
dna seigolonhcet elibom ni noitavonni dipaR  
ot detaler seitilibissop tnemerusaem doog  

snoitubirtnoc levon elbane stesdnah elibom  
noitatressid sihT .hcraeser suoiverp ot  
noitavonni morf sdohtem eht no sward  

laciripme sedivorp dna erutaretil noisuffid  
noisuffid dna stnanimreted eht no ecnedive  

yb ,noisuffid ygolonhcet elibom fo snrettap  
nonemonehp eht gniledom dna gnirusaem  

a ,rehtruF .stniopweiv gnitnemelpmoc morf  
rof depoleved si krowemarf lautpecnoc  

si dna scimanyd noisuffid gnirusaem  
a ,slocotorp tenretnI fo esac eht ot deilppa  

 .seigolonhcet elibom fo elpmaxe laiceps

-o
tl

a
A

D
D

 
16

2
/

 6
10

2

 +c
gibh

a*GM
FTSH

9  NBSI 2-6817-06-259-879  )detnirp( 
 NBSI 5-5817-06-259-879  )fdp( 

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

 
ytisrevinU otlaA  

gnireenignE lacirtcelE fo loohcS  
gnikrowteN dna snoitacinummoC fo tnemtrapeD  

 if.otlaa.www

 + SSENISUB
 YMONOCE

 
 + TRA

 + NGISED
 ERUTCETIHCRA

 
 + ECNEICS

 YGOLONHCET
 

 REVOSSORC
 

 LAROTCOD
 SNOITATRESSID

 n
en

ok
ii

R i
tt

n
A

 n
oi

su
ff

id
 y

go
lo

nh
ce

t 
eli

bo
m f

o s
ci

ts
ir

et
ca

ra
h

C
 y

ti
sr

ev
i

n
U 

otl
a

A

 6102

 gnikrowteN dna snoitacinummoC fo tnemtrapeD

elibom fo scitsiretcarahC  
 noisuffid ygolonhcet

 serutaef tesdnah elibom fo hcraeser evitatitnauQ

 nenokiiR ittnA

 LAROTCOD
 SNOITATRESSID



 seires noitacilbup ytisrevinU otlaA
SNOITATRESSID LAROTCOD  162 /  6102

ygolonhcet elibom fo scitsiretcarahC  
 noisuffid

 serutaef tesdnah elibom fo hcraeser evitatitnauQ

 nenokiiR ittnA

fo rotcoD fo eerged eht rof detelpmoc noitatressid larotcod A  
eht fo noissimrep eht htiw ,dednefed eb ot )ygolonhceT( ecneicS  

cilbup a ta ,gnireenignE lacirtcelE fo loohcS ytisrevinU otlaA  
yraunaJ 31 no loohcs eht fo 1S llah erutcel eht ta dleh noitanimaxe  

 .noon 21 ta 7102

 ytisrevinU otlaA
 gnireenignE lacirtcelE fo loohcS

 gnikrowteN dna snoitacinummoC fo tnemtrapeD
 scimonocE krowteN



 rosseforp gnisivrepuS
 dnalniF ,ytisrevinU otlaA ,neniämmäH ikkieH .forP

 
 srosivda sisehT

 dnalniF ,ukruT fo ytisrevinU ,ilyöT osuuJ .forP
 dnalniF ,.cnI scitylanA otreV ,arumS omiT .rD

 
 srenimaxe yranimilerP

 napaJ ,ytisrevinU adesaW ,omotiM ihsotiH .forP
 sdnalrehteN eht ,ygolonhceT fo ytisrevinU tfleD ,revueR ed kraM .forP .cossA

 
 tnenoppO

 ailartsuA ,ytisrevinU nitruC ,neddaM yraG .forP

 seires noitacilbup ytisrevinU otlaA
SNOITATRESSID LAROTCOD  162 /  6102

 
 ©  nenokiiR ittnA

 
 NBSI 2-6817-06-259-879  )detnirp( 
 NBSI 5-5817-06-259-879  )fdp( 

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

:NBSI:NRU/if.nru//:ptth  5-5817-06-259-879
 

 yO aifarginU
 iknisleH  6102

 
 dnalniF

 
 :)koob detnirp( sredro noitacilbuP

 /ne/if.otlaa.tenmoc//:ptth
 



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

 rohtuA
 nenokiiR ittnA

 noitatressid larotcod eht fo emaN
 noisuffid ygolonhcet elibom fo scitsiretcarahC

 rehsilbuP  gnireenignE lacirtcelE fo loohcS
 tinU  gnikrowteN dna snoitacinummoC fo tnemtrapeD

 seireS seires noitacilbup ytisrevinU otlaA  SNOITATRESSID LAROTCOD  162 /  6102
 hcraeser fo dleiF  scimonocE krowteN

 dettimbus tpircsunaM  6102 enuJ 12  ecnefed eht fo etaD  7102 yraunaJ 31
 )etad( detnarg hsilbup ot noissimreP  6102 tsuguA 03  egaugnaL  hsilgnE

 hpargonoM  noitatressid elcitrA  noitatressid yassE

 tcartsbA
morf stesdnah elibom fo noitulove tneuqesnoc eht dna ,yrtsudni elibom eht ni noitavonni dipaR  

no hcraeser eht rof segnellahc wen sesuac ,secived esoprupitlum decnavda ot senohp cisab  
gninialpxe no desucof sah hcraeser noisuffid noitavonni suoiverP .noisuffid ygolonhcet elibom  

eseht ,revewoH .daerps snoitareneg tesdnah elibom dna ynohpelet elibom eht yhw dna woh  
dna seigolonhcet laudividni fo noisuffid eht no gnidnatsrednu detimil edivorp sisylana fo slevel  

 .serutaef tcudorp
  

ecnedive laciripme edivorp dna ,ezilautpecnoc ,erusaem ot si noitatressid siht fo esoprup ehT  
dna ,noisuffid erutaef tesdnah elibom no si sucof ehT .daerps seigolonhcet elibom wen woh no  

lareves ,hcraeser eht roF .serutaef erawdrah dna erawtfos dellatsni-yrotcaf no yllaicepse  
edivorp atad esehT .2102-3002 gnirud dnalniF morf detcelloc erew stesatad evitatitnauq  

dellatsni ecived dna ,secirp ,semulov selas tesdnah elibom morf ,stniopweiv gnitnemelpmoc  
 .nonemonehp eht fo sisylana citsiloh gnilbane ,egasu ecivres elibom ot esab

  
gnirusaem rof krowemarf a gnitaerc yb noitubirtnoc lacigolodohtem a sedivorp hcraeser ehT  

dna sdohtem lareves gnirapmoc yb dna ,snoitavonni lacigolonhcet xelpmoc fo noisuffid eht  
nehw serusaem denfied ylraelc gnisu fo ecnatropmi eht thgilhgih stluser ehT .stesatad  

laciteroehT .stesatad elbaliava eht ni secnereffid eht ot eud ,noisuffid ygolonhcet gnizylana  
tesatad wen eht ot sledom noisuffid nwonk-llew gniylppa edulcni hcraeser eht fo snoitubirtnoc  
 .semitefil dna serutaef tesdnah elibom fo pihsnoitaler eht no ecnedive laciripme gnidivorp dna

  
snrettap noisuffid ygolonhcet elibom no gnidnatsrednu-niamod sedivorp osla noitatressid ehT  
htiw ,nrettap depahs-s na swollof noisuffid ygolonhcet eliboM .snoitacilpmi lacitcarp rieht dna  
.htworg tsaf htiw ffoekat eht ot roirp egats noitcudortni eht fo noitarud eht ni snoitairav hgih  

dna ,ffoekat erutaef dna ygolonhcet elibom rof slevel ecirp lacipyt dnuof osla hcraeser ehT  
eht rof raenil ylevitaler eb ot secirp dna selas tesdnah elibom neewteb snoitaicossa  

eb ot dnuof erew sdohtem hcraeser noisuffid noitavonni lanoitidart eht ,llarevO .seigolonhcet  
 .noisuffid erutaef tcudorp dna ygolonhcet elibom gniyduts rof elbacilppa

 sdrowyeK tenretnI ,erutaef tcudorp ,tesdnah elibom ,noisuffid ,noitavonni lacigolonhceT  
 locotorp

 )detnirp( NBSI  2-6817-06-259-879  )fdp( NBSI  5-5817-06-259-879
 L-NSSI  4394-9971  )detnirp( NSSI  4394-9971  )fdp( NSSI  2494-9971

 rehsilbup fo noitacoL  iknisleH  gnitnirp fo noitacoL  iknisleH  raeY  6102
 segaP  941  nru :NBSI:NRU/fi.nru//:ptth  5-5817-06-259-879





 ämletsiviiT
  otlaA 67000 ,00011 LP ,otsipoily-otlaA  if.otlaa.www

 äjikeT
 nenokiiR ittnA

 imin najriksötiäV
netnilehupaktam sumiktut neniviitatitnavK :teetriipsianimo nesimäivel nedioigolonketiliiboM  

 atsiskuusianimo
 ajisiakluJ  uluokaekrok nakiinketökhäS

 ökkiskY  sotial nakiinketokkrevoteit aj -ennekiiloteiT
 ajraS seires noitacilbup ytisrevinU otlaA  SNOITATRESSID LAROTCOD  162 /  6102

 alasumiktuT  suolatokkrevoteiT
 mvp neskutiojrikisäK  6102.60.12  äviäpsötiäV  7102.10.31

 äviäpsimätnöym navulusiakluJ  6102.80.03  ileiK  itnalgnE
 aifargonoM  ajriksötiävilekkitrA  ajriksötiäveessE

 ämletsiviiT
atsimilehupsurep sytihek tunnarues ätiis äkes ,asseduusilloetiliibom itniovonni aepoN  

atietsaah aisialneduu aattuehia ,niisiettial niisiöttyäkinom aj niisienytside  
nedioitaavonni sumiktut ipmesiakiA .neesimiktut nesimäivel nedioigolonketiliibom  

tevlopukus tesigolonket nediin aj temilehupaktam iskim aj akniuk tynättiles no atsoisuuffid  
ätsisiättisky ätsyrrämmy itsututetiojar niknetiuk aaojrat osat nisyylana ämäT .täväivel  

 .atsiskuusianimoetial aj atsioigolonket
  

neisuu aotsienia ätsiriipme aattout aj äätsilleettisäk ,aattim ajriksötiäv ämäT  
itsesiytire aj nedioigolonketnilehupaktam yyttiksek öyT .atsoisuuffid nedioigolonketiliibom  
atsumiktut 2102-3002 atlisouV .niiskuusianimo-otsimlejho aj -otsiettial nihiuttennesasadhet  

,nööimlioisuuffid aimlukökän äivätnedyät naaisiot tavatsude totsienia tytärek netrav  
atsannaketial äkes ,atsionnih- ,atsiodeititnyym atsisiathokillamnilehupaktam  

 .nööttyäk nediulevlapiliibom
  

netsigolonket netsiskelpmok neskyheketiiv allamoul noituubirtnokämletenem eeket sumiktuT  
.asniisiot ajotsienia aj ajedotem allameliatrev äkes neesimaattim nesimäivel nedioitaavonni  
nejotsienia neivelo allivataas ättyekrät nedierattim nejytletirääm itsäekles tavatsorok teskoluT  

neillamoisuuffid nejuttennut tävätläsis toituubirtnok tesitteeroeT .neuthoj atsiore ätsisiläv  
netnilehupaktam aiskolut äisiriipme äkes ,nootsienia neesialneduu atsimatlevos  

 .atseethus näinile aj neiskuusianimoetout
  

aj atsiellamoisuuffid nedioigolonketiliibom ätsyrrämmyalaimiot söym aattout ajriksötiäV  
atsiotoum-s aavattaduon nenimäivel nedioigolonkeT .ätseskytikrem nönnätyäk nediin  

.ättetsip-ffoekat nuvsak naepon nenne asseehiavukla nesimäivel ajore ajosi neätläsis ,aajaavuk  
-ffoekat neiskuusianimo aj nedioigolonketiliibom nosatatnih nesillipyyt isyöl sumiktuT

oklem navelo neethus neiräämitnyym aj nejotnih netnilehupaktam ittyän äkes elleetsip  
nejyttetyäk assoisuuffid nedioitaavonni netsietnireP .allosataigolonket neniraaenil  

aj nedioigolonketiliibom navutlevos itsesiely niittetyän neidotemsumiktut  
 .neesimiktut nesimäivel neiskuusianimoetout

 tanasniavA -tenretnI ,suusianimoetout ,nilehupaktam ,nenimäivel ,oitaavonni nenigolonkeT
 allokotorp

 )utteniap( NBSI  2-6817-06-259-879  )fdp( NBSI  5-5817-06-259-879
 L-NSSI  4394-9971  )utteniap( NSSI  4394-9971  )fdp( NSSI  2494-9971

 akkiapusiakluJ  iknisleH  akkiaponiaP  iknisleH  isouV  6102
 äräämuviS  941  nru :NBSI:NRU/fi.nru//:ptth  5-5817-06-259-879





vii

Writing this dissertation has been a long journey, with help and support from 
wonderful people. First, I want to thank Professor Heikki Hämmäinen for the 
supervision and guidance throughout the work. Heikki gave me the chance to 
work in the research group, a lot of freedom to find my own path with the re-
search, and provided great insights about the telecommunications industry 
evolution.  

I am also grateful to the preliminary examiners, Professor Hitoshi Mitomo 
and Associate Professor Mark de Reuver, for having the time to review my dis-
sertation and providing such detailed feedback. I am also honored that Profes-
sor Gary Madden has devoted a lot of his time to act as the opponent. 

