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because the cognitive processes at stake depend on the
form of visual representations (Kleinmuntz and
Schkade 1993, Zhang 1997).
Surprisingly, the task of shopping shares objectives
with visualisation of scientiﬁc information (Card et al.
1999) which attempts to improve the eﬀectiveness of
expert data mining. The term information visualisation
initially referred to the goal of ‘. . . 2D and 3D
animation to explore information and its structure’
(Robertson et al. 1989, p. 10). In the model of that
article, users do not merely receive the available
information; they also manipulate visual objects, in
the spirit of Neisser’s iterative perceptual cycle (Neisser
1976). Furthermore, the eﬀectiveness of visualisations
depends on the selection of graphical features to
encode the information (graphical perception theory;
Cleveland and McGill 1984, Cleveland and McGill
1985). Thus, psychophysics that measures the perception of graphical features can reveal the eﬀectiveness of
visualisation and predict the quality of subsequent
decisions.
2.2.

Beneﬁts of visual modality

Visualisations can overcome many cognitive limitations of the user. They are part of a distributed sociotechnical system (Hutchins 1995a, b) and serve as
external cognitive artefacts (Larkin and Simon 1987,
Hutchins 1995a, b, Scaife and Rogers 1996, Zhang
1997, Cox 1999) that aid in mental processing. First,
used visualisations should be compatible with the
mental processes at stake. Otherwise, a mental rerepresentation of the problem is needed. For instance,
compare the mental eﬀort of calculations LXVIII 6 X
and 68 6 10 (Zhang and Norman 1995). The diﬀerence is due to computational oﬄoading when visualisation explicitly represents problem states (external
memory).
Second, a graphical medium or a visual tool can be
used to restrict possible misinterpretations through
inherent constraints (Hutchins 1995a, Stenning and
Oberlander 1995, Scaife and Rogers 1996). Notice that
the forms of representations diﬀerentially limit the
perceived quantities in the example above, by the
lengths of simple strings of digits (also explicitly in
stem-and-leaf graphs in Tukey (1977)). Third, visual
comparisons need not operate on single numbers, but
spatial segregation and clustering can reduce the
number of mentally operated items (Pomerantz 1981,
Treisman 1982, Vecera and Farah 1994, Ariely 2001).
Furthermore, instantly grasping the number of units
and noticing potentially missing data is beneﬁcial
(Schwartz 1971).
To summarise, the general motivation for using
visual artefacts is reliance on perceptual inferences

rather than limited capacity for symbolic inferences
(see Bauer and Johnson-Laird (1993), Stenning and
Oberlander (1995) for analogical examples in logical
problem solving). For instance, dual-task experiments
suggest that logical problem solving is independent of
visuo-spatial working memory (Gilhooly et al. 1993).
The beneﬁts are most apparent when self-produced
drawings make possible otherwise impossible mental
operations (Chambers and Reisberg 1985).
2.3. The beneﬁts of computation
In addition to visual modality, data mining algorithms
of interactive visualisations can simplify the data. As
a result, the complexity takes the form of multidimensionality. Simpliﬁcation means that the dimensionality is reduced, for instance, by self-organising
feature maps (SOM; Kohonen 1982, 2001) or multidimensional scaling (MDS; Shepard 1962). It has been
argued that human cognition also reduces complex
perceptual and semantic information into simple low
dimensional conceptual spaces (Gärdenfors 2000).
So far, these methods have been used only for
scientiﬁc purposes. However, we have developed
SOM-based decision aids for non-experts in political
elections (Berg et al. 2006).
From the user’s point of view, multi-dimensional
visualisation is a simplifying decision aid that must to
be trusted (Shneiderman 2002). Unfortunately, users
are not able to evaluate the assumptions of the
underlying simpliﬁcations and therefore do not trust
decision aids (Kleinmuntz 1990). These algorithms
might lose meaningful information in the reduction
process, so it is only natural to question their validity.
Our solution to these problems was to use simple
diagrams. We identiﬁed a multi-dimensional everyday
decision task of using internet candidate selector
before a political election. Their popularity in Finland
has been exceptional (Carlson and Strandberg 2005,
Moring and Mykkänen 2005) and our design had
nearly 100,000 users (Berg et al. 2006). The need for a
new type of service arises from the quantity of
available data: there were hundreds of candidates,
each of whom answered a 20- or 25-item questionnaire
designed by political journalists. The number of
candidates and questionnaire items is too large for
the typical capacity of human working memory. Thus,
the traditional approach presents the best-matching
candidates only after sequential presentation of the
questions. In contrast, our design (Berg et al. (2006),
but see also Kontkanen et al. (2000), Kaipainen et al.
(2001)) included the between-candidate comparisons as
a multi-dimensional data visualisation task. The
exploration of SOM representation was complemented
by sector diagrams (Figure 1), because these simple
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Figure 1. The candidate selector application consisted of four parts: particular item from questionnaire (on the left), the
coloured SOM grid for presenting (in the middle) and selecting the candidates (on the left), and two sector graphs, one for the
user’s completed answers and one for the selected candidate.

diagrams provide, in general, an independent source
for evaluating the correctness of the resulting clusters.
The evaluation process itself is explorative process.
3.
3.1.

