.05 0.92 779.52 0.99 0.28 -0.15
28.00 6 : 1 0.111 0.08 1.01 129.76 0.99 0.47 -0.24 28.00 8 : 4 -0.013 0.04 0.20 821.32 1.00 0.18 -0.20
29.00 6 : 7 -0.027 0.05 0.37 682.14 1.00 0.20 -0.26
30.00 6 : 9 0.121 0.06 1.40 289.94 0.93 0.40 -0.16
31.00 5 : 1 0.138 0.07 1.34 100.98 0.94 0.47 -0.20
32.00 5 : 7 0.000 0.04 0.01 573.94 1.00 0.20 -0.19
33.00 5 : 9 0.148 0.06 1.92 201.78 0.66 0.40 -0.10
34.00 1 : 7 -0.138 0.08 1.24 134.18 0.97 0.22 -0.50
35.00 1 : 9 0.010 0.09 0.08 165.21 1.00 0.40 -0.38
36.00 7 : 9 0.148 0.06 1.68 298.93 0.81 0.43 -0.13

RC6
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Small Stores Large Stores

Groups Mean 
Difference Standard Error t df p upper 

limit lower limit Groups Mean 
Difference

Standard 
Error t df p upper 

limit
lower 
limit

1.00 3 : 4 0.002 0.02 0.10 1294.44 1.00 0.07 -0.07 1.00 2 : 5 -0.006 0.02 0.22 746.31 1.00 0.08 -0.09
2.00 3 : 2 -0.012 0.02 0.44 634.22 1.00 0.07 -0.10 2.00 2 : 7 -0.026 0.02 1.02 837.84 0.98 0.05 -0.10
3.00 3 : 8 -0.111 0.04 2.26 43.46 0.44 0.05 -0.28 3.00 2 : 1 -0.032 0.02 1.26 823.85 0.94 0.05 -0.11
4.00 3 : 6 -0.035 0.02 1.42 822.60 0.92 0.04 -0.11 4.00 2 : 6 0.092 0.02 3.16 819.49 0.04 0.18 0.00
5.00 3 : 5 0.062 0.02 2.96 1426.63 0.09 0.13 0.00 5.00 2 : 3 0.029 0.02 1.04 814.36 0.98 0.12 -0.06
6.00 3 : 1 0.091 0.04 1.75 100.62 0.76 0.26 -0.08 6.00 2 : 8 0.064 0.02 2.48 922.76 0.24 0.15 -0.02
7.00 3 : 7 0.000 0.02 0.02 649.47 1.00 0.09 -0.09 7.00 2 : 4 0.107 0.02 3.50 724.46 0.01 0.20 0.01
8.00 3 : 9 0.080 0.03 1.96 194.02 0.63 0.21 -0.05 8.00 5 : 7 -0.020 0.02 0.76 737.94 1.00 0.06 -0.10
9.00 4 : 2 -0.014 0.02 0.53 620.31 1.00 0.07 -0.10 9.00 5 : 1 -0.026 0.02 0.99 736.13 0.99 0.06 -0.11