I have been lucky to have two great thesis advisors, Professor Juuso Töyli 
and Dr. Timo Smura. Thank you for the numerous sessions and meetings, co-
authoring the publications, and helping to improve the quality of the disserta-
tion. I would also like to thank the other co-authors: Dr. Antero Kivi and Dr. 
Tapio Levä. Antero had an invaluable contribution by first instructing my mas-
ter’s thesis, and then providing a great set of data, tools, and ideas for my PhD 
research. With Tapio, we had many fruitful discussions and debates especially 
in the later stages of the PhD studies. 

I am also grateful to many members of our research group Network Econom-
ics and the department of Communications and Networking. Docent Kalevi 
Kilkki, Dr. Juuso Karikoski, Dr. Henna Suomi, Dr. Tapio Soikkeli, Dr. Nan 
Zhang, Dr. Arturo Basaure, Dr. Michail Katsigiannis, Dr. Thomas Casey, 
Alexandr Vesselkov, Benjamin Finley, and Pekka Kekolahti, thank you for all 
the discussions and help during the years we shared at the university. Thanks 
also to Markus Peuhkuri, who helped with all the technical measurement set-
ups we had during my doctoral studies. 

During the dissertation work, I had the chance to get support and funding 
from different foundations and research projects. I am thankful to the Aalto 
University ETA faculty graduate school and the Future Internet Graduate 
School (FIGS) positions, as well as to all the members and partners of the 
MoMI, MoMI II, and MoMIE projects. I am also grateful to Tekniikan 
Edistämissäätiö, the Research and Training Foundation of TeliaSonera Fin-
land Oyj, the Nokia Foundation, and the HPY Research Foundation for the 
financial support.  

Last, I would like to thank my family. Without the support from the closest 
ones, a project like this would have never been possible. I am grateful to my 



viii 

parents, Aila and Raimo, for the never-ending trust and positive backing on all 
things related to life. I would also like to thank my sisters Nanna and Tiina, as 
well as all my friends for the time together outside the university environment. 
The biggest thank you goes to Emppu, my dearest one. Your love and endless 
support is what made this work possible. 
 
 
Helsinki, 23 November 2016 
Antti Riikonen 

 



ix

Acknowledgements ................................................................................. vii

List of Abbreviations and Symbols ......................................................... xi

List of Publications ................................................................................ xiii

Author’s Contribution ............................................................................. xv

1. Introduction ................................................................................... 1

1.1 Background ................................................................................. 1

1.2 Research questions and scope ................................................... 2

1.3 Definitions ................................................................................. 4

1.4 Structure of the dissertation ...................................................... 4

2. Theoretical background ................................................................ 5

2.1 Innovation-development process .............................................. 5

2.2 Diffusion of innovations ............................................................ 6

2.2.1 Definition and determinants of diffusion .............................. 6

2.2.2 Product life cycle .................................................................... 8

2.2.3 Replacement .......................................................................... 9

2.3 Modeling diffusion of innovations ........................................... 10

2.3.1 Basic diffusion models .......................................................... 10

2.3.2 Diffusion turning points ....................................................... 11

2.3.3 Replacement models ............................................................. 11

2.4 Research on the diffusion of mobile technologies ................... 12

3. Research methods and data ......................................................... 15

3.1 Research approach ................................................................... 15

3.2 Data collection .......................................................................... 16

3.2.1 Feature data .......................................................................... 17

3.2.2 Retail sales data .................................................................... 17

3.2.3 Installed base data ................................................................ 18

3.2.4 Usage data ............................................................................. 18

3.3 Analysis methods ...................................................................... 18

3.3.1 Diffusion model estimation .................................................. 19



x 

3.3.2 Diffusion turning point identification ................................. 20

3.3.3 Replacement model estimation ............................................ 21

3.3.4 Linear regression analysis ................................................... 22

4. Results ......................................................................................... 23

4.1 Mobile handset feature diffusion ............................................ 23

4.1.1 Diffusion model estimation ................................................. 23

4.1.2 Turning points of diffusion .................................................. 25

4.2 Mobile handset price and sales volume patterns .................... 27

4.2.1 Product category level .......................................................... 27

4.2.2 Product model level ............................................................. 27

4.2.3 Product feature level ............................................................ 29

4.3 Mobile handset replacement and unit lifetimes ..................... 33

4.3.1 Replacement model estimation ........................................... 33

4.3.2 Conceptual model and construct operationalization .......... 34

4.3.3 Hypothesis testing results .................................................... 35

4.4 Framework for measuring Internet protocol deployment ...... 37

4.4.1 Framework ........................................................................... 37

4.4.2 Application of the framework to the mobile market ............ 41

5. Conclusions and discussion ........................................................ 45

5.1 Summary and contributions .................................................... 45

5.2 Limitations ............................................................................... 50

5.3 Future research ........................................................................ 50

References ............................................................................................... 53

 
 

 



xi

AIC Akaike Information Criteria 

EDGE Enhanced Data rates for GSM Evolution 

FM Frequency Modulation 

GPRS General Packet Radio Service 

GPS Global Positioning System 

HTML Hypertext Mark-up Language 

HTTP Hypertext Transfer Protocol 

HSDPA High-Speed Downlink Packet Access 

HW Hardware 

IETF Internet Engineering Task Force 

IP Internet Protocol 

IPv4 Internet Protocol version 4 

IPv6 Internet Protocol version 6 

Java A computer programming language 

MMS Multimedia Messaging Service 

OLS Ordinary Least Squares 

OS Operating System 

RTP Real-Time Transport Protocol 

RTSP Real-Time Streaming Protocol 

SSE Sum of Squared Errors 

SSL Secure Sockets Layer 

SW Software 

TCP Transmission Control Protocol 

TLS Transport Layer Security 



xii 

UDP User Datagram Protocol 

WAP Wireless Application Protocol 

WLAN Wireless Local Area Network 

WCDMA Wideband Code Division Multiple Access 

WWW World Wide Web 

 

 Saturation level parameter of a diffusion model 

 First parameter of a diffusion model  

 Bass diffusion model 

 Second parameter of a diffusion model  

 Number of discards 

 Probability density function as function of unit lifetime  

 Cumulative probability density function as a function of unit life-
time  

 Gompertz diffusion model 

 Simple Logistic diffusion model 

 Handset model  

 Number of units in use  

 Unit sales volume  

 Time  

 Unit lifetime  

 Inflection point  

 Takeoff point  

 
 



xiii

This doctoral dissertation consists of a summary and of the following publica-
tions, which are referred to in the text by their numerals. 
 
 
 
 
1. Riikonen, Antti; Smura, Timo; Kivi, Antero; Töyli, Juuso. 2013. Diffusion of 
mobile handset features: Analysis of turning points and stages. Telecommuni-
cations Policy, volume 37, issues 6-7, pages 563-572. ISSN: 0308-5961. DOI: 
10.1016/j.telpol.2012.07.011. 

2. Riikonen, Antti; Smura, Timo; Töyli, Juuso. 2015. Price and sales volume 
patterns of mobile handsets and technologies. International Journal of Busi-
ness Data Communications and Networking (IJBDCN), volume 11, issue 2, 
pages 22-39. ISSN: 1548-0631. DOI: 10.4018/IJBDCN.2015070102. 

3. Riikonen, Antti; Smura, Timo; Töyli, Juuso. 2016. The effects of price, pop-
ularity, and technological sophistication on mobile handset replacement and 
unit lifetime. Technological Forecasting and Social Change, volume 103, pages 
313-323. ISSN: 0040-1625. DOI: 10.1016/j.techfore.2015.11.017. 

4. Levä, Tapio; Riikonen, Antti; Töyli, Juuso; Hämmäinen, Heikki. 2014. A 
framework for measuring the deployment of Internet protocols. International 
Journal of IT Standards and Standardization Research (IJITSR), volume 12, 
issue 1, pages 38-62. ISSN: 1539-3062. DOI: 10.4018/ijitsr.2014010103. 



xiv 



xv

Publication 1: Diffusion of mobile handset features: Analysis of turning 
points and stages 
 
The original idea for the publication was formed jointly with the author, 
Smura, Kivi, and Töyli. The author assembled the manuscript and was the 
main author of all Sections. The publication was edited together with Smura 
and Töyli, while Kivi provided comments. 

Publication 2: Price and sales volume patterns of mobile handsets 
 
The original idea for the publication was formed jointly with the author, 
Smura, and Töyli. The author collected the data, conducted the analysis, as-
sembled the manuscript, and was the main author of all Sections. The author 
edited the manuscript, while Smura and Töyli provided comments. 

Publication 3: The effects of price, popularity, and technological sophistica-
tion on mobile handset replacement and unit lifetime 
 
The original idea for the publication was formed jointly with the author, 
Smura, and Töyli. The author collected the data jointly with Smura, and con-
ducted the analysis. The author assembled the manuscript and was the main 
author of Sections 1, 2, 3, 5, and 6. Smura and the author edited the manu-
script together, while Töyli provided comments. 

Publication 4: A framework for measuring the deployment of Internet pro-
tocols 
 
The original idea for the publication was formed jointly with the author, Levä, 
and Hämmäinen. The author and Levä together developed the framework and 
applied it to the example market. The author was responsible for diffusion 
data collection and data analysis. The author was the main author of Sections 
3 and 5, and edited the rest of the sections together with Levä, while Töyli and 
Hämmäinen provided comments. 





Mobile handsets are one of the most widely used technology products globally. 
The first mobile handsets were introduced in the 1980s, and since then mobile 
devices have spread fast. There were an estimated 3.4 billion unique mobile 
subscribers (GSMA, 2014) and 6.7-6.9 billion mobile subscriptions globally in 
2013 (ITU, 2013; GSMA, 2014). Over the decades, the mobile handset has 
evolved from a basic phone to an advanced multi-purpose device with a high 
number of integrated technological innovations, such as touch-enabled dis-
plays, positioning chips, and fast packet data connectivity, enabling the use of 
different networks and services. Because mobile handsets converge several 
previously separate products, like cameras and maps, people’s time consump-
tion increasingly concentrates around mobile devices. Therefore, better under-
standing of the evolution of mobile handsets and the spread of mobile technol-
ogies is of interest for several industries and academia.  

Innovation diffusion literature studies how innovations spread in a market 
(Peres, Muller, & Mahajan, 2010). Traditional diffusion research often as-
sumes the adoption of an innovation to be a simple binary event, estimated by 
using, for example, product sales or subscription data of mobile handsets. Pre-
viously, literature (see, e.g., Rogers, 2003) has focused on the diffusion of new 
product categories, such as television or mobile phones, or product genera-
tions, such as black and white and color televisions. The diffusion of new 
products and generations has been shown to follow an s-shaped diffusion pat-
tern. Several studies have also provided explanations for that pattern, such as 
diffusion of information, as well as adopter, innovation, and market related 
characteristics. For example, price has been identified as an important deter-
minant of both sales and diffusion, especially in the early stages of diffusion 
(Peres et al., 2010), and studies have shown that a decreasing price pattern is 
relatively usual with new product categories (Bayus, 1992). 

With mature and fast-developing technology products, such as mobile hand-
sets, several challenges and opportunities arise in the context of innovation 
diffusion research. For example, the use of traditional data sources is difficult. 
In maturing markets an increasing share of unit sales consists of replacement 
purchases (Bayus, 1988). Traditional diffusion models (e.g., Bass, 1969) as-
sume all purchases to be first-purchases and, therefore, do not evaluate the 
replacement process in other terms than substitution from one generation to 
another. Therefore, modeling and estimating the replacement timing and unit 



2 

lifetimes becomes important (e.g., Islam & Meade, 2000). In addition, in ma-
ture technology product markets the manufacturers introduce new features 
into the products with a rapid pace to differentiate from competition and to 
stimulate device owners to upgrade their existing units. This poses challenges 
for defining distinct product generations, as the variety in available product 
feature combinations of the sold product models is high. Therefore, in the case 
of technology products, like mobile handsets, it becomes potentially beneficial 
to focus on the level of the product features. However, few empirical studies on 
replacement and product feature diffusion, especially in the case of mobile 
handsets, are available (Kivi, Smura, & Töyli, 2012).  

Mobile handset features are also a valuable research area due to their varying 
and complex nature. The features can take the form of hardware features, such 
as touch screen, or software, such as applications or Internet protocols. Hard-
ware features are often relatively simple factory-installed features, which can-
not be notably upgraded or updated once acquired. However, many features 
are enablers or platforms for other features or applications. For example, 
touch screen enables the consumption of higher-quality video or new type of 
games, and Internet protocols provide the basic means to communicate be-
tween the device and the network, enabling many services and applications on 
top of that connection. 

Research on product feature diffusion benefits the academia by providing 
means to better understand how new complex technology products evolve and 
technologies spread into use. In addition, research on the diffusion of hard-
ware and software features provides tools for practitioners from device ven-
dors to application and protocol developers to do better product planning and 
development decisions. In this dissertation, a holistic viewpoint on technology 
diffusion was taken, to provide quantitative empirical evidence on how these 
new technologies spread, and to conceptualize the complex process and its 
measurement. For this purpose, three selected research questions are studied:  
 

RQ1. What are the diffusion patterns of mobile handset features? 
 

RQ2. What is the relationship between mobile handset features, prices, and 
sales volumes, and their effect on handset replacement? 
 

RQ3. How to measure the deployment and diffusion of mobile handset fea-
tures? 

 
The scope of the research includes the product category of mobile handsets. 

All research questions are approached by using empirical time series data on 
mobile handset retail sales, installed base, usage, and features. Research ques-
tion 3 combines methodological and theoretical contributions by also concep-
tualizing measurement methods and their suitability for different purposes. 
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For the research question 3, Internet protocols were selected as an extreme 
example of complex technologies, also linking  devices and networks.  