Perception of global patterns
Importance of the overview

A gold standard suggests several levels of detail in
multi-dimensional data visualisation (Tufte 1983). For
Bertin (1981), the sole problem of multi-dimensionality
in visualisations is due to subdivisions that degrade
overall vision. Moreover, details-on-demand principle
states that overview should be presented before the
details (e.g. Shneiderman 1996). The experiments on
visual gist support this: semantic categories can be
constructed in as little as in 100 ms, even though the
picture would not be recognised little later (Potter
1976, 1993, Potter et al. 2002; see Spence (2002) for
visualisation applications). Furthermore, the gist of a
scene (Biederman 1972, Biederman et al. 1973, 1974)
and semantics (Biederman 1982) aﬀect object recognition on the same timescale. Unfortunately, only very
few graphs are eﬀective for both global and local
applications (Simkin and Hastie 1987, Carswell et al.
1993). Speciﬁcally, Kosslyn’s (1985, 1989) guidelines
select line graphs for trends and interactions, and bar
graphs for individual point values. However, both are
often needed and perception begins at the overview.

We argue that the overview should be emphasised
in the evaluation as well. The inventor of scientiﬁc
visualisation, William Playfair (1786), makes the same
point: ‘Men of great rank, or active business, can only
pay attention to general outlines . . . and it is hoped
that with assistance of these charts, such information
will be got, without fatigue and trouble of studying
the particulars of which it is composed’. Moreover,
educational systems have been criticised similarly.
Observed diﬃculties in perceiving global patterns
were attributed to disproportionate emphasis of school
curricula on local interpretation of details (see also
Guthrie (1988), Leinhardt et al. (1990)). The diﬃculties
are emphasised by modern computer-based graphing
tools that, unlike traditional numerical and algebraic
approaches, require interpretation skills and the ability
to generalise. A major problem is that students can
often solve graphing or function problems but are
unable to access scientiﬁc information from similar
graphs.
3.2.

From discriminability to spatial integration

Most visualisation psychophysics focuses on locating
or discriminating details (Wainer and Thissen 1988),
even though integration is more essential, diﬃcult
and time consuming (Vernon 1950, Guthrie 1988,
Guthrie et al. 1993, Gattis and Holyoak 1996; eye
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movement patterns in Carpenter and Shah (1998)).
Especially, spatial separation imposes a cognitive load
and disturbs learning (Sweller et al. 1990).
The focus on global patterns and integration
across dimensions gives rise to diﬀerent psychophysical criteria for evaluating graphs. Past experiments
have typically measured latencies and performance
accuracies1 for individual data points represented in
variants of bar and pie graphs. For instance, when
two values were compared, the use of a simple bar
chart (position among common scale) resulted in the
most accurate decisions, divided bar charts (length)
were the second most accurate, and pie charts (angle)
were the least accurate (Cleveland and McGill 1984,
1985, Simkin and Hastie 1987). However, pie charts
(and simple bar charts; Simkin and Hastie 1987)
outperformed the divided bar chart when the data
point was evaluated as a proportion of the whole
(Eells 1926). Additional survey data indicated that
most respondents spontaneously used absolute length
judgments with bar graphs and proportional comparisons with pie charts (Simkin and Hastie 1987). Thus,
the degree of eﬀectiveness depends on the subtask
emphasised.
Although most of the experiments have measured
the distinctiveness of details (Cleveland and McGill
1984, 1985, Zacks et al. 1998), the same authors have
admitted that ‘the primary purpose of visualisations is
not to convey numbers with as many decimal places
as possible’ (Cleveland and McGill 1984, p. 535).
Furthermore, all the above experiments (but not ours)
have compared the data values in isolation, thus
neglecting the very strong contextual inﬂuence of
neighbouring bars (Siegrist 1996, Zacks et al. 1998).
Using just two bars is not enough.
Object displays have been specially designed for
spatial integration (Carswell and Wickens 1987,
Wickens and Hollands 1999, pp. 125–129, elsewhere
glyphs; Ward 2002, or conﬁgurational displays; Bennet
et al. 2000, Bennet and Walters 2001) as the data
dimensions are represented by diﬀerent visual features
of a single object. First, the integration of information
from diﬀerent features of a single object is more
accurate than from multiple objects (Lappin 1967).
For instance, the use of a single triangle was superior
to three diﬀerent bars in an integration task, but not in
other tasks (Casey and Wickens 1986, Carswell and
Wickens 1987). Second, performing two diﬀerent
tasks simultaneously on one object rather than on
two diﬀerent objects is beneﬁcial (Kramer et al. 1985)
even if there is no diﬀerence in location when the
objects are superimposed (Duncan 1984). The diﬀerence is due to so-called ‘object-based attention’, as
opposed to ‘spatial attention’ (Vecera and Farah
1994). To summarise, the most important visual task

is integration of relevant details. Appropriate spatial
distances and object identiﬁcation ease this task.
4.