10.00 4 : 8 -0.113 0.04 2.31 42.89 0.41 0.05 -0.28 10.00 5 : 6 0.098 0.02 3.29 777.55 0.03 0.19 0.01
11.00 4 : 6 -0.037 0.02 1.53 813.29 0.88 0.04 -0.12 11.00 5 : 3 0.035 0.02 1.23 761.39 0.95 0.12 -0.05
12.00 4 : 5 0.060 0.02 2.91 1534.65 0.11 0.13 -0.01 12.00 5 : 8 0.071 0.02 2.65 811.33 0.17 0.15 -0.01
13.00 4 : 1 0.089 0.04 1.71 99.45 0.79 0.26 -0.08 13.00 5 : 4 0.113 0.02 3.63 708.00 0.01 0.21 0.02
14.00 4 : 7 -0.002 0.02 0.06 635.57 1.00 0.08 -0.09 14.00 7 : 1 -0.007 0.02 0.28 957.29 1.00 0.07 -0.08
15.00 4 : 9 0.078 0.03 1.92 190.51 0.66 0.21 -0.05 15.00 7 : 6 0.117 0.02 4.34 815.47 0.00 0.20 0.03
16.00 2 : 8 -0.099 0.04 1.93 51.81 0.65 0.07 -0.27 16.00 7 : 3 0.055 0.02 2.12 835.23 0.46 0.14 -0.03
17.00 2 : 6 -0.023 0.02 0.80 647.31 1.00 0.07 -0.12 17.00 7 : 8 0.090 0.02 3.81 1135.07 0.01 0.16 0.02
18.00 2 : 5 0.074 0.02 2.86 581.97 0.12 0.16 -0.01 18.00 7 : 4 0.133 0.02 4.64 680.44 0.00 0.22 0.04
19.00 2 : 1 0.103 0.04 1.90 117.38 0.67 0.28 -0.07 19.00 1 : 6 0.124 0.02 4.52 812.72 0.00 0.21 0.04
20.00 2 : 7 0.012 0.02 0.40 632.94 1.00 0.11 -0.09 20.00 1 : 3 0.061 0.02 2.34 825.25 0.32 0.14 -0.02
21.00 2 : 9 0.092 0.03 2.11 240.52 0.52 0.23 -0.05 21.00 1 : 8 0.097 0.02 4.01 1061.18 0.00 0.17 0.02
22.00 8 : 6 0.076 0.04 1.51 47.49 0.88 0.24 -0.09 22.00 1 : 4 0.139 0.02 4.80 688.22 0.00 0.23 0.05
23.00 8 : 5 0.173 0.03 3.56 41.46 0.03 0.34 0.01 23.00 6 : 3 -0.063 0.02 2.12 833.86 0.46 0.03 -0.16
24.00 8 : 1 0.202 0.05 2.97 103.10 0.10 0.42 -0.02 24.00 6 : 8 -0.027 0.02 0.98 889.77 0.99 0.06 -0.11
25.00 8 : 7 0.112 0.04 2.16 52.10 0.50 0.28 -0.06 25.00 6 : 4 0.015 0.02 0.48 771.02 1.00 0.12 -0.08
26.00 8 : 9 0.191 0.04 3.19 86.03 0.06 0.39 0.00 26.00 3 : 8 0.035 0.02 1.34 916.76 0.92 0.12 -0.05
27.00 6 : 5 0.097 0.02 4.13 783.15 0.00 0.17 0.02 27.00 3 : 4 0.078 0.02 2.52 743.58 0.23 0.18 -0.02
28.00 6 : 1 0.126 0.04 2.38 108.80 0.35 0.30 -0.05 28.00 8 : 4 0.043 0.02 1.46 738.38 0.88 0.13 -0.05
29.00 6 : 7 0.036 0.02 1.22 660.56 0.97 0.13 -0.06
30.00 6 : 9 0.115 0.03 2.73 217.33 0.17 0.25 -0.02
31.00 5 : 1 0.029 0.04 0.56 96.51 1.00 0.20 -0.14
32.00 5 : 7 -0.062 0.02 2.37 597.15 0.35 0.02 -0.15
33.00 5 : 9 0.018 0.03 0.45 181.71 1.00 0.15 -0.11
34.00 1 : 7 -0.091 0.04 1.67 117.99 0.81 0.08 -0.27
35.00 1 : 9 -0.011 0.04 0.18 172.30 1.00 0.19 -0.21
36.00 7 : 9 0.080 0.03 1.83 242.47 0.72 0.22 -0.06

Single Parents

Small Stores Large Stores

Groups Mean 
Difference Standard Error t df p upper 

limit lower limit Groups Mean 
Difference

Standard 
Error t df p upper 

limit
lower 
limit

1.00 3 : 4 0.019 0.02 0.70 1294.85 1.00 0.11 -0.07 1.00 2 : 5 -0.055 0.03 1.56 748.02 0.83 0.06 -0.17
2.00 3 : 2 0.012 0.02 0.34 618.41 1.00 0.12 -0.10 2.00 2 : 7 -0.007 0.02 0.22 862.33 1.00 0.10 -0.11
3.00 3 : 8 -0.214 0.05 3.07 41.28 0.10 0.02 -0.45 3.00 2 : 1 0.060 0.02 1.77 846.23 0.70 0.17 -0.05
4.00 3 : 6 0.067 0.02 2.07 763.89 0.55 0.17 -0.04 4.00 2 : 6 0.046 0.02 1.34 824.45 0.92 0.15 -0.06
5.00 3 : 5 0.038 0.02 1.49 1342.87 0.90 0.12 -0.04 5.00 2 : 3 0.015 0.03 0.44 814.58 1.00 0.12 -0.09
6.00 3 : 1 -0.027 0.04 0.48 106.82 1.00 0.16 -0.21 6.00 2 : 8 -0.004 0.02 0.11 856.83 1.00 0.10 -0.10
7.00 3 : 7 0.075 0.02 2.19 640.62 0.46 0.18 -0.03 7.00 2 : 4 0.032 0.03 0.90 761.55 0.99 0.14 -0.08
8.00 3 : 9 0.028 0.03 0.61 207.99 1.00 0.18 -0.12 8.00 5 : 7 0.048 0.02 1.43 771.60 0.89 0.15 -0.06
9.00 4 : 2 -0.008 0.02 0.23 605.79 1.00 0.10 -0.12 9.00 5 : 1 0.116 0.03 3.33 772.71 0.03 0.22 0.01