Figure 1 shows the linkages between the research questions and the publica-
tions. The arrows indicate how the results of each article were further utilized 
in other publications. For example, the results of Publication 1 were important 
input for building the framework in Publication 4. Dashed arrow from Publica-
tion 3 to 4 indicates a weaker contribution. Analysis of the installed base pro-
vides understanding of the mobile handset feature diffusion patterns for RQ1 
(Publication 1). Then, research question 2 is answered by studying, first, hand-
set sales volume and price patterns (Publication 2), and then correlating sales 
and installed base datasets (Publication 3) to enable detailed analysis on the 
replacement process. Last, based on the accumulated experiences of the data 
collection efforts and previous analyses, a conceptual framework is developed 
and illustrated for Internet protocol diffusion to answer RQ3 (Publication 4). 

 

 

Four types of research data were collected from Finland over the period of 
2003 to 2012. These include feature data on the technologies integrated to 
mobile handsets, retail sales data on mobile handset sales volumes and prices, 
installed base data on mobile handsets in use, and usage data on the share of 
population using different mobile features and services. 

The Finnish market is an interesting one to study in the context of this dis-
seration. The use of mobile phones, as well as the quality and coverage of mo-
bile networks in Finland has been traditionally high, representing an early 
example for emerging markets. The Finnish market also has some peculiari-
ties. During the research period, Nokia was a very popular handset manufac-
turer in the market, being based in Finland, which could mean that the profile 
of devices in use in Finland is to some extent different from many other mar-
kets. In addition, a large share of mobile handsets in Finland are purchased 
separately from mobile subscriptions, and bundling of devices and subscrip-
tions was even prohibited before 2006. This means that consumers have a 
good visibility and understanding on the actual price of the device, as opposed 
to purchasing a bundle of mobile subscription and the device for a combined 
monthly fee.  
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To further position the research, key terms are defined in an alphabetical order 
as follows: 

Deployment: a process during which an innovation advances from a speci-
fication into actual use by the potential population of users. The difference 
between deployment and diffusion is that deployment includes also the im-
plementation and commercialization steps before the actual diffusion of an 
innovation.  

Diffusion: a process during which an innovation spreads within a popula-
tion of potential users. This dissertation focuses on human users as the main 
unit of adopters. 

Internet protocol: a communication protocol used in the Internet, and in 
the scope of this dissertation, by mobile handsets. Therefore, Internet proto-
cols are also mobile technologies.  

Mobile handset: a wireless and pocket-sized device capable of voice calling 
via cellular network connectivity. The term “mobile handset” refers to both 
traditional mobile phones capable of only voice calling and text messaging, as 
well as to more advanced smartphones with a computer-like operating system. 

Mobile technology: a technology integrated into a mobile handset. Re-
ferred to also as “mobile handset feature”.  

Replacement: a process during which the existing units of a product in use 
are discarded and replaced with newer ones. 

Unit lifetime: the time that a single unit of a product remains in use. 

The structure of the summary part is as follows. Section 2 provides a litera-
ture review by introducing the theoretical background of the dissertation. In 
Section 3 the research approach, collected datasets, and selected methods are 
described. Section 4 summarizes the research results. The dissertation closes 
in Section 5 with a discussion of the main contributions and implications, as 
well as the limitations and future research suggestions. The publications are 
included as appendices. 
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This section presents a selective review of innovation diffusion and related 
literature, forming the theoretical background of the dissertation. Rogers 
(2003, original work published 1962) wrote one of the most cited books on the 
multidisciplinary area of innovation diffusion, summarizing many important 
concepts. After the seminal works by Rogers, Mansfield (1961), and Bass 
(1969) among others, the area has been widely researched especially in social 
sciences, such as economics, marketing, management, and sociology.  

According to Rogers (2003), an innovation is generally “an idea, practice, or 
object that is perceived as new to an individual or another unit of adoption”. 
Following this definition technological innovations are simply innovations that 
consist of new technology, hardware and software. As technological innova-
tions are usually commercialized as products, the term “new product” is also 
often used in the innovation diffusion literature (e.g., Peres et al., 2010). 

Technological innovations require several activities before they can be taken 
into use by the adopters. Rogers (2003) calls this process as innovation-
development process, and divides it into six high-level steps: 1) need recogni-
tion, 2) research, 3) development, 4) commercialization, 5) diffusion and 
adoption, and 6) consequences. First, recognition of a specific problem or need 
for the end users leads to the research and development activities. Then, in 
step three the developed innovation is commercialized, meaning that the de-
veloped invention is transformed into a product, product component, or ser-
vice that is available for customers to purchase in a market. During the diffu-
sion and adoption step the innovation is acquired and adopted by the potential 
market and, therefore, spreads into use. Last, in the consequences step the 
adoption (or rejection) decision is re-evaluated, leading to possible changes in 
the individuals or the social system. According to Rogers, the process can vary 
in terms of order and overlap of the steps, depending on the innovation. Other 
closely related process definitions have also been suggested in previous litera-
ture (e.g., Tornatzky, Fleischer, & Chakrabarti, 1990; Gopalakrishnan & 
Damanpour, 1997). Different definitions cover roughly the same high-level 
activities, but might have differences in the details depending on, for instance, 
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whether the process is linear or more complex with parallel activities, the unit 
of adoption, and type of innovation. 

To better understand the nature of the whole process, different categoriza-
tions of innovation have been proposed. For example, separations have been 
suggested between product and process innovations, incremental and radical 
innovations, as well as administrative and technical innovations (Gopalakrish-
nan & Damanpour, 1997). Especially the characteristics related to the newness 
of the innovation are important in many of the categorizations. The newness of 
an innovation has been identified, for example, based on newness to the cus-
tomer, newness to the market, and newness to the world among others (Garcia 
& Calantone, 2002). The higher the newness of an innovation is, the more dis-
continuous or extreme change it has on the industry, market, or technology.  

The development of new innovations and the consequent diffusion is mainly 
determined by interplay between providers and end users in terms of technol-
ogy-push and demand-pull (Zmud, 1984). However, the importance of these 
two forces fluctuates over time (Prescott & Van Slyke, 1997; van den Ende and 
Dolfsma, 2005). In addition to technology providers, also governments can be 
active in pushing technologies to the market by using regulations (Carter Jr., 
Jambulingam, Gupta, & Melone, 2001). 

Different streams of literature focus on a specific part of this process. For ex-
ample, research on the commercialization step is often related to the competi-
tive strategies of the innovation providers. Examples of competitive producer 
decisions include ones related to standards (Besen and Farrell, 1994), product 
versioning (Shapiro & Varian, 1998), product bundling (Bakos & Brynjolfsson, 
1999), and pricing (Lehman & Buxmann, 2009). From the diffusion and adop-
tion step, research focuses either on micro-level innovation adoption or on the 
macro-level phenomenon of innovation diffusion. The individual’s innovation 
adoption decision process can be roughly divided into pre-adoption, adoption, 
and post-adoption phases. Rogers (2003) calls this process an innovation deci-
sion-process, consisting of five different stages, during which an individual 
first gains knowledge of the innovation, then generates an opinion of the inno-
vation and which leads to an adoption or rejection, implementation, as well as 
re-evaluation of the made decision. Classical diffusion research, on the other 
hand, is interested in the system level phenomenon, that is, the rate of adop-
tions in the market. In this dissertation, the focus is on this system level diffu-
sion, which is introduced next. 

2.2.1 Definition and determinants of diffusion 

Rogers (2003) defines innovation diffusion as a process during which the in-
novation “is communicated through certain channels over time among the 
members of a social system”. The research traditionally sees adoption as a 
simple binary event, and the target is to estimate the spread of the innovation 
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over time by using, for instance, data on the number of purchases (e.g. Bass, 
1969, Mahajan et al., 1990, Meade & Islam, 2006).  

The diffusion, that is, number of cumulative innovation adoptions over time, 
usually forms an s-shaped curve (Rogers, 2003): initial low diffusion turns 
into fast growth and then slows down again when the innovation is nearing 
saturation, that is, the market potential. From the viewpoint of noncumulative 
adoption rate, the frequency distribution of adoptions follows a bell-shaped 
curve. However, also other patterns than the basic s-curve, or systematic devi-
ation from the s-curve during specific phases of innovation diffusion, have 
been identified in the literature. An example of such deviation is the saddle 
(Goldenberg, Libai, & Muller, 2002), which is a pattern of decreased sales after 
an initial peak and before the actual larger growth in adoptions takes place. 

The s-shaped diffusion pattern is explained by different factors in literature, 
including diffusion of information, adopter characteristics, innovation charac-
teristics, and the environment. First, according to Bass (1969), the diffusion of 
information consists of two main sources: advertising and interpersonal com-
munication between the members of the social system. Other types of social 
interdependencies have also been suggested in literature, such as social signals 
inferred from adopters and network externalities (Peres et al., 2010). Exam-
ples of social signals are status and group identity, which do not necessarily 
require communication between the members. Network externalities, or ef-
fects, are present when the value of an innovation increases as the number of 
adopters increases (Shapiro & Varian, 1999). Innovations with network exter-
nalities usually experience slow diffusion before a certain number of users are 
reached, after which the diffusion becomes self-sustaining (Rogers, 2003). For 
example, with communications services, such as text messaging, the value of 
the service is initially low due to small number of users, but increases fast after 
the most important communications partners adopt the service. This point is 
called by different overlapping terms in different streams of literature, such as 
the critical mass (Markus, 1987), the tipping point (Gladwell, 2000), and the 
takeoff point (Golder & Tellis, 1997).  

Second, adopter characteristics, such as the innovativeness of adopters, have 
also been used to explain the s-shaped diffusion pattern. Rogers (2003) di-
vides adopters into five adopter categories with varying “degree to which an 
individual (or other unit of adoption) is relatively earlier in adopting new ideas 
than other members of the social system”. From high to low innovativeness, 
the categories are named as innovators, early adopters, early majority, and 
laggards. The categorization of Rogers based on normal distribution has, how-
ever, been criticized as too simplistic for many innovations (e.g., Mahajan, 
Muller, & Bass, 1990; Mahajan, Muller, & Srivastava, 1990). Further, between 
consequent generations of products, for example, leapfrogging (Goldenberg & 
Oreg, 2007) can take place. Leapfrogging means that by skipping one genera-
tion, the laggards often become innovators in the next one by adopting early.  

Third, characteristics of the innovation itself have also an impact on the dif-
fusion. Rogers (2003) divides innovation attributes into five categories, con-
sisting of relative advantage, compatibility, complexity, trialability, and ob-
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servability, all affecting how adopters experience the innovation, therefore, 
directly affecting the diffusion rate. Last, the environment where the innova-
tion spreads, and its characteristics, can influence the diffusion. For instance, 
cultural factors have previously been linked with innovation diffusion (Tellis, 
Stremersch, & Yin, 2003).  

For relatively simple consumer goods the assumption of binary adoption is 
true: the adopter either adopts or rejects the innovation after he or she has 
gained enough understanding of it. However, with complex technological in-
novations the assumption is not always valid (Shih & Venkatesh, 2004), mean-
ing that the adoption decision and usage of the innovation become more con-
tinuous. For instance, a gap may emerge between the number of purchases, 
that is, “adoptions”, and the number of users. In other words, there are a nota-
ble number of individuals who acquire the innovation but do not take it into 
use. This gap was empirically identified in the information systems literature 
related to innovation adoption and implementation in organizations (e.g., 
Cooper & Zmud, 1990; Liker, Fleischer, & Arnsdorf, 1992), and is called the 
assimilation gap (Fichman & Kemerer, 1999).  

To extend the traditional innovation diffusion literature, a stream of research 
has focused on the extending the binary adoption assumption to encompass 
different aspects of usage in relation to diffusion. Shih & Venkatesh (2004) 
used two constructs, variety and rate of use, to measure the use of technology 
products. According Shish & Venkatesh (2004), the nature of use evolves over 
the course of diffusion, leading to continuous use or disadoption. The usage 
patterns of the existing product can also affect the adoption of an upgraded or 
next generation version of the product, therefore, increasing the importance to 
study also the usage patterns in diffusion literature.  

2.2.2 Product life cycle 

Product life cycle (PLC) is a concept used especially in marketing and man-
agement literature (Golder & Tellis, 2004; Hauser et al., 2006) with a direct 
linkage to innovation diffusion. Bayus (1994) has defined the product life cycle 
concept generally as the “description of the evolution of unit sales over the 
entire lifetime of a product”. Product life cycle research divides the innovation 
lifecycle into four generic phases of introduction, growth, maturity, and de-
cline, which, assuming all purchases as first-purchases, are relatively closely 
aligned with the ones used in diffusion research. Several studies on product 
life cycles have focused on identifying the turning points, especially the takeoff 
of products. The takeoff can be identified as the discontinuous sudden increase 
in sales, which follows the period with low or slowly increasing sales after the 
introduction (Golder & Tellis, 1997; Agarwal & Bayus, 2002; Tellis, 
Stremersch, & Yin, 2003).  

Furthermore, the evolution of prices over the lifecycle of products has been 
extensively studied, as prices are important determinants of product life cycle 
sales volume patterns (Golder & Tellis, 1997) and diffusion (Horsky, 1990). 
Generally, prices and price patterns are determined by factors such as compe-
tition, consumer valuations, consumer heterogeneity, costs, and market satu-
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ration over time (Hernández-Mireles, 2010). Increased competition usually 
forces companies to decrease prices to protect their market share (Álvarez et 
al., 2006). Even without changes in competition, the experience curve effect, 
which includes learning, technological improvements, and economies of scale 
(Day & Montgomery, 1983), also enable a decreasing pattern by decreasing 
costs. Different adopter groups also have heterogeneous willingness to pay, 
which enables to use of price skimming by the producer. Therefore, theoretical 
research on optimal pricing often supports a decreasing pattern (e.g., Bayus, 
1994b). Diffusion research also argues that often the price sensitivity of inno-
vators and early adopters is lower than that of the other adopter categories 
(Goldsmith & Newell, 1997), supporting the decreasing pattern. However, in 
markets with indirect network effects between software and hardware, pene-
tration pricing might be a better alternative to enable an initial buildup of the 
installed base of hardware devices when there is little software available 
(Clements & Ohashi, 2005). 