Benchmarking alternative graphs

4.1. Tracking individuals across multiple dimensions
Several simple graph types have been used for visual
integration of high-dimensional data. First, a matrix
using bivariate (2-D) scatterplots can be formed for
each pair of dimensions (e.g. Chambers et al. 1983,
Jacoby 1998). The idea is simple, but the result is
extremely complex. Even when the redundant halves
of the scatterplots are removed (draftman’s display),
our 20-dimensional data yield 190 plots with several
hundred points (individuals) each. In addition, to gain
coherent idea of a single individual one must track the
correspondence of points between multiple plots.
Parallel coordinate graph is another method to reduce
the number of plots by sacriﬁcing the correlations
between individual dimensions. As a result, the x-axis
represents the dimensions and the y-axis represents the
data values aligned with the corresponding dimension.
In parallel coordinates (Inselberg and Dimsdale 1990,
Inselberg 1999) the values on each dimension for one
individual are connected with a line (see Figure 2 for
our data). For instance, in our election candidate data,
ﬁnding a public ﬁgure for a reference point might be
helpful. Again, individuals are diﬃcult to distinguish.
In another words, it is often important to ﬁnd entities
with commonness on several dimensions.
The individuals can be diﬀerentiated using proﬁle
(i.e. polygon) or star (i.e. circular line graph) graphs
(Figure 3B and 3C, respectively). A proﬁle graph is
created from a parallel coordinate graph by separating
into diﬀerent graphs (Bertin 1967, Chambers et al.
1983, p. 163, Jacoby 1998, p. 20). Bertin (1967, p. 245)
suggested the use of proﬁle graphs for open-ended
classiﬁcation that are important for multi-dimensional
visualisations. Interestingly, star graphs create more
dramatic and memorable shapes with their radial
representations (Chambers et al. 1983). The shortterm visual memory (Luck and Vogel 1997, Cowan
and Morey 2006, Bays and Husain 2008) is important
for comparing large numbers of graphs with a
sequence of eye movements.
4.2.

Avoiding arbitrary linking of dimensions

Unfortunately, parallel coordinate, proﬁle, and star
graphs pose arbitrary links between otherwise independent dimensions. For one, empirical researchers
have been encouraged to connect data points by lines
only when the points have a numerical connection and
to use diﬀerent bars for diﬀerent nominal categories
(Cozby 2004, p. 219). Second, line graphs predispose
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Figure 2. A parallel coordinate graph represents all 20 dimensions in very compact form and reveals the dimensions most and
least (3 and 10) variance.

for a particular trend, while bar graphs allow
considering more relations of discrete values (Shah
et al. 1999, Zacks and Tversky 1999). Although
neighbouring bars aﬀect the perception of bar length,
as mentioned earlier, the inﬂuence is less than with
lines. In fact, it was the lack of continuous time series
that led William Playfair (1786) to invent individual
bars (Beniger and Robyn 1978).
Third, the Gestalt principle of connectedness
(Wertheimer 1938) provides faulty signals of relatedness. Fourth, arbitrary connections and biases are
likely reasons that the famous Chernoﬀ faces (Chernoﬀ
1973) are currently not popular in multi-dimensional
visualisation (Ward 2002; for exceptions see Hahn
et al. (1983)). Finally, lines connecting points create
(Poggendorﬀ’s) geometric illusions (Poulton 1985).
For some data, the connections are not arbitrary
when the dimensions form meaningful groups; but
note that the order of dimensions signiﬁcantly inﬂuences the perception of outlines. In general, arbitrary
coupling of data points distort perception of multidimensional data.
4.3. Selecting a bar or sector graph
For the above reasons, bar graphs (histogram plots
in Jacoby (1998) and less familiar sector graphs
(Figure 3A and 3D, respectively) are more objective

alternatives to proﬁle and star graphs. They diﬀerentiate individuals and do not create arbitrary links
between dimensions. In sector graphs, data values on
diﬀerent dimensions are represented by lengths of
sectors (polar construct in Bertin (1967) or Florence
Nightingale’s rose diagram after the inventor). As with
pie charts, a user is expected to be primed to evaluate
all quantities holistically. In fact, the following
experiments compare radial length as a graphical
code to simple bar graphs. Furthermore, sector graphs
may inherit the beneﬁts of the radial glyphs that
outperformed scatter plots in complex data analysis
(Anderson 1957). The sector graphs were preferred
because those glyphs were limited to 3–7 rays attached
to a small centre circle and lacked correspondence
between the represented quantity and area (Bertin
1967, p. 201). However, some experts have found it
unappealing that the areas of the sectors do not
increase linearly with their lengths. For instance,
Bertin proposed square-root compensation for linearity. Conversely, the subjects of the psychophysical
experiments were able to assess the eﬀective dimension
that coded the data without any compensation (Spence
1990, Spence and Lewandowsky 1991, Spence 2004).
In general, Teghtsoonian (1965) found that subjects
can selectively estimate apparent changes or physical
changes depending on their understanding of the task.
The former is judged exponentially (exp ¼ 0.8) and the
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insigniﬁcant. Our experiments were more controlled by
relying on psychophysical tradition. With the sequential comparison of diﬀerent graphs in mind, special
attention was paid to the timing and short-term
memory requirements. Furthermore, limited exposure
time can harm only local, but not global, inferences
from line graphs (Carswell et al. 1993). The ﬁnding was
explained by subjective control of attention to local
inferences. We controlled this factor with very short
exposure times.