10.00 4 : 8 -0.233 0.05 3.35 40.89 0.05 0.00 -0.47 10.00 5 : 6 0.102 0.03 2.88 761.56 0.10 0.21 -0.01
11.00 4 : 6 0.048 0.02 1.49 752.68 0.89 0.15 -0.05 11.00 5 : 3 0.071 0.03 1.99 754.99 0.55 0.18 -0.04
12.00 4 : 5 0.018 0.02 0.74 1454.49 1.00 0.10 -0.06 12.00 5 : 8 0.052 0.02 1.60 749.35 0.81 0.15 -0.05
13.00 4 : 1 -0.047 0.04 0.82 105.33 1.00 0.14 -0.23 13.00 5 : 4 0.088 0.03 2.40 720.99 0.29 0.20 -0.03
14.00 4 : 7 0.055 0.02 1.64 628.01 0.83 0.16 -0.05 14.00 7 : 1 0.067 0.02 2.11 950.56 0.47 0.17 -0.03
15.00 4 : 9 0.009 0.03 0.20 203.86 1.00 0.16 -0.14 15.00 7 : 6 0.053 0.02 1.64 899.66 0.78 0.16 -0.05
16.00 2 : 8 -0.225 0.05 3.11 48.16 0.08 0.02 -0.47 16.00 7 : 3 0.022 0.02 0.69 881.62 1.00 0.12 -0.08
17.00 2 : 6 0.056 0.03 1.46 663.15 0.91 0.18 -0.07 17.00 7 : 8 0.004 0.02 0.12 1093.59 1.00 0.10 -0.09
18.00 2 : 5 0.026 0.02 0.81 524.48 1.00 0.13 -0.08 18.00 7 : 4 0.039 0.02 1.16 785.76 0.96 0.15 -0.07
19.00 2 : 1 -0.039 0.04 0.65 132.38 1.00 0.16 -0.23 19.00 1 : 6 -0.014 0.02 0.42 874.80 1.00 0.09 -0.12
20.00 2 : 7 0.063 0.03 1.60 632.68 0.85 0.19 -0.06 20.00 1 : 3 -0.045 0.02 1.33 861.02 0.92 0.06 -0.15
21.00 2 : 9 0.017 0.04 0.33 271.24 1.00 0.18 -0.14 21.00 1 : 8 -0.064 0.02 2.08 973.48 0.49 0.03 -0.16
22.00 8 : 6 0.281 0.05 3.92 46.27 0.01 0.52 0.04 22.00 1 : 4 -0.028 0.03 0.80 786.63 1.00 0.08 -0.14
23.00 8 : 5 0.251 0.05 3.66 39.02 0.02 0.48 0.02 23.00 6 : 3 -0.031 0.02 0.90 836.64 0.99 0.08 -0.14
24.00 8 : 1 0.187 0.06 2.18 79.96 0.48 0.47 -0.09 24.00 6 : 8 -0.050 0.02 1.59 903.71 0.81 0.05 -0.15
25.00 8 : 7 0.289 0.05 3.98 48.02 0.01 0.53 0.05 25.00 6 : 4 -0.014 0.03 0.40 775.27 1.00 0.10 -0.13
26.00 8 : 9 0.242 0.06 3.07 65.15 0.08 0.50 -0.02 26.00 3 : 8 -0.019 0.02 0.60 880.95 1.00 0.08 -0.12
27.00 6 : 5 -0.030 0.02 0.98 658.88 0.99 0.07 -0.13 27.00 3 : 4 0.017 0.03 0.47 768.62 1.00 0.13 -0.09
28.00 6 : 1 -0.095 0.04 1.60 125.59 0.85 0.10 -0.29 28.00 8 : 4 0.036 0.02 1.09 763.65 0.98 0.14 -0.07
29.00 6 : 7 0.007 0.03 0.19 678.28 1.00 0.13 -0.11
30.00 6 : 9 -0.039 0.04 0.79 256.70 1.00 0.12 -0.20
31.00 5 : 1 -0.065 0.04 1.17 98.19 0.98 0.12 -0.25
32.00 5 : 7 0.037 0.02 1.16 544.70 0.98 0.14 -0.07
33.00 5 : 9 -0.009 0.03 0.21 183.78 1.00 0.13 -0.15
34.00 1 : 7 0.102 0.04 1.70 131.96 0.80 0.30 -0.09
35.00 1 : 9 0.056 0.05 0.82 176.95 1.00 0.27 -0.16
36.00 7 : 9 -0.046 0.04 0.92 270.79 1.00 0.11 -0.21

Couples
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Small Stores Large Stores