Empirical studies on price patterns both model prices directly and include 
price as an explanatory variable in diffusion models. Several studies have 
shown that prices - and other marketing mix variables - have an impact on the 
product category level diffusion (e.g., Simon, 1979; Clements & Ohashi, 2005; 
Chintaguinta et al., 2009). In addition, depending on the product category and 
level of analysis, prices have been found to change gradually or with more 
sudden drops or increases. Golder & Tellis (1997) identified prices at takeoff 
for products introduced between the Second World War and 1990, showing 
that prices dropped on average to 63% of the introduction price at takeoff. 
Hernández-Mireles (2010) modeled price patterns of video games, and found 
that prices of individual games often experience sudden price decreases at 
some point during their lifecycle. 

2.2.3 Replacement 

When a technology or product matures, an increasing share of sales starts to 
shift from first-purchases, that is, people buying their first unit of the product, 
to replacement purchases, which mean that the buyer replaces the existing 
unit with a new one. Therefore, the phenomenon of replacements is important 
also from the viewpoint of innovation diffusion. 

The owners of the existing units replace or upgrade the products for different 
reasons often other than breaking or wear and tear (Bayus, 1991). For exam-
ple, manufacturers innovate improved versions or new product features so 
that there would be benefits from an upgrade for the owners of existing prod-
ucts (Okada, 2006). Therefore, in addition to durability, factors such as price 
(Bayus, 1988) and quality (Prince, 2009) have been linked with replacement 
cycles in empirical research. However, often the price and quality of a product 
are highly correlated and, for instance, Prince (2009) used price directly as a 
proxy for product quality. On the other hand, the effect of time has contrasting 
results by previous research. The lifetimes of products are often assumed to 
decrease due to the higher pace of innovation, supported, for example, by re-
sults of Gordon (2009) for personal computers, but also contrasting findings 
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have been made. For example, Bayus (1988) and Kivi et al. (2012) identified 
relatively stable lifetimes over time for the studied products.  

Mathematical diffusion models can be estimated on the aggregate data on in-
novation penetration to parameterize diffusion. Previous research has suggest-
ed several methods for modeling innovation diffusion, but there are no gener-
ally accepted rules for the selection of the method (Meade & Islam, 2006).  

2.3.1 Basic diffusion models 

Geroski (2000) divides mathematical diffusion models into epidemic models 
and probit models. Epidemic models assume that information diffusion drives 
the diffusion process. In so-called common source models, there is a single 
information source, which is usually assumed to reach a certain share of non-
users per time period. The shape of the diffusion curve, therefore, depends on 
what the share of non-users reached per period is, but generally leads to an 
exponential pattern. However, technological innovations often have an initial 
period of slow diffusion that cannot be modeled with an exponential function. 
The shape can be reached with so-called word-of-mouth models, for which the 
information source is the population of users that have already adopted the 
innovation (e.g., Mansfield, 1961). They assume that an existing user of the 
innovation reaches out to a non-user with a certain probability, forming a 
symmetric s-shaped curve. This means that the diffusion rate is slow when the 
population of users is small in the beginning, then gets maximized in the mid-
dle when user and non-user population are equally sized, and then starts to 
slow down again when the population of non-users gets small and are difficult 
to find. Because both sources of information exist in the real world, they have 
been combined into mixed information source models. Depending on the as-
sumptions of the models, the form can become asymmetric in the sense that 
the maximum diffusion rate comes earlier and the slowing end part of the dif-
fusion curve becomes longer.  

The Bass model (Bass, 1969) is one of the most well-known examples of an 
epidemic model, including both the effect of a common source, that is, adver-
tising, and the effect of word-of-mouth. The Bass model has also been further 
modified in literature to include, for example, price or other marketing mix 
variables as determinants (e.g., Kalish, 1985; Horsky, 1990). Many other 
growth models have also been used when parameterizing diffusion, such as the 
Gompertz function (Gompertz, 1825), different variants of the logistic function 
(e.g., Bewley & Fiebig, 1988) and the Fisher-Pry model (Fisher & Pry, 1972). 
Further, Geroski (2000) identifies another type of diffusion models called pro-
bit models. Probit models, also called choice based models, are used more in 
economics and seek to explain the penetration of the innovation as a function 
of the characteristics of the individual adopters. Detailed reviews of different 
diffusion model types and mathematical forms are provided, for example, in 
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Kumar and Kumar (1992), Geroski (2000), as well as in Meade and Islam 
(2006). 

2.3.2 Diffusion turning points 

Turning points between stages of diffusion are often identified to further ana-
lyze the characteristics of diffusion and product or technology lifecycles. Simi-
larly to diffusion models, the choice and identification of these turning points 
depend on the data and used diffusion model. Therefore, there are no general-
ly accepted definitions for the turning points, and several methods have been 
suggested in the literature. 

The introduction or start of sales is usually identified directly from the data, 
when the penetration of the innovation exceeds zero, or from secondary 
sources informing the data when the innovation was made commercially avail-
able. Some authors also make a distinction between the introduction (e.g., at 
an exhibition or by a press release), and the actual start of sales when custom-
ers can purchase the product (e.g., Kivi et al., 2012). Next, takeoff is the point 
in time when the diffusion rate experiences fast growth. With s-shaped diffu-
sion models this is often identified as the point when the growth rate of adop-
tions is highest (e.g., Lim et al., 2003). However, also other definitions have 
been suggested. For example, in product life cycle literature, which focuses on 
the unit sales of new products, the takeoff is identified based on sudden in-
creases in sales after the introduction. For instance, Golder & Tellis (1997) 
compared several methods for identifying takeoff from sales data, and devel-
oped a practical threshold rule for the percentage growth in sales of product 
categories, based on visual inspection, which has later also been used at least 
in Tellis et al. (2003) and Foster, Golder, & Tellis (2003). Agarwal & Bayus 
(2002) used a generalized version of discriminant analysis to identify the sales 
data points that could not be visually interpreted to belong to the pre-takeoff 
or post-takeoff period. Therefore, when using sales data, the identification 
often relies on identifying the discontinuities, whereas with diffusion models 
the definition relies on the point of maximum growth.  

2.3.3 Replacement models 

The traditional diffusion models, such as the Bass model (Bass, 1969), assume 
that all the purchases of an innovation or a new product are first-purchases, 
that is, lead to a new adoption. Because a large share of sales in mature mar-
kets consist of replacement purchases, the use of these traditional models es-
pecially for explanatory purposes is difficult. For this purpose, Olson & Choi 
(1985) divided product sales into first-purchases, that is, adoptions, and re-
placement purchases, and used Rayleigh distribution as the density function 
for product unit lifetime in their diffusion model. Other distributions have also 
been used in literature. Kamakura & Ealasubramanian (1987) used the trun-
cated normal distribution by and Islam & Meade (2000) the Gamma distribu-
tion. The previously mentioned models assume that the replacement time re-
mains static over the product life cycle. To overcome this restriction, also time-
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varying replacement models have been proposed in the literature (Steffens, 
2001). Most previous research on replacement has focused on product catego-
ries, and studies of product model level replacement or other sub-segments of 
product categories are rare (Gordon, 2009; Kivi et al., 2012).  

The area of telecommunications and mobile technologies has gained wide in-
terest in the innovation diffusion research. Several studies have modeled and 
explained the diffusion of mobile telephony as a product category (e.g., 
Gruber, 2001; Islam et al., 2002; Frank, 2004; Botelho & Pinto, 2004; Rou-
vinen, 2006; Chu et al., 2009; Gamboa & Otero, 2009; Gupta & Jain, 2012; 
Mir & Dangerfield, 2013; Yamakawa et al., 2013). In addition, generational 
studies have analyzed the substitution between analog, second generation, and 
third generation mobile access technologies (e.g., Michalakelis, 2010). More 
recently, some studies have also defined smartphones as a new product cate-
gory or generation (Lee & Lee, 2014), and the s-shaped diffusion curve has 
been identified for various mobile services and content (Liu et al., 2014).  

Research in complementing areas of mobile technology diffusion has fo-
cused, for example, fixed-to-mobile substitution for Internet connectivity 
(Grzybowski, 2014), and multiple subscriptions (Annafari, 2012; Annafari & 
Bohlin, 2014). Further, some studies have explored the evolution of innovation 
in the mobile market by trying to identify dominant designs for mobile phones 
(Koski & Kretschmer, 2007) and smartphones (Cecere et al., 2015). Even 
though certain patterns in innovation have been identified related to dynamics 
between the incremental improvement of existing features and introduction of 
totally new features, these studies have not been able to identify specific domi-
nant designs. This highlights the differentiation in the mobile handset market, 
visible in the high number and variety of product features included in different 
handset models.  

To better understand how technologies spread in the mobile handset market 
and to explain the diffusion of the product category, some studies have focused 
on the diffusion of mobile handset features. Nair et al. (2004) used infor-
mation on hardware and software features to model brand-level diffusion pat-
terns of personal digital assistants (PDAs). Riikonen, Juntunen, & Smura 
(2011) analyzed the diffusion of two emerging technologies used in mobile 
handsets, namely GPS and NFC, and identified reasons for the diffusion pat-
terns, and Kivi, Smura, & Töyli (2009) fitted diffusion models to data on mo-
bile handset feature penetrations. Kivi et al. (2012) developed a forecasting 
approach, which divides the product category evolution into product category 
diffusion, product replacement process, and the product feature dissemination 
among the installed base of devices. They applied the approach to data on the 
Finnish mobile market, and illustrated how it can be used for evaluating the 
diffusion of mobile handset features with different scenarios related to supply-
decisions. The study emphasized that supply-driven decisions have a major 
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impact on which features are included in handsets on sale and therefore, on 
the diffusion patterns of the features.  

The smaller role of mobile handset features on the demand side is also sup-
ported by research on product choice. The main factors in a mobile handset 
purchase decisions have been identified to include, for example, price and 
properties, brand, prior experience and size (Karjaluoto et al., 2005; Liu, 
2002; Riquelme, 2001). In these studies, the importance of a single specific 
handset feature is generally small, indicating that there could be a notable gap 
between the number of device owners and the actual users of those features.  

Internet protocols are a special example of mobile handset features, which 
are especially dependent on the supply-side. Because of protocols are embed-
ded in applications, operating systems, or devices, the impact of them on the 
end users’ decision making is low (Warma, Levä, Tripp, Ford, & Kostopoulos, 
2011), and the distributed and loosely regulated nature of control in the Inter-
net means that several stakeholders are required for successful diffusion of 
protocols into use (Clark et al., 2005). Because of these reasons, authors have 
asked for more comprehensive diffusion studies, which consider the whole 
process from development to end user adoption (Lyytinen and Damsgaard, 
2001) called protocol deployment (Levä & Suomi, 2013).  

In conclusion, literature on diffusion and growth models related to mobile 
telephony is rich. However, empirical research on the diffusion of individual 
mobile handset features is rare, and in the case of Internet protocols the focus 
has been only on the diffusion rate, without expanding the analysis to the 
whole deployment process. 
 

 



 14 

 



 15 

This section first introduces the general research approach. Then, the collected 
datasets and analysis methods are described. 

According to Järvinen (2004), building on research by March & Smith (1995), 
research approaches can be divided into mathematical approaches, which do 
not have a linkage to real-world objects, and approaches studying reality. Ap-
proaches studying reality can further be divided into two classes; those that 
study the utility of human-made artifacts and those that focus on studying 
what the reality is. Approaches studying reality can further be divided into 
artifacts-building and artifacts-evaluating, theory-testing and theory-creating, 
as well as conceptual-analytical approaches. Artifacts-building and artifacts-
evaluating approaches stress the utility of artifacts by studying whether it is 
possible to build them for specific purposes, or to test the effectiveness of ex-
isting ones, respectively. Theory-testing and theory-creating are empirical ap-
proaches, focusing on creating new theories based on collected data or testing 
existing models and frameworks. Last, conceptual-analytical approaches focus 
on theoretical development either by making specific assumptions and prem-
ises to see what kind of theories could be derived, or by using theories and 
frameworks of prior studies, which are then integrated by using logical reason-
ing. 

Using the taxonomy by Järvinen (2004), the research approaches used in 
this dissertation include both conceptual-analytical approaches and theory-
testing approaches. Publications 1, 2, and 3 use the theory-testing and to some 
extent theory-creating approaches, whereas Publication 4 uses the conceptual-
analytical approach. These empirical approaches and conceptualizations are 
applied to the theoretical area of diffusion of innovations (Rogers, 2003; Peres 
et al., 2010), and in more detail, to the domain area of mobile handsets and 
mobile technologies. The research approaches are implemented using quanti-
tative analysis methods, as well as data triangulation in terms of collecting 
several complementing datasets from different viewpoints of mobile technolo-
gy diffusion. The data collection and the selected analysis methods are de-
scribed in the following subsections.  
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Traditional diffusion research relies on sales data collected directly from the 
product retailers by third parties, such as market research companies. Howev-
er, with mobile handsets and services there are several additional measure-
ment points available. According to Smura, Kivi, & Töyli (2009) the main 
technical components of mobile service systems include devices, applications, 
network and content. These components can be measured using four main 
measurement points, namely end-users (e.g., Bouwman et al., 2007), usage 
monitoring systems (e.g., Verkasalo & Hämmäinen, 2007), network nodes 
(e.g., Riikonen, 2009; Kitahara, Riikonen, & Hämmäinen, 2010), and web 
servers. For this dissertation, data collected from retailers, end users, network 
nodes, and public sources were used. The main datasets were collected in co-
operation with industry partners, forming a comprehensive view on the diffu-
sion of mobile technologies in the Finnish mobile market.  