Figure 3. Four major graphs for visualising multiple
dimensions of individuals: (A) bar, (B) proﬁle, (C) star and
(D) sector graph are shown. Two examples from our data are
plotted for all types of graphs within each column. In graphs
A and B, the dimensions are mapped from left to right and,
in graphs C and D, clockwise from the top.

latter linearly. In short, sector graphs are the most
viable radial alternative to bar graphs.
The hundreds of alternatives for representing
multi-dimensional information (Harris 1999) are limited here by the ﬁndings of controlled experiments. We
used bar and sector graphs in the experiments because
they diﬀerentiate individuals and prime for independent evaluation of each dimension. Sector and proﬁle
graphs belong to studied object displays. In some reallife simulations, the judgements of nuclear plant
operators and engineers were more sensitive when
using star glyphs compared to bars and meters
(Petersen et al. 1981), but the experiment used a
problematic spatial design and results were statistically

5. Aims of the experiments
The following experiments evaluate the cognitive
processes underlying the use of a popular service,
political candidate selector (Berg et al. 2006). To learn
from positive user feedback, the contextual components (elections) were removed to create simpliﬁed
experimental settings. Thus, generalisations to other
complex tasks were made possible. When 20 or 25
dimensions are reduced to locations (and clusters) on a
two-dimensional plane, the dimensions lose their
original meaning, which only complementary representation can reveal. These experiments focus on sector
diagrams complementing reduction of dimensionality.
From the user’s point of view, meaningful SOM or
MDS clusters speed up the search for relevant
individuals and the selection the best match. If the
clustering is meaningful, adjacent individuals should
be similar with respect to the original dimensions.
Otherwise, the ability to focus on certain individuals is
wasted. The psychophysical measures evaluate the
perception of this similarity from complementary
representations. Thus, the criteria for complementary
diagrams are: (1) providing eﬀective and memorable
global outlines for all dimensions and (2) oﬀering
detailed values of each dimension independently. The
outline needs to be memorable, because individuals
need to be compared with a sequence of eye movements, not all at once (details-on-demand principle).
We operationalised the memory requirement by
using a memory-based task with a two-alternativeforced-choice (2AFC) method. Our main hypothesis
was that a sector graph in polar form facilitates rapid
comparison of outline shapes. The speed and accuracy
of subjects’ performance are measured with diﬀerent
levels of similarity between the graph types. The sector
graph is then compared to the more popular bar graph
(Cartesian form), which serves the same function. Both
diagrams are evaluated with presentation times above
and below the time needed for saccadic eye movements. Our second hypothesis is that shorter time
intervals emphasise the role of eﬃcient outlines that
ease similarity comparisons and discriminations. In the
original service, related sectors were coloured with
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similar hues. Nevertheless, very short intervals are
subject to diﬀerential processing of luminance and
chromatic information in the human vision system.
Our third hypothesis is that black-and-white (B/W)
diagrams are processed more accurately with shorter
presentation times. Therefore, we needed to test all
interactions between diﬀerent diagram types, levels
of similarity, presentation time and use of colours.
Together, these parameters constitute important design features for most interactive visual interfaces.
The focus on the global outlines and temporal
eﬀects in psychophysical evaluation of graphs is a
new idea. Therefore, more traditional criteria evaluate
the possible trade-oﬀs in Experiment 2. Particularly,
availability of local details has been considered as
a possible limitation of object displays in continuous
monitoring tasks (Carswell and Wickens 1987,
Wickens and Hollands 1999, p. 126, Bennet et al.
2000, Bennet and Walters 2001). Thus, the discrimination thresholds for relative data values on a single
dimension of both diagram types are evaluated using
an adaptive staircase method. For many other tasks,
details are not important, so star and proﬁle graphs are
viable alternatives. Even then, the results relating to
polarity are likely to be instructive.
6. Experiment 1 – holistic comparison of alternative
graphs
6.1. Subjects
Our subjects included both of the authors and three
naive volunteers (three men and two women). The
authors were blind to the visually represented data
values in both experiments and therefore had no
advantage relative to volunteers. The volunteers were
acquaintances who expressed interest towards the
study and were compensated with two movie tickets.
All subjects had several years of university studies or
had graduated from university (median of age 27,
range 21–52).
In general, psychophysical experiments test fewer
subjects than other ﬁelds of experimental psychology,
because simple visual features are better controlled and
are processed with qualitatively more similar neural
mechanisms. In a meta-analysis of 330 independently
rated psychophysical experiments on simple visual or
auditory features (published in 2007 in the Journal of
Vision, Vision Research, Perception and Perception and
Psychophysics) 60% had six or fewer subjects and 42%
included non-naive subjects.
6.2. Apparatus and stimuli
Experiments were carried out in a darkened room with
no light-emitting or reﬂecting surfaces in front of the

161

subject except the stimulus monitor, a Dell Ultrasharp
17-inch LCD with a refresh rate of 75 Hz and
1280 6 1024 resolution, controlled by a Radeon
7500 graphics board. Stimuli were created with Matlab
Psychophysics toolbox (Brainard 1997).
Stimuli consisted of sector and bar graphs and
preparatory ﬁxation crosses. At a viewing distance of
57 cm, one sector graph subtended a radius of 4.0 deg
and one bar graph subtended 4.0 deg horizontally and
2.8 deg vertically. Both lines of the ﬁxation cross were
40 pixels long and 1 pixel thick. When colours were
used, we selected the hues for nominal categories (as
suggested in Kosslyn (1989)) by choosing equidistant
points in HSV-colourspace so that saturation and
luminance were constant according to suggestions for
non-ordered colours (e.g. Bertin 1967, p. 89). The
diagrams represented the real data from the described
election case, because artiﬁcial data often overemphasise the distinctiveness of the cluster structure (Siirtola
2004).
6.3.

