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Abstract

We present a study on the visual assessment of relative data
point distances in Parallel coordinate systems and scatterplots in
Cartesian coordinate systems. Speciﬁcally, we assess the impact
of coordinate system type, dimension, and relative point distance
deviation. We performed an online pilot experiment with 100 participants using Amazon’s MechanicalTurk. The experiment design
and methodology are presented in detail and results indicate that
there may indeed be a difference in human performance when visually assessing distances in the considered coordinate systems.
We argue that further investigations are needed to draw stronger
conclusions. These should consider inclusion of other factors into
the experiment design, such as the relative angle between data
points that is expected to have a signiﬁcant impact on the outcomes.

Introduction

Visual assessment of graphical perception has been of research interest for several decades with pioneering work by Cleveland et al. [5] on fundamentals of using graphical elements to
quantify visual information. Since then, there has been a large
body of work covering many aspects of visual perception in visualisation and graphics [21]. Generally, we distinguish between
works that focus on the assessment of low level perceptual attributes in the spirit of Cleveland’s work [15] and comparison of
high level complex visualisations [1, 19].
Scatterplots in Cartesian coordinate systems have been
around for a long time and are widely adopted to visually represent data points. Their limitations of representing multivariate
data have sparked the development of new techniques, such as
Parallel coordinates [13]. Parallel coordinates have since become
a standard tool for the visualisation of multivariate data by representing N-dimensional points as polygonal lines crossing N parallel axes. Similar to Cartesian coordinates, this layout allows
one to read off data values at different levels of dimensionality:
individual axes represent one-dimensional information, pairs of
axes represent two-dimensional projections, and retrieving values from multiple axes provide enough information to reconstruct
multidimensional data. While some studies suggest that Cartesian
coordinates outperform parallel coordinates in conveying twodimensional linear correlations, others have shown that parallel
coordinates may provide a very effective interface for tracing the
values of a single data point across multiple dimensions.
In this study, we extend this line of research by assessing the
visual performance of novice users in value retrieval and comparison/characterisation tasks for Cartesian Coordinates (CC) and
Parallel Coordinates (PC). Speciﬁcally, we investigate human per-
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formance in estimating relative distances between data points in
CC and PC in various dimensions. We hypothesise that the performance of PC relative to CC increases with the dimension of
the coordinate system. Towards this end, we conducted an on-line
psychophysical experiment using Amazon’s MechanicalTurk. We
found that there may indeed be a difference in human performance
when visually assessing distances in the considered coordinate
systems. We argue that further investigations are needed though
to draw stronger conclusions with regard to our hypothesis. We
consider this experiment to be a pilot to a larger body of work that
investigates low level perceptual attributes in data visualisation to
effectively represent data properties.
The remainder of the paper is organised as follows. In the
following section we brieﬂy review some more related work.
We then go on introducing in detail the experiment design and
methodology, followed by an analysis and discussion of the experiment results. We ﬁnish with concluding remarks.

Related Work

A single scatterplot in a CC system is typically used to visualize points in two dimensions. For N-dimensional data, multiple two-dimensional scatterplots can be used to convey the full
dataset in N − 1 (typically axis-aligned) two-dimensional subspaces. These can be arranged in various ways [4, 18, 20], with
the scatterplot matrix [8] (SPLOM) being the most common approach.
Parallel Coordinates [13] have become a standard technique
for the visualization of multidimensional data. Since the ﬁrst publication [12], many techniques have been proposed to address the
most common challenges in traditional PC (see [10] for a recent
overview), typically by modifying either the layout of axes or the
appearance of lines. While most of these were evaluated in comparison to the traditional, line-based PC plot [14], only little is
known about the effectiveness of traditional PC in conveying simple properties of the underlying, multidimensional data.
Two independent studies [6, 17] found that scatterplots outperform PC in conveying linear correlation. However, both studies investigated two-dimensional data. Holten & van Wijk [11]
further found that participants in their study identiﬁed the number
of clusters faster and more accurately with a set of scatterplots.
While clusters are a multidimensional property, its number does
not change once identiﬁed in any of the subdimensions. In contrast, the relative distance of points as investigated in this work
can only be judged accurately after looking at all dimensions.
Kuang et al. [16] compared the performance of a value retrieval task in PC with three variations of scatterplots. Value retrieval is a subtask for many other tasks [2], including the estima-
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tion of relative distances. The results of their study show that PC
outperform scatterplots in CC for sparse data. This is expected, as
PC support the task naturally by resolving the correspondence of
point coordinates over multiple dimensions visually, i.e. by connecting them with a line. In order not to confound our results
with the value retrieval task, we use color to resolve the correspondence of points between multiple dimensions.