Table 1 describes the data sources, research datasets, and their linkage to the 
publications. In total four separate datasets were collected: feature data, retail 
sales data, installed base data, and usage data. The datasets collected from 
different sources were partly in different formats. Therefore, the initial data 
processing harmonized all datasets (except usage data), including the handset 
model names used by different sources, and they were then mapped together 
based on the requirements of each individual research publication.  

 
Variety of data sources were used also to ensure the quality of the data used 

for this research. For example, sales, installed base, and usage data, as well as 
data collected for other research purposes were compared to ensure the quali-
ty. These supporting sources include network traffic data (see, e.g., Soikkeli & 
Riikonen, 2015), as well as available reports from the regulator and industry 
stakeholders among others. Quality checks to each dataset revealed some dif-
ferences or erroneous data points. In cases where better ground truth data was 
available (e.g. on launch date of a specific handset model) direct corrections 
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were made to the data. If no ground truth data were found, handset models 
with erroneous data points were removed from the final research data.  

3.2.1 Feature data 

Feature data were collected from two main sources: manually from public 
sources, such as device manufacturer websites and device description reposi-
tories, as well as from market research company GfK. The data were collected 
for handset models in use and sold in Finland between 2003 and 2013. The 
information collected from the different sources were then manually combined 
and checked to provide information on the technical features of each mobile 
handset model. The data covers three types of features: hardware features, 
software features, and Internet protocols. The features were selected to repre-
sent a wide variety of feature types and the main functionalities of the mobile 
handset during the study period. 

In total, information on 13 integrated hardware and seven pre-installed soft-
ware features of mobile handsets were collected. The integrated hardware fea-
tures included mobile data connectivity features (GPRS, EDGE, WCDMA, 
HSDPA), features related to input and output methods (Camera, Dual camera, 
Color display, Touch display, Multi touch display), and four other hardware 
features (Bluetooth, GPS, FM receiver). The software features covered areas 
related to messaging (MMS, Email), web browsing (WAP, HTML, Full WWW 
browser), and application platform related features (Smartphone OS, Java)  

Furthermore, information on 11 pre-installed Internet protocols of mobile 
handsets was collected, covering several layers of the Internet Protocol Suite. 
From lower to higher layers, the protocols include one network layer protocol 
(IPV4), two transport layer protocols (TCP and UDP), one presentation layer 
protocol (TLS), and application layer protocols for email (SMTP, IMAP4, 
POP3, bundled as EMAIL), web browsing (HTTP), video streaming (RTSP, 
RTP), and voice over IP (SIP).  

Feature data were collected using several sources, which were compared 
against each other. In addition, one can also infer whether it is possible to have 
a certain feature based on other features of the device. For example, a mobile 
handset cannot have MMS feature without any packet data network access 
technology. After data collection, such cross-checks were made to ensure the 
quality of the data. 

3.2.2 Retail sales data 

Retail sales data on mobile handset unit sales volumes and mean retail prices 
were obtained from GfK. The data were collected monthly on a mobile handset 
model level for the period of January 2003 to September 2012. The market 
coverage of the data varied between 70% and 90% over the study period.  

The unit sales volumes in retail sales data were scaled to full market cover-
age by using quarterly total retail unit sales volume of the Finnish market. This 
total retail unit sales volume was obtained from public market reports by KO-
TEK, the collaboration forum of the Finnish consumer electronics and appli-
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ance industry. Further, the mean retail prices were adjusted to inflation for 
Publication 2.  

3.2.3 Installed base data 

Installed base data on mobile devices in use in mobile networks were obtained 
from all three Finnish mobile network operators in the context of research 
collaboration and several projects. The data were collected annually on a de-
vice model level from each operator for the period of September 2005 to Sep-
tember 2012 (Riikonen & Smura, 2013). The device model names of the opera-
tor specific datasets were first manually harmonized, and then the datasets 
were aggregated to form comprehensive market data of the devices in use in 
Finnish mobile networks. Last, as several types of devices are active in mobile 
networks, mobile handsets were separated for the research based on device 
model and manufacturer information. The coverage of the final dataset was 
between 80% and 98% of the handset base in Finland over the study period.  

3.2.4 Usage data 

Usage data on the share of Finnish population using mobile services were ob-
tained from Ficora, the Finnish Communications Regulatory Authority. Ficora 
(2012) collected the data annually for the period of 2006 to 2012 from repre-
sentative samples of 15-79-year-old Finns. The annual sample sizes increased 
over time from 1500 to 3000. The results were weighted to represent the 15-
79-year-old population in terms of gender, age, and geographical region.  

The collected datasets were analyzed by using several methods depicted in 
Table 2. The methods include mathematical diffusion model estimation and 
identification of diffusion turning points, mobile handset model replacement 
and unit lifetime estimation, as well as linear regression analysis for the de-
terminants of unit lifetimes and associations between mobile handset feature 
prices and market shares. Further, a conceptual framework for measuring In-
ternet protocol deployment was developed in this dissertation and it is de-
scribed in the results in Section 4.4.  
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3.3.1 Diffusion model estimation 

Mathematical diffusion models were estimated for historical and, in some cas-
es, future diffusion of mobile handset features. This required, first, mapping 
installed base data and feature data together and calculating annual penetra-
tion of each feature among the installed base of mobile handsets. Then, the 
selected mathematical diffusion models were fitted to these feature penetra-
tion data points. The analysis enabled finding the most suitable models to be 
used in feature diffusion studies, as well as systematic comparison of the diffu-
sion patterns of different features. 

Because several diffusion models have been suggested in previous literature 
(Kumar & Kumar, 1992; Meade & Islam, 1998) and no commonly accepted 
criteria exists for model selection, three widely used models were selected for 
testing: the simple Logistic model (Verhulst, 1845), the extended logistic mod-
el, that is, the Bass model (Bass, 1969; Meade & Islam, 2006), and the Gom-
pertz model (Gompertz, 1825). The cumulative forms Y(t) of the three models 
read 

 (1) 

 (2) 

(3) 
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where  is the saturation level,  and  are the model parameters, and  is the 
time variable. Equations 1, 2, and 3 refer to the Gompertz model , the simple 
Logistic model , and the Bass model , respectively. 

Two types of estimations were conducted. Three-parameter estimations ( , 
, and ) were fitted when sufficient data on the saturation level was available. 

Two-parameter estimations (  and ) were fitted for features with data only 
from initial diffusion, and the saturation level was taken as the average of the 
estimated  of the three-parameter models.  

3.3.2 Diffusion turning point identification 

Different methods were used for the identification of handset feature diffusion 
turning points. The identification was conducted for the estimated diffusion 
models of subsection 3.2.1, that is, for the installed base data, as well as direct-
ly for the raw retail sales data. This enabled systematic analysis and compari-
son of the diffusion patterns of different handset features, and provided un-
derstanding on the suitability of the different datasets and methods for mobile 
handset features.  

Three turning points of diffusion were identified, namely the start of sales, 
the takeoff point, and the inflection point. The start of sales is the point in time 
when the first unit of a specific product, or a product with a specific feature, is 
sold in the studied market. Then, the takeoff point is the point in time when 
the initial low sales turn into fast growth. The inflection point refers to the 
time when the increasing growth in adoptions or sales turns in to decreasing 
growth, that is, when the number of adoptions is at its highest. Two stages of 
diffusion were identified between the three turning points. The introduction 
stage was calculated as the time from the start of sales to the takeoff point, and 
the growth stage was identified from the takeoff point to the inflection point. 

Two rules for turning point identification were selected: diffusion model 
based rule and maximum absolute change rule, using installed base and retail 
sales data, respectively. First, the start of sales was identified for handset fea-
tures from public sources and retail sales data. Then, for the diffusion model 
based method the takeoff was defined as the point when the noncumulative 
growth rate is maximized. For the cumulative function this is the maximum of 
the second derivative, and for the Gompertz function (equation 1) the takeoff 

is can be calculated as 

 (4) 

where  and  are the model parameters. Similarly, the inflection point  
can be calculated as the maximum of the first derivative, which for the Gom-
pertz function is 

 (5) 

Because no commonly accepted definition for the takeoff exists in the litera-
ture, the takeoff point was also identified directly from the retail sales data. 
Based on other sales data based methods (e.g., Golder & Tellis, 1997) and visu-
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al interpretation of the sales patterns, a maximum absolute change rule based 
takeoff point was defined as the point in time (month) when the maximum 
absolute change in feature market share took place.  

3.3.3 Replacement model estimation 

Replacement models were used for the estimation of mobile handset unit life-
times at the level of product models. This required, first, calculation of unit 
discards by mapping retail sales data and installed base data together. Then, 
selected mathematical replacement distributions were estimated to the data on 
the annual discards. The analysis enabled finding the most suitable models to 
be used in handset replacement studies and practical estimation exercises, as 
well as provided input for the analysis of unit lifetime determinants. 

The product model level unit discards can be calculated using the product 
model life cycle formulation (Kivi et al., 2012). According to this formulation, 
the number of units of product model  in use at the end of a time period  is 
given by  

 (6) 

where  is the cumulative sum of unit sales volume  and discards  
for the time period from  to . By modifying equation 4 we get the number of 
product units of model  discarded in the time period between  and  as 

 (7) 

where  is the error. The sources of error in practical measurements include 
units entering the installed base without being recorded to unit sales (such as 
purchases from abroad) and units recorded to unit sales but not entering the 
installed base (such as purchases to abroad). 

Replacement models were estimated to the handset model specific unit dis-
cards  calculated according to equation 5. Replacement models typically 
use different distributions for the probability density function  of unit life-
time . The four commonly used lifetime distributions  selected for test-
ing were Gamma, Rayleigh, and Weibull (see, e.g., Islam & Meade, 2000).  

Assuming the same lifetime distribution for all sold units, the number of dis-
cards during time period  can be calculated as 

 (8) 

where  is the cumulative probability distribution for the discards of mod-
el . For this dissertation, the installed base data were on an annual level, so 
also the discard data points were calculated as the sum of 12 monthly discards: 
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 (9) 

where  and  are the first and last month in retail sales data, pre-
ceding each annual installed base data point. The resulting number of discard 
data points for each handset model was between three and seven, depending 
on the first sales month of the model.  

3.3.4 Linear regression analysis 

Linear regression –based estimation were used for the identification of the 
effect of different factors on handset model specific unit lifetimes, and for es-
timating the associations between mobile sales and prices of handsets 
equipped with the studied features. These analyses enabled to better under-
stand possible determinants of mobile handset replacement and feature diffu-
sion, as well as to do initial evaluation on the usefulness of price as a variable 
for feature diffusion models.  

Linear regression is a statistical analysis method (e.g., Kutner et al., 2005), 
which can be used for studying the associations of a dependent variable and 
one or more independent variables. Both continuous and nominal variables 
can be studied, if the nominal variables are coded as dummy variables in the 
regression model. In more detail, ordinary least squares (OLS) regression with 
multiple independent variables with both continuous and dummy variables 
was used in this dissertation. A matrix form of such a linear model reads 

 (10) 

where  is the matrix for dependent variables,  is the intercept,  and  are 
the model matrixes for continuous and dummy variables, respectively,  and  
are the vectors of parameters for continuous and dummy variables, respective-
ly, and ε includes the residuals. 

The regressions on unit lifetimes were based on handset model specific unit 
lifetime estimates described in the previous subsection 3.2.4. The associations 
between feature market shares and prices were estimated with retail sales da-
ta preprocessed to represent the total market shares and mean prices of the 
handset models equipped with each selected handset feature, respectively. The 
detailed initial and final models in are presented in Publication 3. 
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This section summarizes the main results of the dissertation. First, subsection 
4.1 provides empirical evidence on the diffusion patterns of mobile handset 
features. Subsection 4.2 shows the associations between prices, unit sales, and 
features by analyzing product model and product feature specific price and 
sales volume patterns. Subsection 4.3 further analyses the effect of prices, 
sales volumes, and features on mobile handset replacement. Last, subsection 
4.4 summarizes the earlier findings into a conceptual framework on measuring 
Internet protocol deployment, and the framework is applied to an example 
mobile market. 

To provide empirical evidence on the diffusion patterns of mobile technolo-
gies, mobile handset feature diffusion models were estimated and main diffu-
sion turning points were identified.  

4.1.1 Diffusion model estimation 

Two- and three-parameter diffusion model estimates were fitted to the data on 
mobile handset feature penetrations in the installed base. For mobile handset 
features with data from later diffusion, three parameter estimates were used, 
meaning that also the saturation level was estimated. For features with data 
points only from the initial diffusion, the saturation level was taken as the av-
erage of the three-parameter fits.  