Procedure in Experiment 1

The procedure is illustrated in Figure 4 for sector
diagram and the bar graph was treated similarly.
First, a ﬁxation cross was presented for 1.0 s. Second,
it was removed and a blank screen was presented for
500 ms to reduce visual masking. The cross was made
maximally thin for the same reason. Third, a standard,
or reference, graph was presented for either 100 ms or
1.0 s. Fourth, immediately after the reference was
removed, two alternative graphs were presented at the

Figure 4. The ﬁve phases of the experimental procedure are
illustrated for sector graphs in order of presentation (from
top left to bottom right): ﬁxation cross, blank screen,
standard, alternatives, subject’s response. The frames and
ﬁxation cross are thick only for illustrative purposes.
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other vertices of the invisible triangle. Fifth, subjects
were instructed to compare the two graphs and select
the graph that was visually more similar to the
standard presented earlier; subjects were to respond
using the arrow key (using foreﬁngers) on the
corresponding side.
During the trials, graphs were presented in three
locations that formed a downward-pointing equilateral
triangle (each edge 7.0 deg): two were horizontally
aligned, and the third (standard) was below and
halfway between the ﬁrst two. Thus, the subject could
ﬁxate on only one graph at a time with foveal vision
but was able to see all graphs with the parafoveal part
of the retina. A graph was either B/W or coloured
and represented the data values using either length of
bars or sectors. The third parameter was presentation
time (100 ms or 1.0 s) of the memorised reference.
The reaction time (RT) was measured from the
moment the alternative graphs were presented until
the subject’s response. Subjects started to answer
faster when they began to realise the large number of
repetitions involved in the task (480 in total). Before
the experiments, subjects were able to practise the
task with six stimuli of each type (96 in total).
6.4.

Results of Experiment 1

The accuracy of subjects’ choices was determined by
the similarity of the target graph to the presented
alternatives. This is similar to some previous studies
(Zacks et al. 1998) but a single element was used
instead of the whole graph. Similarity was calculated
from the city-block distance (in Minkowski metrics) of
all the dimensions. Using other distance measures
(SOM and Bayesian) showed similar results, but they
are not reported here for simplicity. The diﬀerence
between alternative graphs in their distances to the
target was termed ‘easiness’.
Binary categorical accuracy was submitted to the
Generalised Linear Mixed Model (SAS 9.1: Glimmix
procedure) with log link function and binomial error
distribution. The main eﬀects of easiness, RT, graphs
(2), subjects (5), presentation times (TimeOn, 2), and
possible colouring (colour, 2) were analysed (Table 1).
All factors except colour had highly signiﬁcant eﬀects
on the accuracy of subjects’ choices. Subjects diﬀered
signiﬁcantly in their performance. Easier tasks and fast
RT resulted in better performance. Most importantly,
all subjects performed better with sector graphs than
bar graphs.
To disambiguate the main eﬀects, all interactions
with graph and individual main eﬀects were submitted
to the model (Table 2). In addition, the interaction of
colour and presentation time was included. All main
eﬀects remained signiﬁcant except for graphs. Of the

Table 1.

Main eﬀects for accuracy in experiment 1.

Easiness
Subject
RT
Graph
Colour
TimeOn

Estimated
coeﬃcient

Standard
error

Conﬁdence
interval, p

0.07022
70.01847
70.05407
70.03452
70.00040
0.04295

0.003315
0.002117
0.005283
0.004937
0.004765
0.005859

50.0001***
50.0001***
50.0001***
50.0001***
0.9336
50.0001***

***p 5 0.001.

Table 2. Main eﬀects and interactions for accuracy in
experiment 1.

Easiness
Subject
RT
Graph
Colour
TimeOn
Colour 6 TimeOn
Graph 6 Colour
Graph 6 TimeOn
Graph 6 Subject
Graph 6 Easiness
Graph 6 RT

Estimated
coeﬃcient

Standard
error

Conﬁdence
interval, p

0.07492
70.01758
70.05312
70.00589
70.03790
0.02726
0.06414
0.007504
70.03345
70.00088
70.00742
70.00039

0.00649
0.00484
0.01011
0.03888
0.01401
0.01439
0.01657
0.01607
0.01720
0.00627
0.00900
0.01736

50.0001***
0.0003***
5.0001***
0.8796
0.0069**
0.0584
0.0001***
0.6406
0.0519
0.8885
0.4096
0.9819

**p 5 0.01. ***p 5 0.001.

interactions with graphs, only presentation time was
signiﬁcant; colour, subject, easiness and RT were not.
Performance with sector graphs was better with both
100 ms and 1 s presentation times, but this eﬀect was
increased at the shorter presentation time. The B/W
graphs were judged more accurately than the coloured
graphs. The interaction of colour and presentation
time was highly signiﬁcant. At 100 ms presentation
time, a relatively large diﬀerence existed in favour of
B/W over coloured graphs.
Reaction times were submitted to the general linear
mixed model with easiness as a continuous independent variable (Table 3). Graphs (2), subjects (5),
accuracy (2), presentation times (TimeOn, 2), and
possible colouring (colour, 2) were categorical independent variables. Easier choices were made faster.
Subjects diﬀered signiﬁcantly in their RT. Again, the
RT was faster for the correct choices. Presentation
time and colour did not aﬀect RT signiﬁcantly.
For simplicity, only interactions with graphs were
analysed (Table 4). There were no signiﬁcant interactions with graphs and easiness. Regarding RT, the
directions of eﬀects were reported based on group
means. The means themselves are not reported because
they do not directly reﬂect the size of eﬀects. Easiness
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Table 3.