Groups Mean 
Difference Standard Error t df p upper 

limit lower limit Groups Mean 
Difference

Standard 
Error t df p upper 

limit
lower 
limit

1.00 3 : 4 -0.012 0.02 0.50 1290.52 1.00 0.07 -0.09 1.00 2 : 5 0.022 0.02 0.67 739.74 1.00 0.13 -0.08
2.00 3 : 2 -0.026 0.02 0.86 638.92 1.00 0.07 -0.12 2.00 2 : 7 -0.021 0.02 0.71 853.79 1.00 0.07 -0.11
3.00 3 : 8 0.227 0.06 2.63 38.17 0.24 0.52 -0.06 3.00 2 : 1 -0.032 0.02 1.03 835.73 0.98 0.06 -0.13
4.00 3 : 6 -0.043 0.02 1.52 809.41 0.88 0.05 -0.13 4.00 2 : 6 -0.111 0.02 3.81 787.80 0.01 -0.02 -0.20
5.00 3 : 5 -0.065 0.02 2.98 1239.30 0.09 0.00 -0.14 5.00 2 : 3 -0.071 0.02 2.32 803.74 0.33 0.02 -0.17
6.00 3 : 1 -0.070 0.03 1.48 111.85 0.90 0.08 -0.22 6.00 2 : 8 -0.055 0.02 1.95 815.24 0.58 0.03 -0.14
7.00 3 : 7 -0.034 0.02 1.16 675.80 0.98 0.06 -0.13 7.00 2 : 4 -0.154 0.02 5.35 743.27 0.00 -0.07 -0.24
8.00 3 : 9 -0.118 0.03 3.34 247.16 0.03 -0.01 -0.23 8.00 5 : 7 -0.044 0.02 1.39 739.07 0.90 0.05 -0.14
9.00 4 : 2 -0.014 0.02 0.46 614.26 1.00 0.08 -0.11 9.00 5 : 1 -0.054 0.02 1.68 739.06 0.76 0.05 -0.15

10.00 4 : 8 0.240 0.06 2.78 37.85 0.18 0.53 -0.05 10.00 5 : 6 -0.134 0.02 4.34 686.56 0.00 -0.04 -0.23
11.00 4 : 6 -0.031 0.02 1.11 786.48 0.98 0.06 -0.12 11.00 5 : 3 -0.093 0.02 2.91 716.54 0.09 0.01 -0.19
12.00 4 : 5 -0.053 0.02 2.50 1372.68 0.27 0.01 -0.12 12.00 5 : 8 -0.077 0.02 2.59 682.68 0.19 0.02 -0.17
13.00 4 : 1 -0.058 0.03 1.23 108.85 0.97 0.10 -0.21 13.00 5 : 4 -0.177 0.02 5.81 651.02 0.00 -0.08 -0.27
14.00 4 : 7 -0.022 0.02 0.75 650.80 1.00 0.07 -0.11 14.00 7 : 1 -0.010 0.02 0.36 956.32 1.00 0.08 -0.10
15.00 4 : 9 -0.105 0.03 3.03 236.29 0.08 0.01 -0.22 15.00 7 : 6 -0.090 0.02 3.34 934.31 0.03 -0.01 -0.17
16.00 2 : 8 0.253 0.06 2.88 41.07 0.15 0.55 -0.04 16.00 7 : 3 -0.049 0.02 1.74 905.47 0.72 0.04 -0.14
17.00 2 : 6 -0.017 0.02 0.52 654.92 1.00 0.09 -0.12 17.00 7 : 8 -0.034 0.02 1.30 1073.03 0.93 0.05 -0.11
18.00 2 : 5 -0.040 0.02 1.43 496.06 0.92 0.05 -0.13 18.00 7 : 4 -0.133 0.02 5.02 874.10 0.00 -0.05 -0.22
19.00 2 : 1 -0.044 0.04 0.88 138.37 1.00 0.12 -0.21 19.00 1 : 6 -0.080 0.02 2.89 875.55 0.09 0.01 -0.17
20.00 2 : 7 -0.008 0.02 0.25 631.63 1.00 0.10 -0.12 20.00 1 : 3 -0.039 0.02 1.35 866.55 0.92 0.05 -0.13
21.00 2 : 9 -0.092 0.03 2.35 320.70 0.36 0.03 -0.22 21.00 1 : 8 -0.024 0.02 0.89 962.02 0.99 0.06 -0.11
22.00 8 : 6 -0.270 0.06 3.10 39.84 0.09 0.02 -0.56 22.00 1 : 4 -0.123 0.02 4.51 821.25 0.00 -0.04 -0.21
23.00 8 : 5 -0.293 0.06 3.42 36.65 0.04 -0.01 -0.58 23.00 6 : 3 0.041 0.02 1.49 828.11 0.86 0.13 -0.05
24.00 8 : 1 -0.298 0.07 3.12 54.94 0.08 0.02 -0.61 24.00 6 : 8 0.056 0.02 2.24 967.93 0.38 0.14 -0.02
25.00 8 : 7 -0.262 0.06 2.98 40.72 0.12 0.03 -0.56 25.00 6 : 4 -0.043 0.02 1.66 790.17 0.77 0.04 -0.12
26.00 8 : 9 -0.345 0.06 3.84 44.51 0.01 -0.05 -0.64 26.00 3 : 8 0.015 0.02 0.58 898.79 1.00 0.10 -0.07
27.00 6 : 5 -0.022 0.02 0.88 640.55 1.00 0.06 -0.10 27.00 3 : 4 -0.084 0.02 3.10 776.11 0.05 0.00 -0.17
28.00 6 : 1 -0.027 0.04 0.56 127.24 1.00 0.13 -0.19 28.00 8 : 4 -0.099 0.02 4.03 897.70 0.00 -0.02 -0.18
29.00 6 : 7 0.009 0.02 0.27 675.96 1.00 0.11 -0.09
30.00 6 : 9 -0.075 0.03 1.99 294.26 0.60 0.05 -0.19
31.00 5 : 1 -0.005 0.03 0.11 97.74 1.00 0.14 -0.15
32.00 5 : 7 0.031 0.02 1.15 525.08 0.98 0.12 -0.06
33.00 5 : 9 -0.052 0.02 1.58 195.14 0.86 0.05 -0.16
34.00 1 : 7 0.036 0.04 0.72 135.17 1.00 0.20 -0.13
35.00 1 : 9 -0.047 0.04 0.89 159.74 1.00 0.13 -0.22
36.00 7 : 9 -0.083 0.03 2.16 313.60 0.49 0.04 -0.21