Table 3 presents the three-parameter estimates for the Bass, Gompertz, and 
simple Logistic models fitted the annual feature penetrations derived from 
combining the installed base data and feature data. The Gompertz model was 
chosen to be used in further analysis, because of it provided the best goodness-
of-fit for two out of five features, had visually good fits for all features, as well 
as because the Bass model provided unrealistic results due to the data-
truncation bias (Jiang, Bass, & Bass, 2006). The average saturation level from 
the three-parameter Gompertz fits was identified as 87% of the total size of the 
handset base. Further, Table 4 presents the two-parameter fits for the rest of 
the selected features with the saturation level taken from the three-parameter 
Gompertz fits. All two-parameter fits had an r-squared value over 0.99, indi-
cating that the model fits the data reasonably well. 
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Figure 2 shows the data and the fitted Gompertz functions from both, three-

parameter (solid line) and two-parameter (dashed line) fits. The fast uptake 
and slow saturation of the Gompertz model fit to the data also by visual in-
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spection, and further validate the use of an asymmetric function for modeling 
feature diffusion. The diffusion patterns also visually support the finding that 
the saturation levels of the studied features are below 100%. This phenomenon 
is mainly explained by the slowly diminishing population of low-end handsets, 
which only have the basic voice-calling and text-messaging functions. 

  

 

Based on the diffusion patterns, four general groups of features can be iden-
tified with internally relatively similar diffusion. These groups are marked with 
different color and line combinations in Figure 2. The features in each group 
seem to have relatively similar diffusion patterns due to their introduction 
times and functional similarities. For example, GPRS feature was an enabler 
for WAP browser feature and, therefore, it is naturally that their diffusion pat-
terns follow each other closely. However, there are notable differences in the 
diffusion patterns of different groups and individual handset features. For ex-
ample, for color display two million units in use were reached in three years, 
whereas for WLAN the same spread was reached only after nine years. To ena-
ble better comparison of individual features, the turning points (takeoff and 
inflection point) and the related diffusion stages (introduction and growth) 
were identified for the fitted Gompertz models. 

4.1.2 Turning points of diffusion 

Figure 3 shows the start of sales month, as well as the durations of the diffu-
sion stages for each studied feature identified from the fitted Gompertz mod-
els. The results show that the introduction stage (0-7%) explains the temporal 
differences in diffusion better than the growth stage (7%-37%). The average 
duration of the introduction stage (three years) is longer than the growth stage 
(two years), and the variation is high. The shortest estimated introduction 
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stage for Java feature was 10 months, whereas for GPS this delay from start of 
sales to takeoff took 90 months. On the other hand, even though the duration 
of the growth stage for GPS was also longer, the difference is notably smaller. 
This is confirmed when looking also at other features: long introduction stage 
does not seem to indicate similarly slow growth phase. This could mean that 
different factors affect the diffusion during the two stages. 
 

 

The duration of the introduction stage can be partly explained by technology 
immaturity of the features when they were first introduced in handset models. 
Further, because of the high component and integration costs, as well as low 
performance of these features of complementing features explain the low in-
terest by manufacturers to include the feature more widely on their handset 
models. In some cases, also individual handset models and vendors explain 
the pattern. For example, GPS, HTML, and Email features were initially intro-
duced in functionally experimental handset models – namely Benefon Esc!, 
Nokia 9110 Communicator, and Nokia 9210 Communicator, respectively – 
which were relatively different from the popular models at their introduction. 

Even though most differences are explained by the introduction stage, there 
are also differences in the durations of the growth stage. The results indicate 
that the faster diffusing features were introduced earlier, that is, they are from 
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the first two temporal groups. A general explanation could be that the increase 
in the size of the installed handset base made the diffusion faster, whereas the 
other features have spread mainly due to replacement purchases. Example of a 
feature with an especially slow growth stage is WLAN. Specific reasons for the 
slow of diffusion include WLAN’s inclusion only in business segment 
smartphones, which were relatively expensive. Other data connectivity tech-
nologies also provided basic data connectivity, meaning that WLAN was only 
needed for applications requiring fast connectivity. In comparison to, for in-
stance, display technologies, the color display provided a visible performance 
upgrade over black and white displays, and was important for any content and 
advanced applications. Therefore, color display spread faster to all sub-
segments leading to faster overall diffusion. 

Analysis of the retail sales data provided a complementing viewpoint on mo-
bile technology diffusion. First, handset model sales and price patterns were 
identified, and then feature diffusion patterns and turning points were studied.  

4.2.1 Product category level 

During the study period the total sales volumes in Finland grew notably, from 
1.3 Million units in 2003 to 2.5 Million in 2012. On a yearly level, mobile 
handset sales have a clear seasonal pattern with December the peak sales 
month and lowest sales between January and March. Another seasonal peak 
was identified between August and September, explained by the start of the 
school year during these months. There were changes also in the mean mobile 
handset prices during the study period, which generally decreased. However, 
the increasing demand for advanced smartphones affected the trend, and the 
unit-sales weighted mean price of mobile handsets started to increase in 2011. 
The product category sales and price patterns, as well as handset model intro-
duction dynamics are described with more details in Publication 3. 

4.2.2 Product model level 

For the mobile handset model level analysis, only the models with at least two 
sales months and full lifecycle coverage were included in the sample. The 
handset model lifecycle was defined as the period from first sales month to the 
month when 99% cumulative sales are reached, providing a sample of 798 
handset models introduced during 2003-2009. 

 Figure 4 shows the median unit sales distribution over the handset model 
lifecycle. The handset models were divided into three categories based in the 
duration of the lifecycle, that is, the sales period: 1-11 months, 12-23 months, 
and 24 months or more. The peak sales month of a typical handset model 
takes place after four or five months of sales, after which the sales start to 
slowly decline. Another common sales pattern is one where the peak sales 
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takes place already during the first two months, and starts to decline immedi-
ately after that, as is in the case of handsets sold for less than 12 months. 
 

 

For the analysis of price patterns, the prices were calculated relative to the 
introduction price of each model. Figure 5 shows the median of these prices for 
the previously used three lifecycle-categories. The results indicate that there 
are only small differences in the price patterns, independent of the category. 
The median prices decline relatively linearly: the price of a typical handset 
model decreases to 72% of the introduction price after one year, and to 47% 
after two years. The only exceptions with a nonlinear pattern are handset 
models with shorter sales period than one year. For those models, there is an 
abrupt increase in median prices after 9 months. Similarly, higher variation 
can be identified for handset models with longer sales period than 30 months. 
These anomalies are, to some extent, explained by the small number of hand-
set models sold during the end of each studied period. 

When comparing the sales and price patterns, the results show most mobile 
handset units are sold with a price relatively close to the introduction price. 
For the peak sales month, the median price is 89% of the introduction price, 
and for the month when 50% cumulative sales are reached, the price drops to 
85%. This could indicate that manufacturers do not use aggressive price 
skimming in the mobile handset market. 
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4.2.3 Product feature level 

The association between the diffusion and prices of mobile handset features 
was analyzed indirectly, by using mobile handset sales and mean prices of 
handset models equipped with the features. Therefore, price calculated this 
way is different from what the direct producer cost (often bilaterally negotiat-
ed between component vendor and device manufacturer) or implicit price (es-
timated using hedonic price models; see, e.g., Rosen, 1974; Triplett, 2004) for 
the feature would be, but reflects the actual cost for the end user to acquire a 
device with the feature. 

For new feature introductions, the absolute mean prices of the handset mod-
els are generally high, starting from more than 400 Euros. This supports the 
idea that most features are first introduced in the high-end handsets, and then 
as the cost of the feature decreases and possibly demand increases, spreads 
into a larger number of cheaper models. Feature market shares seem to follow 
similar growth patterns as shown with installed base, but there is high varia-
tion. For some features the market share increases fast after the introduction, 
whereas other experience long periods with low market shares in the begin-
ning. The factual price and sales patterns are described with more details in 
Publication 2. 

Figure 6 shows these mean prices of the models equipped with each analyzed 
feature (from now on feature price), and the inverse market shares (from now 
feature market share) of the same models. The time axis is normalized to the 
first sales month of the feature, or to January 2003 for features that started 
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selling already before 2003, to enable the comparison of the features. Further, 
the features that were introduced before 2003 are in the bottom part of the 
figure, separated by a horizontal line. 

 

 

The results indicate a relatively strong association between feature prices 
and market shares for many features, but also opposite examples were found. 
For example, WLAN experienced large price decreases while the market share 
did not increase notably for a long period. WCDMA had large variations in 
price during the first sales months. Last, EDGE is an example with an increase 
in the price after the first sales months, and it took long time before the price 
decreased below the introduction price, while market share rose notably also 
during that period. These examples with high variation and increasing initial 
prices can to some extent be explained by a small number of experimental 
handset models that generate the initial sales. These models can, for example, 
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have lower profit margins with purpose to test the market and get feedback of 
the new feature.  

The explanation of experimental models is further supported by Figure 7, 
which shows the association of feature prices and market shares as a scatter 
plot. There is a lot of variation and differences between features with market 
shares below 10%, highlighting that during the introduction stage the manu-
facturers test with different feature and price combinations to see how the 
market responds. However, after the 10% market share is reached, the rela-
tionship seems to be relatively linear. To enable comparison between features, 
linear regression lines were fitted to the data for market shares over 10%.  
 

 

Table 5 presents the linear regression estimates for different features, includ-
ing the intercept, SALES_SHARE (share of total unit sales) coefficients, and 
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R-squared values. Modeling price as a function of the share of total sales seems 
to provide relatively good results, except for WLAN and WCDMA. These re-
sults show the association of the market share with price to be on average a 
decrease of 30 Euros per 10% market share increase, with an intercept of 489 
Euros. The result could indicate for a relatively common absolute price level, 
after which the feature becomes attractive also for the mass market. To further 
confirm this, the takeoff point was identified and the prices at takeoff were 
calculated. 

Three different methods for takeoff identification were tested: Maximum 
percentage growth, maximum absolute growth, and diffusion model based 
rule. Maximum percentage growth measures the relative growth of market 
share to the previous month, maximum absolute growth measures the abso-
lute market share change between two months, and diffusion model base rule 
uses the identified takeoff point from the Gompertz diffusion models, calculat-
ed by Equation 4. Out of the three tested methods, maximum percentage 
growth was excluded from further analysis, because of its tendency to identify 
too early points from the first few sales months. 

Table 6 presents the estimates for the duration of the time to takeoff, that is, 
the introduction stage, and the prices at takeoff for all features with full sales 
data available. For other features than EDGE both methods provide relatively 
similar takeoff estimates. Generally, takeoff identification requires the initial 
period with low sales, but with EDGE the growth in unit sales was almost line-
ar from the first sales month (see Figure 6). This makes the takeoff identifica-
tion for EDGE more sensitive to the selected method. For other features, the 
results are similar with both methods, the average time to takeoff being 34 
months with the maximum absolute growth rule. At takeoff the feature price is 
on average 430 Euros, that is, 58% of the introduction price. These results fur-
ther support the previous results, indicating that an absolute price level of 
400-500 Euros must be reached before the feature starts to spread fast among 
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the installed base of devices. Therefore, the use of price as a support variable 
for estimating feature diffusion is worth further research. 

The replacement of mobile handset models was analyzed by fitting replace-
ment distributions as the probability density functions for mobile handset unit 
lifetime, and by estimating linear regressions on unit lifetimes. 

4.3.1 Replacement model estimation 

For the probability density function  of mobile handset unit lifetime, 
three distributions were tested: Gamma, Rayleigh, and Weibull. Table 7 shows 
the estimation results with descriptive statistics on handset unit lifetime. Both 
two-parameter functions, Gamma and Weibull, converged with most handset 
models, and Gamma provided the highest number of best fits (228) using sum 
of squared errors (SSE) as criterion. The estimated unit lifetimes with Gamma 
and Weibull were relatively similar: both median and mean lifetimes were 
about 20 months with a standard deviation of 8 months. The Gamma function, 
with a sample of 343 handset models with converged estimations, was selected 
as the estimate of mobile handset model unit lifetime for further analysis.  
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4.3.2 Conceptual model and construct operationalization 

To understand the determinants of mobile handset replacement and unit life-
times, a conceptual model and a set of hypothesis were constructed. Figure 8 
shows the model and the related hypothesis. 
 

 

In total seven hypotheses were selected for testing based on previous litera-
ture and domain understanding of the mobile handset market. In the case of 
H1 and H3 where the main hypothesis is divided into three and two sub-
hypotheses, respectively, the sub-hypotheses were tested. The hypotheses are 
as follows: 

 
•

o

o

o

•

•

o

o

•
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Based on the hypotheses and the conceptual model, the constructs were op-
erationalized as nine variables. The variables are presented in Table 8, and are 
described with more details in Publication 3. 

4.3.3 Hypothesis testing results 

The associations between mobile handset unit lifetime and the other variables 
were analyzed by using sequential multiple regression. First, ordinary least 
squares (OLS) regression model on PRICE was estimated, showing the associ-
ation between technological sophistication and prices. It was found that the 
features explain 71%-76% of variation in the mobile handset model introduc-
tion price (Table 9). During the second half of the study period, from July 
2006 to December 2009, sophistication explained introduction price slightly 
better than during the first half.  

 
Next, the part of price not explained by sophistication was included in the 

model on unit lifetime as PRICE_PREMIUM with the original SOPHISTICA-
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TION accounting for both, its individual effect and the shared effect of price 
and sophistication. This unit lifetime model reads as  

, 
(11) 

where  is the unit lifetime of handset model ,  is the intercept, 
and  to  are the parameters. Both, the full starting model, and stepwise 
regression with Akaike information criteria (AIC) and bidirectional elimina-
tion, were estimated. The data were further split into two halves – January 
2003 to June 2006 and July 2006 to December 2009 – because a possible 
structural break was identified based on visual inspection of the unit lifetimes. 
The regression models were estimated separately for the two halves and the 
whole time period. The structural break was tested statistically by using the 
Chow test (Chow, 1960). 

Table 10 shows the parameter estimates for the unit lifetime regressions. The 
full model had an intercept and six parameters, whereas the stepwise models 
had intercepts and two to three parameters. Chow test (p-value < 0.01) sup-
ported the use of separate regressions for the two time periods. 