Main eﬀects for latencies in experiment 1.

Easiness
Graph
Colour
TimeOn
Accuracy
Subject

F-value

Conﬁdence interval, p

38.387
4.342
0.684
2.116
19.034
67.910

50.0001***
0.037*
0.408
0.146
50.0001***
50.0001***

*p 5 0.05. ***p 5 0.001.

Downloaded by [University of Helsinki], [Mikko Berg] at 09:36 28 February 2012

Table 4. Main eﬀects and interactions for latencies in
experiment 1.

Easiness
Graph
Colour
TimeOn
Accuracy
Subject
Graph 6
Graph 6
Graph 6
Graph 6
Graph 6

Easiness
Colour
TimeOn
Accuracy
Subject

F-value

Conﬁdence interval, p

39.75
3.329
0.690
2.253
19.78
68.65
0.010
2.017
0.716
2.502
6.260

5.0001***
0.068
0.406
0.133
50.0001***
50.0001***
0.921
0.156
0.398
0.114
50.0001***

***p 5 0.001.

was not balanced between the groups but was included
in the statistical models. As a result, the task was on
average easier with bar graphs than with sector
graphs. The diﬀerence between alternatives was the
result of random sampling from real data clusters.
Only the ‘subjects’ variable had signiﬁcant interaction
with graphs, resulting from longer average RTs for
sector graphs by experienced subjects. When this
eﬀect was accounted for, graphs did not diﬀer in
RT. If subjects are collapsed into categories of experienced and naı̈ve, the experienced subjects perform
more accurately (coeﬃcient ¼ 0.06, p 5 0.0001), but
there is no signiﬁcant interaction with graph type
(coeﬃcient ¼ 70.03, p ¼ 0.07) even though such as
interaction exists for RT (F ¼ 24.5, p 5 .001).
6.5. Discussion of Experiment 1
The main ﬁnding of Experiment 1 was that choices
were more accurate with sector graphs than with bar
graphs, regardless of diﬃculty and the subject’s
experience. Accuracy was reﬂected in the ability to
select the better alternative in repeated presentations.
Random sampling of real data produced easier
alternatives for bar graphs in terms of measured cityblock distance (1.47 vs. 1.25) and the easier alternatives
were found to increase accuracy. When this is
accounted for, a generalised linear model predicts
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better performance using sector graphs (Figure 5).
Subjects varied in accuracy; however, the predicted
accuracy was consistently higher (avg. 1.4%) with
sector graphs for all subjects, even though the general
performance level is already very high (ceiling-eﬀect).
The diﬀerence is not due to a speed–accuracy trade-oﬀ.
On the contrary, accuracy increased with faster RT,
because the task was easier.
The RT measure is traditional for experimental
psychology and Bertin’s (1967, p. 9) conception of
eﬃciency and ‘mental cost’ of graphic constructs.
However, the accuracy diﬀerence did not depend
signiﬁcantly on RT, subject, diﬃculty of task, or
whether the graphs were coloured. Diﬀerence depended on presentation time. The accuracy beneﬁts
of using sector graphs increased with very fast display
times (100 ms). At this rate, it is impossible to do any
saccadic eye movements, and the diameter of the graph
equals approximately the eccentricity limits of high
acuity vision. Modelling simple cells early in the visual
system with round receptive ﬁelds is common (e.g.
Dayan and Abbott 2001). In a rapid presentation
situation, perceptual integration of shape might beneﬁt
from the overall roundness of the graph. On the other
hand, Kosslyn argued that ‘bars often will not form
perceptual groups, and it is easy to pick up individual
values, but more diﬃcult to see trends’ (Kosslyn 1985,
p. 510). Another diﬀerence between the two graph
types is that the identity of the feature dimensions is
coded by neural representations of sector graphs not
only in cells tuned to retinal location (and possibly
colour), but also redundantly in cells tuned to diﬀerent
orientations.
According to previous ﬁndings for magnitude
estimation of bar lengths (Zacks et al. 1998), reliance
on memory decreases performance accuracy and
ampliﬁes the harmful eﬀects of the previous context.
Previously, memory-based estimate of familiar areas
were underestimated (with exp. ¼ 0.60), whereas
familiar distances were perceived rather accurately. In
diﬀerent experiments, unfamiliar distances were underestimated (with exp. ¼ 0.70 in Radvansky et al.
(1995)). The expected result is that unusual graphs
are memorised as though more typical, but this should
harm quantity estimation more than selection of a
better match. Indeed, the overall accuracy in this
experiment was high (Figure 5). Furthermore, decisions were more accurate with B/W graphs than with
coloured graphs, especially with 100 ms presentation
times, as in previous studies (Keller et al. 2006).
The question has been raised whether subjects in
experimental visualisation research settings use only
the assumed perceptual processes. The knowledge that
one is being evaluated might encourage the use of
higher cognitive processes (Cleveland and McGill
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1984). Counter-intuitively, this has been shown to
increase the variability of responses (Levine et al.
1996), an eﬀect we would not observe in everyday
judgements. The instructions for Experiment 1 emphasised subjective opinion. After the experiment, subjects
were questioned about the experiment and their
strategies. None of the naive subjects were able to
describe how the quality of their performance could be
evaluated. Thus, this procedure was not subject to the
obvious harmful side-eﬀects of quantity estimation
research. Novice users are often unable to beneﬁt from
many visualisation techniques and critics argue that
claims that novices did not have enough time to get
accustomed to the use is a weak defence (van Wijk
2006). Accordingly, the validity of complicated new
visualisation techniques has been questioned. This is
not the case here; the diﬀerence between sector and
bar graphs was consistent across diﬀerent levels of
experience.
7. Experiment 2 – ﬁnding and comparing one
diﬀerentiating dimension
Subjects, equipment, and the presented graphs were
the same as in the previous experiment.
7.1. Procedure in Experiment 2
Subjects were instructed to compare the aligned graphs
to ﬁnd the diﬀerentiating sector or bar, and to respond