Nuclear Family

Small Stores Large Stores

Groups Mean 
Difference Standard Error t df p upper 

limit lower limit Groups Mean 
Difference

Standard 
Error t df p upper 

limit
lower 
limit

1.00 3 : 4 -1.134 0.57 1.40 1300.85 0.93 1.43 -3.70 1.00 2 : 5 0.260 0.74 0.25 750.41 1.00 3.52 -3.00
2.00 3 : 2 -2.387 0.72 2.36 595.51 0.35 0.83 -5.60 2.00 2 : 7 0.800 0.70 0.81 869.66 1.00 3.87 -2.27
3.00 3 : 8 -5.595 1.69 2.35 39.28 0.38 2.39 -13.58 3.00 2 : 1 2.272 0.72 2.24 847.87 0.38 5.43 -0.89
4.00 3 : 6 -2.245 0.70 2.27 714.05 0.41 0.89 -5.38 4.00 2 : 6 -4.171 0.76 3.89 824.80 0.00 -0.84 -7.50
5.00 3 : 5 -1.827 0.54 2.41 1449.22 0.32 0.58 -4.24 5.00 2 : 3 3.165 0.73 3.08 814.28 0.06 6.36 -0.03
6.00 3 : 1 -2.476 1.32 1.33 100.58 0.94 3.54 -8.49 6.00 2 : 8 0.582 0.67 0.61 878.05 1.00 3.54 -2.38
7.00 3 : 7 -1.198 0.70 1.20 626.71 0.97 1.97 -4.36 7.00 2 : 4 -2.894 0.78 2.64 750.93 0.17 0.52 -6.31
8.00 3 : 9 -4.493 0.99 3.21 199.49 0.05 -0.02 -8.97 8.00 5 : 7 0.540 0.71 0.54 788.34 1.00 3.65 -2.57
9.00 4 : 2 -1.253 0.72 1.23 614.37 0.97 1.99 -4.49 9.00 5 : 1 2.012 0.73 1.96 780.63 0.57 5.21 -1.18

10.00 4 : 8 -4.462 1.69 1.87 39.52 0.69 3.54 -12.46 10.00 5 : 6 -4.431 0.77 4.09 776.21 0.00 -1.06 -7.80
11.00 4 : 6 -1.112 0.71 1.11 737.14 0.98 2.05 -4.28 11.00 5 : 3 2.905 0.74 2.79 756.81 0.12 6.14 -0.33
12.00 4 : 5 -0.693 0.55 0.90 1504.18 1.00 1.75 -3.14 12.00 5 : 8 0.323 0.68 0.33 781.32 1.00 3.32 -2.68
13.00 4 : 1 -1.342 1.32 0.72 101.61 1.00 4.69 -7.37 13.00 5 : 4 -3.154 0.78 2.84 717.58 0.11 0.30 -6.60
14.00 4 : 7 -0.064 0.71 0.06 647.01 1.00 3.13 -3.26 14.00 7 : 1 1.472 0.68 1.53 952.93 0.84 4.47 -1.53
15.00 4 : 9 -3.359 0.99 2.39 203.05 0.34 1.14 -7.86 15.00 7 : 6 -4.971 0.72 4.86 875.63 0.00 -1.79 -8.15
16.00 2 : 8 -3.208 1.74 1.30 44.72 0.95 4.99 -11.41 16.00 7 : 3 2.365 0.69 2.42 890.80 0.27 5.40 -0.67
17.00 2 : 6 0.142 0.83 0.12 670.43 1.00 3.85 -3.57 17.00 7 : 8 -0.217 0.64 0.24 1099.72 1.00 2.57 -3.01
18.00 2 : 5 0.560 0.69 0.57 557.48 1.00 3.68 -2.56 18.00 7 : 4 -3.694 0.74 3.52 767.56 0.01 -0.43 -6.96
19.00 2 : 1 -0.089 1.39 0.05 122.81 1.00 6.23 -6.41 19.00 1 : 6 -6.443 0.74 6.13 861.74 0.00 -3.18 -9.71
20.00 2 : 7 1.189 0.83 1.01 631.99 0.99 4.92 -2.54 20.00 1 : 3 0.893 0.71 0.89 863.27 0.99 4.02 -2.24
21.00 2 : 9 -2.106 1.08 1.38 266.03 0.93 2.78 -6.99 21.00 1 : 8 -1.689 0.66 1.82 987.65 0.67 1.20 -4.58
22.00 8 : 6 3.350 1.74 1.37 44.07 0.93 11.52 -4.82 22.00 1 : 4 -5.166 0.76 4.79 770.31 0.00 -1.81 -8.52
23.00 8 : 5 3.768 1.68 1.59 38.46 0.85 11.72 -4.19 23.00 6 : 3 7.336 0.75 6.90 833.19 0.00 10.64 4.03
24.00 8 : 1 3.119 2.06 1.07 76.86 0.99 12.62 -6.38 24.00 6 : 8 4.754 0.70 4.80 874.66 0.00 7.83 1.68
25.00 8 : 7 4.397 1.74 1.79 44.27 0.74 12.58 -3.78 25.00 6 : 4 1.277 0.80 1.13 780.24 0.97 4.80 -2.24
26.00 8 : 9 1.102 1.87 0.42 58.32 1.00 9.80 -7.60 26.00 3 : 8 -2.582 0.67 2.74 906.07 0.14 0.35 -5.51
27.00 6 : 5 0.418 0.68 0.44 676.64 1.00 3.46 -2.62 27.00 3 : 4 -6.059 0.77 5.56 754.27 0.00 -2.67 -9.45
28.00 6 : 1 -0.231 1.38 0.12 120.31 1.00 6.05 -6.51 28.00 8 : 4 -3.476 0.72 3.41 750.08 0.02 -0.31 -6.65
29.00 6 : 7 1.047 0.82 0.91 686.67 1.00 4.71 -2.62
30.00 6 : 9 -2.248 1.07 1.48 261.01 0.90 2.59 -7.09
31.00 5 : 1 -0.649 1.30 0.35 97.19 1.00 5.32 -6.62
32.00 5 : 7 0.629 0.68 0.65 588.39 1.00 3.70 -2.44
33.00 5 : 9 -2.666 0.97 1.94 188.34 0.65 1.75 -7.08
34.00 1 : 7 1.278 1.38 0.66 121.02 1.00 7.57 -5.02
35.00 1 : 9 -2.017 1.55 0.92 165.73 1.00 4.99 -9.03
36.00 7 : 9 -3.295 1.08 2.17 261.40 0.48 1.56 -8.15