The models explain 14%-24% of the variation in handset unit lifetimes. 
Based on the stepwise regression, only SOPHISTICATION was statistically 
significant for both time periods. This result indicates longer lifetimes for de-
vice models with higher technological sophistication, with the assumption that 
the shared effect of price and sophistication is all accounted for the features. 
PRICE_PREMIUM was not identified to have explanatory power on lifetimes. 
TIME variable was statistically significant only on the second time period, in-
dicating that lifetimes were stable during the first half, but started to decrease 
after that. Last, mobile handset models with flip design were identified to be 
associated with shorted unit lifetimes, and initial popularity with longer life-
times during the first time period. 

 
Table 11 summarizes the results of the regression model based hypothesis 

testing. For the first time period from January 2003 to June 2006, five out of 
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eight hypotheses were supported. For the second half, only two hypotheses 
were supported, highlighting the structural break. Hypothesis 3a was separate-
ly tested with a simple linear regression in Publication 4, and showed a statis-
tically significant association between initial and late popularity. 

Based on previous literature and experiences from the research data collection, 
a framework for measuring Internet protocol deployment was developed. The 
framework helps to better understand Internet protocol deployment, and to 
measure the process. First, subsection 4.4.1 describes the framework with ex-
amples. The framework is then applied to the Finnish mobile market for illus-
trative purposes in subsection 4.4.2. 

4.4.1 Framework 

The framework divides the temporal deployment process into distinct steps 
loosely linked to the commercialization and diffusion phases of the innovation-
development process by Rogers (2003). During the deployment steps the ac-
tions that the stakeholders take depend on the chosen protocol deployment 
model. Depending on the deployment step and model in question, the frame-
work identifies the main deployment measures and data sources, which can be 
used to estimate the protocol deployment level and diffusion rate.  

Deployment steps 
The deployment steps of an Internet protocol include 1) implementation, 2) 
commercialization, 3) acquisition, and 4) adoption. 

First, during the implementation step the provider of a protocol implement 
the protocol according the specifications. For an Internet protocol, the specifi-
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cations are usually developed and standardized by IETF (Internet Engineering 
Task Force), whereas for other software features the standardization organiza-
tion can differ depending on the type of software in question. Three implemen-
tation locations are available for protocols and other software features. The 
locations include different layers in software hierarchy from low to high: 1) 
kernel of an operating system, 2) middleware, and 3) application. Examples of 
protocols implemented at these respective three layers include TCP/IP proto-
cols, OpenSSL for SSL/TLS, and BitTorrent. 

Second, during the commercialization step the provider includes the protocol 
in one or more products, therefore, making it available for end users and cus-
tomers to acquire. Depending on the implementation location, the commercial 
product can be software (application or middleware), an operating system with 
the protocol, or a hardware device with an operating system and the higher-
level software included. 

Third, during the acquisition step the end user achieves the ownership of the 
protocol. Because of the modularity in software hierarchy, the acquisition con-
sists of the product, which contains the protocol, and the platform, where the 
product is installed after the acquisition. When the product and platform are 
bundled together, such as in the case of a smartphone and its operating sys-
tem, the two acquisitions occur simultaneously. 

Last, during the adoption step the end user starts to use the protocol and to 
generate traffic directly or indirectly. In some cases, the user generates traffic 
directly by using an application with the protocol. On the other hand, in the 
case of operating system services the protocol is often turned on automatically, 
and does not require direct user interactions. 

Deployment models 
Three protocol deployment models are identified: pre-installation, post-
installation, and update installation. 

The pre-installation model is a bundled model, where the end user acquires 
hardware (e.g., a mobile handset), which has pre-installed software (e.g., an 
application) containing the protocol. Therefore, the producers’ decisions have 
an impact on the diffusion of the protocol into the installed base of devices. On 
the other hand, the pre-installation as the only deployment model can lead to 
slow diffusion, because of the long unit lifetimes of hardware. 

The post-installation model is an unbundled model, where the end user ac-
quires the software (product) and the hardware (platform) separately, and 
installs the software to the hardware by herself. An example of the post-
installation model is the application store for smartphones. Therefore, as the 
diffusion process is not bound to the unit lifetimes of hardware, the protocol 
could spread faster than in the pre-installation model if the existing installed 
base of devices can use the protocol. 

The update installation is also an unbundled model, where the end user ac-
quires the protocol via a SW update (product) for existing HW (platform). Ex-
amples are web browsers, smart phone applications, and operating systems, 
which are all updated regularly. Therefore, this model is similar to the post-
installation model, with the exception that an update decision might not re-
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quire any end user action. If automatic updates are used in the existing in-
stalled base of devices, this model could enable fast diffusion of new protocols, 
as the examples of Apple’s iOS operating system updates have shown. 

Deployment measures and data sources 
For each deployment step, there is a separate deployment measure. On the 
provider side, the protocol spreads into the commercial products available to 
the end users. On the end user side, the measures are related to the ownership 
and usage of the devices. 

The implementation step can be measured with the implementation level, 
that is, the number of implementations of a protocol. Because a protocol can 
be implemented in several layers, the definition of the target population for the 
measure is not straightforward. One option is, for example, to calculate the 
share of operating systems or relevant applications for which the protocol is 
implemented. Data for the implementation level can be collected from product 
specifications, device description repositories1 or using source code analysis 
(e.g., Komu, Varjonen, Gurtov, & Tarkoma, 2012). 

The commercialization step can be measured with the availability level, that 
is, the share of all commercially available products that contain the protocol. 
For the pre-installation model, the share of device models on sale containing 
the protocol is calculated. For the post-installation and update installation 
models the measure is the share of available software products, such as operat-
ing systems or application types. Possible data sources include online and of-
fline product catalogs, as well as market research companies collecting infor-
mation on retail product sales. Another measure for the commercialization 
step is the acquisition rate, which can be calculated by weighting the availabil-
ity with unit sales volumes. The acquisition rate is a link between the provider 
and end user measures, and provides information for evaluating the success of 
the provider commercialization strategies. Data collection requires access di-
rectly to the stores selling the products, or to market research companies fo-
cusing on retail sales. 

The end user side measures focus on the diffusion of the protocol and, there-
fore, the measures are relative to the potential population of users or devices in 
the market. Figure 9 illustrates the end user measures (levels) with the de-
ployment gaps and delays. 
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The acquisition step can be measured with platform and protocol possession 
levels. Platform possession level is the share of population with ownership of 
the platform, that is, users who could acquire and install the protocol into their 
devices. The measure, therefore, describes the short-term user population po-
tential, where the total population is the long-term potential. Platform posses-
sion is only valid for the post-installation and update installation models, in 
which the platform and protocol are acquired separately. In comparison, the 
protocol possession level is the share of population, which have the protocol 
acquired and installed, that is, can use the protocol. Both measures can be es-
timated from data on cumulative sales, installed base of devices, or network 
traffic measurements, which are then correlated with the information on the 
protocols installed in each device. 

The adoption step can be measured with the usage level. The measure can be 
measured both on binary (user or non-user) and continuous scale (for exam-
ple, the amount of generated network traffic). Data on usage level can be col-
lected by utilizing several methods and measurement points (Smura, Kivi, & 
Töyli, 2009), such as end user surveys, usage monitoring systems, and net-
work measurements. 

Figure 9 also shows the gaps and delays, which can be calculated directly 
from the end user measures. As stated in Publication 4, deployment gap refers 
to the “relative or absolute difference between two measures at time ”, and 
deployment delay is defined as the “timely difference between two deployment 
steps reaching a specific deployment level”. The gaps and delays are called as 
platform possession gap and delay, protocol possession gap and delay, as well 
as usage gap and delay. 

Framework 
Figure 10 links the deployment step and models, as well as the deployment 
measures and data sources into a conceptual framework. The deployment 
steps in the framework go in a temporal order from top to bottom, and are 
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divided into the provider and end user sides. The three deployment models are 
presented horizontally, as they can occur at the same time depending on the 
chosen deployment strategies. The right-hand side of the framework maps the 
measures and data sources to the steps and models. When using the frame-
work, is important to identify the population that is measured in each step, 
and then identify the most appropriate data sources based on the used de-
ployment model. The analysis of the deployment levels can be complemented 
by analyzing also the deployment rates, that is, the change in the size of the 
population over time. Other practicalities related to the usage of the frame-
work are described in detail in Publication 4. 
 

 

4.4.2 Application of the framework to the mobile market 

The framework was applied to the Finnish mobile handset market with data 
from 2003-2012. In total 11 protocols were selected for the analysis, as de-
scribed in Section 3.2.1. The analysis focused on the end user side, because the 
protocols are widely deployed in the personal computer market and server-
side. The scope was further limited to the pre-installation model, because it 
was the predominant one in the Finnish mobile market during the study peri-
od, and the effect of other deployment models were estimated to be negligent. 

Figure 11 maps the research datasets to the deployment measures of the 
framework. The protocol information from the feature dataset was correlated 
with the handset model specific retail sales and installed base datasets. This 
enabled the calculation of the availability level, acquisition rate, and posses-
sion level of the protocols. Further, usage data provided the usage levels for 
two protocols: HTTP and EMAIL. 
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Figure 12 shows the a) availability level, b) acquisition rate, c) possession 
level, and d) usage level for the protocols from 2003-2012. Four general proto-
col groups, marked with different colors in the figure, can be identified based 
on visual inspection. These groups are related to the diffusion of specific mo-
bile services: 1) WAP browsing (IPv4 and UDP), 2) HTML browsing (TCP and 
HTTP), 3) email (TLS and EMAIL), and 4) real-time communications (RTP, 
RTSP, and SIP). TLS protocol is also important for the security in HTTP 
browsing, but the results indicate that TLS diffusion was primarily email-
driven. Because real-time communications protocols include two functions, 
streaming and voice over IP, the diffusion patterns are not as close to each 
other, as in the other three groups. 

Figure 12a and Figure 12b depict the provider side measures, showing that 
the deployment of most protocols was relatively successful during the first two 
steps. Most protocols of groups 1, 2, and 3 reached availability levels and ac-
quisition rates of 80-90%, and were included in a large share of all handset 
models, including the most popular ones. On the other hand, the intense com-
petition with alternative proprietary protocols (e.g., Skype for SIP), explains 
the drops in deployment curves for group 4 (RTP, RTSP, SIP). These protocols 
are more demand-driven, so there is higher variation in the acquisition rates. 
There are also some differences in both measures between the protocol groups. 
For example, the availability levels of IPv4 (group 1) were between 78% and 
96% during 2003-2012, whereas SIP (group 4) remained below 51% level dur-
ing the same period. The comparison of availability levels and acquisition rates 
shows that for many protocols the availability levels were higher than the ac-
quisition rates during initial diffusion. This pattern changes later, as the mod-
els equipped with the protocols become more popular, enabling the acquisition 
rates to reach or surpass the availability levels. This happens because new pro-
tocols are often introduced first in high-end or experimental models, meaning 
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low number of acquisitions due to high price or niche status. The general pop-
ularity of mobile handsets with advanced features also increased during the 
study period, explaining partly these dynamics. 
 

 

Figure 12c and Figure 12d show the end user side measures. For possession 
levels, SIP is again a clear exception from other protocols. One reason for the 
drop with the diffusion of SIP in 2009 is the discards of Nokia Symbian S60 
devices, which had SIP pre-installed. These S60 handsets were probably re-
placed with Apple iPhone and Google Android devices, which did not have SIP 
during that period. The usage levels of Figure 12d were obtained only for 
HTTP and EMAIL. There seem to be large differences between possession lev-
els and usage levels. The usage levels of EMAIL and HTTP followed closely 
each other and increased slowly from 10-15% to 30-40% during the study peri-
od, whereas the possession levels of these two and several other protocols 
started to already reach saturation. 

To enable further comparison of the end user side measures, the possession 
and usage levels of HTTP and EMAIL were plotted together in Figure 13. The 
strong technology-push that was visible on the provider side is also visible with 
the possession levels of the protocols, which increased notably during the 
study period. However, the patterns also show the typical slowness of the pre-
installation model due to long unit lifetimes. For example, for EMAIL the de-
lay from 80% availability level and acquisition rate to the same possession 
level was about three years. 
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The comparison shows the small effect of the technology push on the usage 
levels. Large usage gaps and delays were identified for both, HTTP and 
EMAIL. The possession levels of the protocols increased from 39% to 86% 
(HTTP) and from 65% to 89% (EMAIL) during the period of September 2006 
to September 2012. For HTTP, the usage gap was rather stable 50-55%, while 
for EMAIL the gap increased notably from 26% to 50%. For EMAIL this trans-
lates into about six-year usage delay at the 30% level. This means that either 
there is a large existing non-user population of the protocol who continue as 
non-users even, or new protocol acquirers do not start using the protocol. 
The findings indicate that HTTP and EMAIL are examples of protocols with 
unsuccessful deployment during the study period. Providers did push the pro-
tocols into the device models and these models were also commercially suc-
cessful, but the capability to use the protocols did not translate into a high 
share of users. According to Ficora (2012), web browsing and email services 
had only a small impact on handset purchase decisions before 2010, explain-
ing the large usage gap. Other explanations for the usage gap include data pric-
ing and usability of mobile handsets at that time. 
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This section summarizes the contributions of this dissertation, and discusses 
their significance and limitations. Recommendations for future work are also 
provided.  