with an arrow key (using a foreﬁnger) on the side that
corresponded with the standard below (Figure 6). In
each trial, three sector or bar graphs formed an
equilateral triangle pointing down (7 deg each edge),
two of them horizontally aligned and one below and
halfway between them (standard). The two aligned
graphs were duplicates except for one randomly
selected sector or bar, for which small oﬀset was
added or reduced. If length resulting from addition of
the oﬀset exceeded 1, then reduction was performed.
Also, the length was made positive.
Subjects were told that there was a 15-s time limit.
When the time limit was exceeded or the subject gave
an incorrect answer, a beep followed and the next trial
was made easier, with larger diﬀerences between the
compared graphs. If the subject gave three consecutive
correct answers to trials with diﬀerent (in terms of data
values) graphs of the same level of diﬃculty, the next
trial was made more challenging. This procedure
followed the adaptive staircase method (Wetherill
and Levitt 1965) for measuring perceptual threshold.
This three-to-one rule converges to a level of 79.4%
correct responses. The procedure was repeated until
there were eight turning points for changing the
diﬃculty. Step sizes of 1.5% (of maximum length)
for sector graphs and 2.5% for bar graphs were
selected according to pilot studies for optimising the
range and sensitivity of the preselected stimuli. Sector
graphs were presented ﬁrst, followed by bar graphs;
both were then repeated with diﬀerent data values.
Before the experiment, subjects were able to practise
the task once for the whole procedure using both graph
types.
7.2. Results of Experiment 2
One of the ﬁve subjects (an author) was eliminated
from the analysis because he was using an exceptional
strategy to fuse retinal images of the graphs. This
requires much training because the graphs were 7 deg
apart. Certainly, this cannot be an ecologically valid
model for real use of visualisations. No other subject

Figure 5. Percent predicted accuracy (on y-axis) as a
function of six categories of easiness distance (on x-axis)
shows a surprisingly consistent beneﬁt for using sector
graphs (
) instead of bar graphs (
). Standard
deviations were too small (0.002–0.005%) to be visible in
the ﬁgure.

Figure 6. The alternative stimuli of Experiment 2 are
presented here with the emphasised frames.
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was using this strategy. They reported (during and
after the experiments) that they attempted to ﬁrst
locate the deviant component before responding. The
measured thresholds were submitted to a complete
repeated measures analysis of variance (SPSS 14) with
two factors (two graphs 6 four subjects). There was a
signiﬁcant main eﬀect of graph (F(1,56) ¼ 84,75,
p 5 0.001). Sector graphs had a lower threshold
than bar graphs (2.9% vs. 3.4%) consistently for all
four subjects, even though the subjects diﬀered
signiﬁcantly (F(3,56) ¼ 3.82, p ¼ 0.02) and there was
a signiﬁcant interaction between subjects and graphs
(F(3,56) ¼ 6.50, p ¼ 0.001).
7.3.

Discussion of Experiment 2

The relative, not absolute, discriminability of marks
(Kosslyn 1989) was measured because the diﬃculty of
most multi-dimensional decision tasks depends on
perception of relations (see Section 3.2). The previous
experiments on local details have mostly involved point
reading of absolute values (Carswell and Wickens
1987, Wickens and Hollands 1999, p. 125–129, Bennet
et al. 2000, Bennet and Walters 2001). However, if the
accuracy on absolute values is important for the task,
the most appropriate solution is to include numeric
representation (Bennet et al. 2000). Keeping that in
mind, we have questioned the ecological validity of
tasks measuring absolute values (Section 3.2). Furthermore, low-level perceptual processes of comparing
simple separated objects seem to rely on extracted
relations, instead of absolute values (Danilova and
Mollon 2003). Our alternative local criterion to
measure focused attention was a similarity comparison
of two graphs with respect to deviant dimension.
Similar to previous experiments on local tasks, our
criterion implicitly required subjects to locate the
deviating dimension and this was conﬁrmed by selfreports. Experiment 2 measured just-noticeable-diﬀerence (JND; Stevens 1961) in the length of a bar or
sector, not the shortest perceivable sector or bar.
This experiment conﬁrmed that the more accurate
performance with sector graphs compared to bar
graphs in the holistic comparison (exp. 1) did not
result from a trade-oﬀ with lower accuracy in local
level diﬀerentiation. On the contrary, the use of sector
graphs resulted in more accurate perceptual evaluation
of represented data in both tasks. The two experiments
diﬀered with respect to required attention to visualised
data dimensions (integration or discrimination) and
required memory processes (standard visible or not).
However, as no trade-oﬀ was observed, there was less
incentive to isolate the inﬂuences of these two factors.
Moreover, both tasks required memory performance
of same order-of-magnitude if one utilises mostly
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foveal vision and saccades in Experiment 2. In fact,
all naive subjects were visually observed to saccade
between graphs.
The experiment was not designed to test the
guidelines of linear versus exponential (area) mapping
from data value to sector length. However, the JND
for sector graphs was relatively independent of the
baseline length of each sector, which supports the idea
of linear mapping.
8.