Age
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Small Stores Large Stores

Groups Mean 
Difference Standard Error t df p upper 

limit lower limit Groups Mean 
Difference

Standard 
Error t df p upper 

limit
lower 
limit

1.00 3 : 4 -0.035 0.02 1.53 1300.66 0.88 0.04 -0.11 1.00 2 : 5 0.036 0.02 1.34 754.69 0.92 0.12 -0.05
2.00 3 : 2 -0.009 0.02 0.32 611.51 1.00 0.08 -0.10 2.00 2 : 7 -0.032 0.02 1.18 883.82 0.96 0.05 -0.12
3.00 3 : 8 0.141 0.03 3.36 47.68 0.05 0.28 0.00 3.00 2 : 1 0.053 0.02 2.08 805.06 0.49 0.13 -0.03
4.00 3 : 6 0.012 0.02 0.48 789.33 1.00 0.09 -0.07 4.00 2 : 6 -0.193 0.02 6.29 805.15 0.00 -0.10 -0.29
5.00 3 : 5 -0.117 0.02 5.41 1476.95 0.00 -0.05 -0.19 5.00 2 : 3 -0.053 0.02 1.85 811.79 0.65 0.04 -0.14
6.00 3 : 1 -0.232 0.04 4.11 97.68 0.00 -0.05 -0.42 6.00 2 : 8 -0.072 0.02 2.75 926.27 0.13 0.01 -0.15
7.00 3 : 7 -0.014 0.02 0.52 635.16 1.00 0.07 -0.10 7.00 2 : 4 -0.222 0.02 6.88 700.07 0.00 -0.12 -0.32
8.00 3 : 9 -0.184 0.03 4.20 185.75 0.00 -0.04 -0.33 8.00 5 : 7 -0.068 0.02 2.58 823.37 0.20 0.01 -0.15
9.00 4 : 2 0.026 0.02 0.91 628.41 1.00 0.12 -0.06 9.00 5 : 1 0.016 0.02 0.65 743.15 1.00 0.09 -0.06