This dissertation contributes mainly to the diffusion of innovations theories 
(Rogers, 2003; Peres et al., 2010) in terms of new data collection, method-
development, theory-testing, and theory-creation. The contributions are real-
ized in more detail in the analysis related to the three research questions. The 
first research question (RQ1) – “What are the diffusion patterns of mobile 
handset features?” – was studied by fitting traditional diffusion models on 
diffusion data of mobile handset features. The second research question (RQ2) 
– “What is the relationship between mobile handset features, prices, and sales 
volumes, and their effect on handset replacement?” – was studied by first ana-
lyzing mobile handset retail sales data, and then correlating the retail sales 
data to the installed base data on mobile handsets to enable further analysis of 
the replacement process. For the third research question (RQ3) – “How to 
measure the deployment and diffusion of complex mobile technologies?” – a 
generic framework for measuring Internet protocol deployment was developed 
and applied to the Finnish mobile market by using several research datasets. 

To summarize the results, Publications 1, 2, and 3 fitted mathematical mod-
els to the data on the diffusion of mobile technologies on several levels. Publi-
cations 1 and 2 did explorative analysis and tested diffusion theories on the 
data on mobile handset features. Publication 3 extended theory-testing to re-
placement models and theory-creation, by analyzing determinants of replace-
ment. Last, Publication 4 synthesized selected parts from the other publica-
tions, and provided a conceptualization on how technology diffusion can be 
measured during the different stages of diffusion. 
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Table 12 summarizes the specific contributions and implications of each pub-
lication, and links them to the research questions, data, and used analysis 
methods. The unique characteristics and combination of the collected empiri-
cal time-series data are one contribution of the dissertation. Mobile handsets 
enable data collection on mobile technology diffusion from different view-
points, but due to, for example, business sensitivity issues obtaining market 
level data is often difficult. The data studied in this dissertation enabled study-
ing and explaining the characteristics of mobile technology diffusion on sever-
al levels of product markets (Bayus, 1994a), from product category to product 
models and product features. Further combining the datasets made possible 
analysis of the replacement process of mobile handsets in Finland, and more 
generally comparing the benefits the different datasets. 

The number of new mobile technology innovations, in terms of mobile hand-
set feature introductions, has been high after the late 1990s. This dissertation 
suggests that one should analyze the development of the product category by 
looking at the detailed level of product feature diffusion, in addition to product 
generations. This dissertation extends previous research on product feature 
and mobile technology diffusion (e.g., Kivi et al., 2012), by parameterizing the 
diffusion of several mobile handset features and quantifying the durations of 
diffusion stages, using triangulation of several methods and datasets. 

Diffusion of mobile handset features has similarities with general innovation 
diffusion patterns. The results show that mobile handset features follow an s-
shaped pattern, identified previously for mobile telephony diffusion (e.g., 
Michalakelis et al., 2008). The pattern was also identified to be asymmetric: 
an initial period of slow growth is followed by a fast uptake and growth, which 
then turns into a long period of slowing diffusion close to the saturation level. 
Therefore, traditional asymmetric growth models, such as the Gompertz mod-
el, provide a reasonable fit when modeling mobile handset feature diffusion. 
However, an assumption of 100% saturation level for mobile handset features 
is not often valid, so expert opinions or analogies from other technologies 
might be needed for practical estimation purposes.  

The results indicated large differences in the durations of the introduction 
stage. The large variation in takeoff times is explained by several factors, such 
as technology maturity, network effects, and prices. The prices of mobile hand-
sets equipped with the studied features were generally shown to follow a de-
creasing pattern, supporting previous product category level literature (e.g., 
Golder & Tellis, 1997). The absolute price level at feature takeoff was identified 
to be roughly 400-500 Euros, a price level after which the handsets with these 
features seem to become more appealing to the mass market. In addition, a 
relatively linear association between prices and market shares was identified 
for several features after a 10% market share is reached. These results indicate 
that price could be a useful variable in feature diffusion models or identifica-
tion of the feature takeoff point. 

To better understand the diffusion of new mobile technologies, it is im-
portant to study the replacement process of mobile handsets, as the effect of 
replacement purchases on new technology diffusion is high in the mature mo-
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bile market. By correlating installed base and retail sales data to obtain data on 
mobile handset discards, as well as by conducting handset model level analysis 
to understand the possible variation in lifetimes of units with different capabil-
ities, this dissertation contributes to the research on replacement (e.g., Islam & 
Meade, 2000). The results support earlier findings (Kivi et al., 2012) that 
Gamma and Weibull distributions both provide reasonable results for parame-
terizing the mobile handset unit lifetime distributions. A relatively simple way 
of calculating the technological sophistication of handset models was also il-
lustrated, enabling the analysis of associations between the sophistication, 
popularity, prices, and unit lifetimes of mobile handsets. It was shown that 
technological sophistication is associated with longer unit lifetimes, and that 
price is a relatively good proxy for technological sophistication. Therefore, in 
practical estimations, one should consider using product category sub-
segments based on technological sophistication. 

Diffusion and deployment of mobile technologies is complex. As the results 
highlight, the number of available deployment models further complicate the 
picture in the case of software features and Internet protocols. The identifica-
tion of the three protocol deployment models – pre-installation, post-
installation, and upgrade installation – contributes to the innovation diffusion 
literature (Rogers, 2003). It is important for a protocol developer to consider 
all deployment models when planning the deployment strategy. 

Quantitative measures of the diffusion dynamics and bottlenecks are needed, 
to better understand the deployment process of Internet protocols. This dis-
sertation developed a framework, which combines protocol deployment steps 
adapted from previous literature (Rogers, 2003) to the identified deployment 
models and links these to quantitative measures and data sources. The 
measures include protocol availability, possession, and usage levels, as well as 
the deployment gaps and delays that can be quantified between the deploy-
ment levels. The deployment gaps and delays support and extend the original 
idea of assimilation gaps by Fichman & Kemerer (1999). Even though the 
measurement framework was developed specifically for Internet protocols, it 
can also be useful with other technologies. For example, the deployment mod-
els are generalizable for most software features, and could also be applied to 
other product categories such as personal computers, tablets, and other 
emerging device types. 

The application of the developed framework to the Finnish mobile market il-
lustrates the general slowness of the pre-installation deployment model. Gen-
erally, protocol diffusion is driven by applications, such as the examples of web 
browsing, email, and video streaming show. The results also illustrate the 
strong impact of the supply side in deployment of Internet protocols. With the 
pre-installation model, this is especially visible in the large deployment gaps 
between the possession and usage levels. For example, differences of 26%-55% 
were identified between the possession of the selected protocols and the num-
ber of actual users. This result supports the idea by Warma et al. (2013) that 
protocols are often acquired unintentionally along the device purchase. Due to 
this, the technology-push strategy realized in the pre-installation model may 
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not always provide a successful result. These findings emphasize the need to 
involve both the deployment levels and gaps into the analysis of protocol de-
ployment. The levels provide information about the general success of de-
ployment at different steps, and the gaps provide understanding on the possi-
ble bottlenecks, as was shown for web browsing and email related protocols in 
this dissertation. Further, for measuring adoptions, the findings highlight the 
need to use actual usage data instead of the traditional purchase information. 

In conclusion, the dissertation emphasizes the need to include the product 
feature level when studying the diffusion of complex technology products. Rel-
atively simple models were shown to provide meaningful estimates of mobile 
technology diffusion on a feature level, even though the complexity in the 
overall phenomena is high. Because such technology products have a variety of 
features and capabilities, the measurement of the diffusion should also consid-
er usage; while many features are acquired, the use may concentrate on rela-
tively few key features, leading into gaps between ownership and actual usage. 

The results do not only apply mobile handsets. An increasing number of 
product categories have Internet connectivity, which may lead to similar high-
paced innovation as with mobile handsets. Once the products have Internet 
connectivity, and the features also utilize Internet, also the number of available 
measurement methods increases. While collecting behavioral data on offline 
usage requires often direct access to the device or the individual, online usage 
data can also be collected from several points in the networks. Similar studies 
focusing the adoption process of product features could benefit from the de-
tailed level of data available from device-based measurements, whereas with 
macro-level diffusion studies network-based measurements can provide 
enough detail on a census level. Many other new product categories will go 
through similar evolution as mobile handsets, where the increased processing 
power enables to start equipping the devices with also increasingly complex 
features, from basic hardware features to software applications. 

The results have practical implications for several stakeholders. First, better 
understanding of the mobile technology diffusion enables regulator to influ-
ence the diffusion of specific features. This dissertation covered a period dur-
ing which a major regulatory change in the Finnish market was made. The 
change enabled the previously prohibited bundling of third generation sub-
scriptions and devices, and had short-term effects in the diffusion of third gen-
eration handsets. Second, mobile operators, device manufacturers, as well as 
application, content, and accessory providers may need estimates of the device 
installed base. For instance, device manufactures need to understand the life-
time dynamics for after sales purposes, mobile network operators need to es-
timate the evolution of their device base for planning the uptake and rundown 
of network technologies, and third party providers need to estimate their po-
tential customer population. The estimated models and distributions of the 
dissertation can be useful for the forecasting purposes of these stakeholders. 
Last, the framework for measuring protocol deployment aids researchers when 
planning quantitative studies on the diffusion of such innovations, and proto-
col developers when doing more practical analysis of their protocols. 
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There are some limitations in the research of this dissertation. First, the re-
search concentrated on one technology product category of mobile handsets, 
therefore, possibly limiting the generalizability of the results. Despite Publica-
tion 4 conceptualizing protocol deployment more generally, most of the work 
focused on mobile handsets. The distinction and definition of mobile handsets, 
personal computers, tablet devices, and other emerging product categories, 
such as wearable devices, is becoming increasingly difficult make. 

Second, the analysis focused on pre-installed product features. Features ret-
rofitted physically (hardware features) or by installation (software features) 
were not included in the empirical research. However, the developed concep-
tualization of protocol deployment includes all the three deployment models 
and discussed the possible differences between pre-installed and retrofitted 
features. Furthermore, even though a wide variety of features were selected for 
research, some functional areas were better covered than others. For example, 
features related to the performance of the devices, such as processor type and 
the amount of memory were not included due to limited data. 

Last, the research concentrated on one geographical market of Finland. The 
main conceptualizations of the dissertation are generalizable to also other 
markets, but some of the empirical observations could be market-specific. On 
the one hand, the Finnish market has some peculiarities, such as the high im-
pact of Nokia as a manufacturer and regulation related to subsidization, as 
subsidization of mobile handsets and subscriptions was forbidden for a part of 
the study period in Finland. On the other hand, the results can show examples 
on diffusion patterns for new emerging countries, where the regulator follows 
similar decisions as in the Finnish market. The general diffusion patterns 
could also be speculated to be applicable more widely, for instance, in the 
emerging markets where the diffusion of mobile handsets and advanced fea-
tures is still at a lower level. In addition, this research provides an example for 
other studies to replicate the study in other markets in terms of data collection 
and analysis. 

The dissertation provides several avenues for future research. First, the meas-
urement of several deployment steps seems worth more attention. Future re-
search should study the identified gap between technology possession and us-
age, for instance, by implementing larger scale quantitative measurements on 
mobile technology usage levels. Qualitative studies could also seek to better 
understand the reasons for these gaps. The research of pre-installed features 
in this dissertation could also be extended to cover retrofitted software fea-
tures, to understand the dynamics between the diffusion steps also for these 
deployment models. However, the measurement setup for this research would 
probably require more extensive user-level network traffic measurements or 
handset based measurements with a sample of users. 
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This research also did some initial evaluation on the determinants of diffu-
sion and lifetimes, but these factors were not included in the diffusion models. 
Next step could be to test further whether the price information would be use-
ful when estimating mobile handset feature diffusion. In addition, the way of 
estimating feature price as such could be improved. For this dissertation, the 
price was simply calculated as the mean price of devices equipped with the 
features, therefore, not directly describing the marginal cost or price of the 
feature on the total price of a handset. Estimation methods, such as hedonic 
price modeling (Rosen, 1974), or data collection on real components prices 
could be utilized to provide complementing views on feature prices. 

Extending the analysis to other product categories and geographical markets 
could further verify the results of this dissertation. For example, studying the 
evolution of other emerging and relatively standardized product categories 
would be relatively straightforward to replicate, such as tablets and wearable 
products like smart watches. Further, as these products are also linked to mo-
bile handsets with a complementing or substituting relationship, the associa-
tion of these products should be studied in more detail. 

Generally, research should focus on understanding the post-adoption usage. 
The concept and identification of an active user is generally somewhat ambig-
uous, and is worth further research to better understand the dynamics of 
product adoption and usage. This area is important, because in the digital 
world devices have increasing computing power, which means that products 
can be altered or refined notably after they have been manufactured (Yoo, 
Henfridsson, & Lyytinen, 2010). In addition, installation (retro-fitting) of new 
applications is becoming increasingly common, and has an important role in 
how people use their mobile devices (De Reuver, Bouwman, & Nikou, 2016). 
The analysis of usage in this dissertation continued the traditional definition of 
a two-stage adoption, without considering, for instance, the rate and variety of 
use (Shih & Venkatesh, 2004). However, especially in the case of Internet pro-
tocols, use patterns could be analyzed in more detail by using, for example, 
network traffic measurements (e.g., Riikonen, 2009). However, the challenge 
for user-level network traffic measurements is that all network traffic in one 
network needs to be measured, in practice requiring close collaboration with 
the network operators. However, with such collaboration the research of this 
dissertation could be extended to better understand the different user seg-
ments. An interrelated topic is multi-device ownership, which is increasingly 
common, as people own several devices with roughly the same capabilities, 
such as a mobile handset, tablet, and personal computer. 

Finally, one avenue for future research on mobile handset replacement and 
unit lifetimes would be to test whether the lifetime distribution should be al-
lowed to vary over time for individual handset models (see, e.g., Steffens, 
2001). In this dissertation, the lifetimes of each model were assumed to be 
stable, but it could be that for some models there is variation between the units 
bought at different points of the product lifecycle. 
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