Psychophysical Experiment
Experiment Design

We designed the experiment with the main goal to investigate
the relative performance of PC and CC for multi-dimensional data
characterisation. We considered 2-dimensional, 3-dimensional,
and 4-dimensional coordinate systems. For the purpose of assessment, we simply presented 3 data points in each coordinate system labelled A, B, and C. Observers were instructed to identify
the point B or C that is closer to point A. We did not control the
overall distance and angles between the data points but the relative distance deviation of A to B and A to C to add variability to
the experiment. Given the above, we had three independent variables: coordinate system type T , coordinate system dimension D,
and point distance deviation δ . The latter is deﬁned as the absolute difference of the respective distances of A to B and A to C.
The details of these independent vairables (IV) are summarised in
Table 1. We did a full factorial design of these IVs resulting in
2 × 3 × 11 = 66 stimuli.
Table 1: Summary of independent variables.

Variable name

Variable values

#

Coordinate system
type T
Coordinate system
dimension D
Point distance deviation δ

Parallel / Cartesian

2

2/3/4

3

0 / 0.05 / 0.1 / 0.15 / 0.2 / 0.25
/ 0.3 / 0.35 / 0.4/ 0.45 / 0.5

11

(a)

(b)
Figure 1. Example 2D stimuli for (a) PC and (b) CC systems.

Stimuli Creation

We created the stimuli using R. For each plot, three data
samples were presented in the respective coordinate system type
and dimension. While the IVs summarised in Table 1 were fully
controlled, the overall distances and angles between data samples
were randomly computed. Example stimuli are presented for 2D,
3D, and 4D coordinate systems in Fig. 1, Fig. 2, and Fig. 3, respectively.
While the design of PC lends itself to visual representations
in coordinate system of three or more dimensions, CC are most
suitably presented in two dimensions. We therefore chose to
present three and four dimensions in our experiment as a series
of 2D CC systems. Speciﬁcally, two 2D CC systems are needed
for 3D representation and three 2D CC systems are needed for 4D
representation.
The axes for all coordinate systems are referred to as Xi, i ∈
{1, 2, 3, 4}. For the PC we chose the most intuitive arrangement
for these axes by simply sorting them in increasing order from
left to right. The strategy for arranging the CC axes was not as
intuitive. Several such strategies are discussed in Kuang et al. [16]
and we decided for an arrangement that we consider to be fairest
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(a)

(b)
Figure 2. Example 3D stimuli for (a) PC and (b) CC systems.

for comparison with PC: mapping consecutive dimensions onto
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(a)

(b)
Figure 3. Example 4D stimuli for (a) PC and (b) CC systems.

consecutive axes (referred to as ’Remember Value’ by Kuang).
Speciﬁcally, the ﬁrst CC system is mapping X1 onto X2 and, if
applicable, the second and third CC systems are mapping X2 onto
X3 and X3 onto X4, respectively.
The colours of the lines and points are the same between the
PC and CC and were chosen from ColorBrewer [7] for them to be
distinguishable also by participants with colour vision deﬁciencies. Legends were provided that mapped the colours onto the
labels: black for A, red forB, and green for C.

nate system types and dimensions and a range of point distance deviations. Only if the participants answered all six
training questions correctly were they allowed to continue
with the actual experiment.
• Experiment: The 66 test stimuli were all presented on a
scroll-down screen, with the instructions provided above
each stimulus and the radio buttons for choosing the answer
being provided below the stimulus. The stimuli were presented in randomised order.

Experiment Methodology

The experiment was performed online using Amazon MechanicalTurk [3], which has been shown to be a viable technique
for graphical perception assessment [9]. Our experiment consisted of three stages as follows.

The ’Introduction’ and ’Training’ were both presented on the
same screen and were part of a ’Qualiﬁcation’ session. If passed,
the participants could move on to the next screen to perform the
actual ’Experiment’.