General discussion

8.1. Validity of the evaluation criteria
The most important ﬁnding of our experiments was
that the objective similarity in data represented by
sector or bar graphs predicted the subjective estimates
of similarity well. Moreover, the subjects were capable
of encoding the reference graph in less time than was
needed to initiate an eye movement. It is therefore
unlikely that they were using individual bars or sectors
(dimensions) for the comparison. All together, our
results are indicative of pre-attentive perception of
shapes that integrate several dimensions, possibly
independent of other higher-level cognitive activity
(conscious or symbolic). The results thus validate three
aspects of visualisations. First, it conﬁrms (1) the
global outline as an eﬀective evaluation criterion for
interactive visualisations of large quantities of data. In
object displays, the global outline facilitates integration of diﬀerent features. Thus, perceptual integration
empowers intuition to surpass the limitations of
conscious processing (cf. the customers of IKEA in a
study by Dijksterhuis et al. (2006)).
The results also determine the criteria for (2)
memorability and (3) discriminability. There was no
possibility of verifying the identity of the reference
graph after the alternatives were presented. The need
to backtrack with gaze is very harmful because it
increases the cognitive load. These short-term visual
memory requirements are stressed, for instance, by the
small screens of hand-held devices. The eﬀects for
cumulative performance become apparent when the
rate of eye movements is compared to the rate of much
less infrequent heart-beats.
Within seconds, the subjects in the second task
were able to locate a small diﬀerence in any of the
dimensions (discriminability); therefore, both graphs
satisﬁed all the task requirements (1–3) for complementary interaction of decision aids. The purpose of
the decision aids was to facilitate evaluation of the
statistical results of multi-dimensional visualisations
(with complicated algorithms) and their usefulness
for decision-making. For instance, if algorithmic processing is order-preserving, the outlines of adjacent
objects should appear to be similar. This purpose need
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not be explicit for the user, who simply explores details
about individuals.
8.2. Design implications
The fast presentation (100 ms) simulated eye ﬁxations
and highlighted: the advantage of sector graphs
relative to bar graphs, and the higher number of errors
made with coloured rather than B/W graphs.
We hope that further research with direct eye
movement monitoring will conﬁrm these results.
Alternative diagrams should be considered when
individual dimensions and detailed values are not
important (Shah et al. 1999, Zacks and Tversky 1999).
If the advantage of the sector graph resulted from its
polar coordinate system, then a star graph should also
outperform Cartesian proﬁle graphs. Furthermore, a
designer can emphasise global aspects by increasing the
size of the stimulus (Navon 1977, Kinchla and Wolfe
1979, Antes and Mann 1984). However, the size of a
visual chunk should not exceed 5 deg (Casey and
Wickens 1986, Tullis 1997). If the accuracy of detailed
values is very important, a reference frame should be
used (Cleveland and McGill 1984) by drawing a box
around bars or a circle around sectors to mark the
maximum value. When the frame was present, absolute
length was estimated more accurately for long bars
than for intermediate ones (Zacks et al. 1998). If very
small values are of importance, a dot chart is suggested
(Cleveland 1984). Usually this is not the case, and
normalising the data is helpful.
The order of dimensions is also important for the
global outline. In particular, data-driven clustering
provides a smoother silhouette for the mentioned
graphs and reduces line crossings with parallel
coordinates (Hurley 2004). Nonetheless, dimensions
often have meaningful ad-hoc clustering.
8.3.

Conclusion

We have established the importance of two new
evaluation criteria for the interactive use of graphs:
global outline and memorability. For one, the psychophysical experiments presented show that there is
relevant information available in the global outline
at the level of individual graphs. Second, these outlines
provide a visual indicator about the validity of
algorithmic reduction of dimensionality (e.g. MDS
or SOM). Thus, they improve trustworthiness and
intelligibility of multi-dimensional visualisations.
Third, information provided by global outline aids
the perceptual integration across the numerous details
(here: data dimensions) and this is the most common
diﬃculty with visualisations. In addition, our experiments show that the information from memorable

outline can be utilised even within the shortest eye
ﬁxations. To conclude, the most important thing in
psychophysical evaluation is to measure relevant
characteristics of the real tasks.
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Note
1.

A rare (see Petersen et al. 1981, Casey and Wickens 1986,
Legge et al. 1989) but more sophisticated alternative
for measuring the quality of graphs is to apply signaldetection theory.
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