10.00 4 : 8 0.175 0.03 4.17 48.28 0.00 0.31 0.04 10.00 5 : 6 -0.229 0.02 7.55 767.13 0.00 -0.14 -0.32
11.00 4 : 6 0.047 0.02 1.82 814.51 0.73 0.13 -0.04 11.00 5 : 3 -0.089 0.02 3.15 766.65 0.05 0.00 -0.18
12.00 4 : 5 -0.083 0.02 3.77 1536.20 0.01 -0.01 -0.15 12.00 5 : 8 -0.109 0.02 4.19 858.65 0.00 -0.03 -0.19
13.00 4 : 1 -0.198 0.04 3.49 98.36 0.02 -0.01 -0.38 13.00 5 : 4 -0.258 0.02 8.07 671.96 0.00 -0.16 -0.36
14.00 4 : 7 0.020 0.02 0.73 652.86 1.00 0.11 -0.07 14.00 7 : 1 0.084 0.02 3.46 962.11 0.02 0.16 0.01
15.00 4 : 9 -0.150 0.03 3.40 187.89 0.03 -0.01 -0.29 15.00 7 : 6 -0.161 0.02 5.39 837.37 0.00 -0.07 -0.25
16.00 2 : 8 0.150 0.03 3.33 62.90 0.04 0.30 0.00 16.00 7 : 3 -0.021 0.02 0.76 871.71 1.00 0.07 -0.11
17.00 2 : 6 0.021 0.02 0.70 650.60 1.00 0.12 -0.08 17.00 7 : 8 -0.041 0.02 1.60 1114.04 0.81 0.04 -0.12
18.00 2 : 5 -0.108 0.02 3.98 590.98 0.00 -0.02 -0.20 18.00 7 : 4 -0.190 0.02 6.03 704.71 0.00 -0.09 -0.29
19.00 2 : 1 -0.223 0.04 3.79 114.16 0.01 -0.03 -0.41 19.00 1 : 6 -0.245 0.02 8.59 756.96 0.00 -0.16 -0.33
20.00 2 : 7 -0.005 0.02 0.17 632.60 1.00 0.10 -0.11 20.00 1 : 3 -0.106 0.02 3.99 790.58 0.00 -0.02 -0.19
21.00 2 : 9 -0.175 0.03 3.74 232.94 0.01 -0.03 -0.33 21.00 1 : 8 -0.125 0.02 5.24 1074.04 0.00 -0.05 -0.20
22.00 8 : 6 -0.128 0.03 2.94 56.16 0.12 0.02 -0.27 22.00 1 : 4 -0.274 0.02 9.06 632.50 0.00 -0.18 -0.37
23.00 8 : 5 -0.258 0.03 6.22 45.88 0.00 -0.12 -0.40 23.00 6 : 3 0.140 0.02 4.42 828.78 0.00 0.24 0.04
24.00 8 : 1 -0.373 0.05 5.59 117.09 0.00 -0.16 -0.59 24.00 6 : 8 0.120 0.02 4.09 847.99 0.00 0.21 0.03
25.00 8 : 7 -0.155 0.03 3.45 62.45 0.03 -0.01 -0.30 25.00 6 : 4 -0.029 0.03 0.84 771.93 1.00 0.08 -0.14
26.00 8 : 9 -0.325 0.04 5.77 119.64 0.00 -0.14 -0.51 26.00 3 : 8 -0.019 0.02 0.70 899.76 1.00 0.07 -0.11
27.00 6 : 5 -0.130 0.02 5.19 786.07 0.00 -0.05 -0.21 27.00 3 : 4 -0.169 0.02 5.08 732.38 0.00 -0.07 -0.27
28.00 6 : 1 -0.245 0.04 4.23 106.99 0.00 -0.06 -0.43 28.00 8 : 4 -0.150 0.02 4.81 701.01 0.00 -0.05 -0.25
29.00 6 : 7 -0.027 0.02 0.88 667.59 1.00 0.07 -0.12
30.00 6 : 9 -0.196 0.03 4.31 213.11 0.00 -0.05 -0.34

31.00 5 : 1 -0.115 0.04 2.05 95.66 0.57 0.07 -0.30
32.00 5 : 7 0.103 0.02 3.80 615.38 0.01 0.19 0.02
33.00 5 : 9 -0.067 0.03 1.54 179.71 0.88 0.07 -0.21
34.00 1 : 7 0.218 0.04 3.70 113.68 0.01 0.41 0.03
35.00 1 : 9 0.048 0.05 0.71 171.31 1.00 0.27 -0.17
36.00 7 : 9 -0.170 0.03 3.63 231.85 0.01 -0.02 -0.32

Car Ownership

Small Stores Large Stores

Groups Mean 
Difference Standard Error t df p upper 

limit
lower 
limit Groups Mean 

Difference
Standard 

Error t df p upper 
limit

lower 
limit

1 3 : 4 -0.023 0.019 0.858 1296 0.998 0.061 -0.107 1 2 : 5 0.053 0.024 1.553 750.386 0.83 0.159 -0.053
2 3 : 2 0.042 0.023 1.297 640.3 0.954 0.144 -0.06 2 2 : 7 0.045 0.022 1.444 849.344 0.881 0.143 -0.052
3 3 : 8 0.034 0.057 0.426 39.25 1 0.303 -0.234 3 2 : 1 -0.022 0.023 0.669 846.486 0.999 0.081 -0.125
4 3 : 6 -0.017 0.022 0.544 766.7 1 0.082 -0.116 4 2 : 6 -0.012 0.024 0.361 824.245 1 0.092 -0.116
5 3 : 5 -0.040 0.017 1.657 1356 0.82 0.037 -0.118 5 2 : 3 -0.029 0.024 0.861 814.902 0.995 0.076 -0.134
6 3 : 1 -0.017 0.04 0.312 105.7 1 0.163 -0.198 6 2 : 8 0.001 0.022 0.017 857.322 1 0.096 -0.095
7 3 : 7 0.021 0.023 0.648 659.3 1 0.123 -0.081 7 2 : 4 0.004 0.024 0.117 763.016 1 0.112 -0.103
8 3 : 9 -0.026 0.032 0.592 206.9 1 0.117 -0.17 8 5 : 7 -0.008 0.023 0.24 764.521 1 0.092 -0.107
9 4 : 2 0.064 0.023 2.02 632.6 0.585 0.166 -0.037 9 5 : 1 -0.075 0.024 2.25 778.32 0.374 0.029 -0.179