• Introduction: The potential participants were provided
with relevant information about the experiment, such as, the
purpose, remuneration, and intent for use of the collected
data. Participants were also informed that the experiment
had been approved by the CSIRO Social Sciences Human
Research Ethics Committee and have been provided with
appropriate contact details should they have any questions or
issues concerning the experiment. After carefully reviewing
this information, participants were asked to give their consent for taking part in the experiment.
• Training: A detailed explanation of the experiment procedures as well as a brief tutorial on PC and CC was presented.
A short training session was performed in which six stimuli
were presented that were not part of the actual test stimuli.
These stimuli were carefully chosen to represent all coordi-

The experiment task presented to the participants for each
of the stimuli was as follows: Please consider the following coordinate system presenting three data points A, B, and C. Please
choose the point B or C that is closer in distance to point A.. The
participant could choose one of three answers using radio buttons:
’B is closer’, ’C is closer’, ’Both are equally far away’. The overall time to perform the experiment was estimated to be 25-30 min,
including the qualiﬁcation session but excluding breaks.
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Participants
A total of 100 people took part in the experiment. The participants were paid 4 USD for their effort in line with the minimum
US wage of 8 USD per hour. No demographic information has
been collected from the participants.
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Results
Our target variable of interest is the correctness of answers
that the participants provided to each of the stimuli. In the following we analyse the target variable with regard to the participants
and all independent variables. We also provide an overview of the
total response times of all participants.

Correct responses per participant
Each participant responded to 66 stimuli. We designed the
experiment in a way to challenge the participants and did not expect from them to be able to answer all questions correctly. Figure
4 provides an overview of the number of correct responses by each
participant. The participants are sorted here in descending order
of the number of correct responses.

Correct responses: Parallel vs Cartesian coordinates

With this study we aimed to identify the relative performance
in estimating visual distances in PC and CC. In Fig. 5 we therefore
present the difference between the number of correct responses
for PC and CC, referred to as ∆C . Positive and negative ∆C indicate more correct responses for PC and CC, respectively. The
difference ∆C is provided for all coordinate system dimensions D
and point distance deviations δ .
Our original hypothesis was that CC may outperform PC for
lower dimensions and PC outperform CC for higher dimensions.
While we can see clear differences between the performance of
PC and CC for the different dimensions, we cannot see a clear
trend that provides evidence towards this hypothesis. There is also
no clear trend of ∆C changing with regard to the point distance
deviation δ .

Correct responses for independent variables

Figure 6 presents correct responses aggregated for the individual independent variables. It can be seen that PC overall outperforms CC. Counter to our intuition, the number of correct responses is not inversely related to the dimensionality but exhibits
a minimum for 3D coordinate systems. Similarly, we cannot observe an expected increase in correct responses with an increase
in point distance deviation δ .
We performed a 3-way Analysis of Variance (ANOVA) for
main effects and two-factor interactions to further investigate the
impact of all independent variables on the number of correct responses. The results are presented in Table 2.
None of the main effects and interactions is signiﬁcant.
Keeping in mind that the experimental evidence at this stage is
limited, we are careful in rejecting our hypothesis that the dimensionality of the coordinate system has an effect on the success of
PC versus CC.

45

Number of correct responses

40
38
36
34
32
30
28
26
24
22
20
18
15
0

Table 2: Analysis of Variance (ANOVA) of the independent variables for main effects and two-factor interactions.
0

10 20 30 40 50 60 70 80 90 100

Participant number
Figure 4. Number of correct responses for all participants. The participants
are sorted here in descending order of the number of correct responses.

We found indeed that participants were able to answer only
about 1/3 to 2/3 of all questions correctly. Speciﬁcally, the best
performing participant answered 41 questions correctly and the
worst performing participant provided only 18 correct answers.
The mean and median over all participants are 31, or just less
than half of all stimuli. Given three possible answers, one could
have expected 22 correct answers through random choice. There
are 4 participants with 22 or less correct answers. As such one can
argue that most of the participants made informed choices during
the experiment. However, the performance by many individuals
and as an average over all participants was lower than we initially
expected. We believe that this is partly due to the point distance
deviation being chosen rather low and therefore potentially challenging the participants too much.
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IVs
T
δ
D
T ×δ
T ×D
δ ×D
Error
Total

Sum of squares
564.4
7777
1496.3
5188.8
1237.3
11228.1
18267
45758.9

df
1
10
2
10
2
20
20
65

Mean square
564.38
777.7
748.14
518.88
618.65
561.4
913.35

F
0.62
0.85
0.82
0.57
0.68
0.61

p
0.44
0.59
0.46
0.82
0.52
0.86

Total response times

Figure 7 presents the total response times for all participants.
A log scale is used on the ordinate as some of the response times
were extremely large compared to the majority. The order of the
participant numbers on the abscissa is the same as in Fig. 4.
One can see that completion time for the experiment varied
widely. From visual comparison between Fig. 4 and Fig. 7 as well
as correlation analysis, we observe that the completion time of

HVEI-136.4

Difference of correct responses

©2016 Society for Imaging Science and Technology
DOI: 10.2352/ISSN.2470-1173.2016.16HVEI-136

60
40
20
0
-20

2D
3D
4D

-40
-60

0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

0.45

0.5

Point distance deviation
Figure 5.