10 4 : 8 0.057 0.057 0.711 39.06 0.999 0.325 -0.211 10 5 : 6 -0.065 0.024 1.924 764.513 0.597 0.04 -0.171
11 4 : 6 0.006 0.022 0.183 761 1 0.104 -0.093 11 5 : 3 -0.082 0.024 2.402 759.772 0.284 0.024 -0.189
12 4 : 5 -0.018 0.017 0.737 1459 0.999 0.059 -0.094 12 5 : 8 -0.053 0.022 1.692 760.232 0.752 0.044 -0.149
13 4 : 1 0.005 0.039 0.095 104.6 1 0.186 -0.175 13 5 : 4 -0.049 0.025 1.404 720.997 0.896 0.06 -0.158
14 4 : 7 0.044 0.023 1.365 651.7 0.937 0.145 -0.058 14 7 : 1 -0.067 0.022 2.205 941.616 0.403 0.028 -0.163
15 4 : 9 -0.004 0.032 0.085 203.9 1 0.139 -0.146 15 7 : 6 -0.058 0.022 1.848 889.17 0.65 0.039 -0.154
16 2 : 8 -0.007 0.058 0.091 43.14 1 0.266 -0.281 16 7 : 3 -0.075 0.022 2.366 864.499 0.304 0.023 -0.173
17 2 : 6 -0.059 0.025 1.631 669.5 0.833 0.056 -0.173 17 7 : 8 -0.045 0.02 1.601 1105.999 0.804 0.042 -0.132
18 2 : 5 -0.082 0.021 2.72 548.9 0.168 0.014 -0.178 18 7 : 4 -0.041 0.023 1.282 775.572 0.937 0.059 -0.142
19 2 : 1 -0.059 0.041 1.007 126.3 0.991 0.13 -0.248 19 1 : 6 0.010 0.023 0.305 875.276 1 0.112 -0.092
20 2 : 7 -0.021 0.026 0.567 632.8 1 0.096 -0.137 20 1 : 3 -0.007 0.023 0.215 859.339 1 0.096 -0.11
21 2 : 9 -0.068 0.034 1.415 260.1 0.922 0.086 -0.222 21 1 : 8 0.023 0.021 0.759 973.152 0.998 0.115 -0.07
22 8 : 6 -0.051 0.058 0.626 42.51 1 0.222 -0.324 22 1 : 4 0.026 0.024 0.774 790.276 0.998 0.131 -0.079
23 8 : 5 -0.075 0.056 0.94 37.81 0.994 0.192 -0.341 23 6 : 3 -0.017 0.024 0.509 835.967 1 0.087 -0.121
24 8 : 1 -0.052 0.066 0.549 68.24 1 0.256 -0.359 24 6 : 8 0.013 0.021 0.416 905.845 1 0.107 -0.082
25 8 : 7 -0.013 0.058 0.162 43.16 1 0.26 -0.287 25 6 : 4 0.016 0.024 0.472 776.882 1 0.123 -0.09
26 8 : 9 -0.061 0.062 0.691 55.57 0.999 0.229 -0.35 26 3 : 8 0.030 0.022 0.967 874.182 0.989 0.125 -0.066
27 6 : 5 -0.023 0.021 0.799 669.5 0.999 0.07 -0.117 27 3 : 4 0.033 0.024 0.96 772.338 0.989 0.141 -0.074
28 6 : 1 0.000 0.041 0.007 123.1 1 0.187 -0.188 28 8 : 4 0.004 0.022 0.112 770.551 1 0.101 -0.094
29 6 : 7 0.038 0.025 1.052 682.9 0.989 0.152 -0.076
30 6 : 9 -0.009 0.034 0.198 253.8 1 0.143 -0.161
31 5 : 1 0.023 0.039 0.42 97.87 1 0.201 -0.154
32 5 : 7 0.061 0.021 2.029 566.9 0.579 0.157 -0.035
33 5 : 9 0.014 0.031 0.322 184.3 1 0.153 -0.125
34 1 : 7 0.038 0.041 0.652 126.5 1 0.227 -0.151
35 1 : 9 -0.009 0.047 0.136 174.7 1 0.204 -0.222
36 7 : 9 -0.047 0.034 0.982 261 0.993 0.106 -0.201

Income
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