Difference between the number of correct responses for Parallel coordinates (PC) and Cartesian coordinates (CC). Positive and negative values

Percentage of correct responses

indicate more correct responses for PC and CC, respectively. The difference is provided for all coordinate system dimensions D and point distance deviations δ .
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Figure 6. Number of correct responses for coordinate system type T (left), coordinate system dimension D (centre), and point distance deviation δ (right).

Discussion and Conclusions
We performed an analysis of the target variable, the number
of correct responses per stimulus, with regard to the IVs: coordinate system type T , coordinate system dimension D, and point
distance deviation δ . While visual analysis of the results shows
clear differences within and between the IVs, we could not ﬁnd
any signiﬁcant main and interaction effects. We can thus not draw
strong conclusions with regard to our main hypothesis, that the
performance of PC increases relative to CC with an incrase in dimention D. We believe that this may be partly due to the following
experment design choices.
First, the point distance deviations δ were likely chosen too
small, thus challenging the participants too much and not providing enough evidence towards ’obvious’ cases. In future experiments, we will therefore more carefully design this factor by
including more distinct point distance deviations.
Second, in our experiment, we did not control the relative
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10 4

Total response time [min]

the experiment is uncorrelated to the number of correct responses
(ρ = −0.1). It therefore appears that participants who spent more
time on the experiment did not necessarily perform better than
participants who spent less time. Participants with completion
times well above 100 min are expected to have not completed the
experiment in one session but likely took extended breaks.

10 3

10 2

10 1

10 0

0

5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95 100

Participant number

Figure 7. Total response times for all participants. The order of the participants is the same as in Fig. 4.

angle between data points as well as overall distance. From looking at the results of this pilot study, we conjecture that especially
the relative angle may have an impact on the results. This may
be particularly true for the assessment in PC as the relative angle
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results in entirely different patterns of the lines. In CC, the overall
pattern would be subjected to rotation only, which is perceptually
less demanding.
Finally, we used only one stimulus per condition. Given that
the angle and overall distance were not controlled but are expected
to have an impact, we believe that this would have an unwanted
effect on the overall results. Controlling the angle and overall
distance as outlined above should mitigate this problem.
In conclusion, we believe that this pilot experiment and the
related analysis and discussion provide valuable insight into the
visual assessment of relative distances in PC and CC. We will
continue this effort taking into account the lessons learned in the
experiment design. In laboratory based experiments, we also intend to include eye gaze tracking to obtain further insight into the
visual assessment strategies of the participants.

References

[1] Yael Albo, Joel Lanir, Peter Bak, and Sheizaf Rafaeli.
Off the radar: Comparative evaluation of radial visualization solutions for composite indicators. Visualization and
Computer Graphics, IEEE Transactions on, 22(1):569–578,
2016.
[2] Robert Amar, James Eagan, and John Stasko. Low-level
components of analytic activity in information visualization.
In Information Visualization, 2005. INFOVIS 2005. IEEE
Symposium on, pages 111–117. IEEE, 2005.
[3] Michael Buhrmester, Tracy Kwang, and Samuel D Gosling.
Amazon’s mechanical turk a new source of inexpensive, yet
high-quality, data? Perspectives on psychological science,
6(1):3–5, 2011.
[4] Jarry H. T Claessen and Jarke J van Wijk. Flexible
Linked Axes for Multivariate Data Visualization. IEEE
Transactions on Visualization and Computer Graphics,
17(12):2310–2316, 2011.
[5] William S. Cleveland and Robert McGill. Graphical perception: The visual decoding of quantitative information on
graphical displays of data. Journal of the Royal Statistical
Society. Series A (General), 150(3):192–229, January 1987.
[6] Lane Harrison, Fumeng Yang, Steven Franconeri, and
Ronald Chang. Ranking visualizations of correlation using
weber’s law. Visualization and Computer Graphics, IEEE
Transactions on, 20(12):1943–1952, 2014.
[7] Mark Harrower and Cynthia A Brewer. Colorbrewer. org:
an online tool for selecting colour schemes for maps. The
Cartographic Journal, 40(1):27–37, 2003.
[8] J.A. Hartigan. Printer graphics for clustering. Journal
of Statistical Computation and Simulation, 4(3):187–213,
1975.
[9] Jeffrey Heer and Michael Bostock. Crowdsourcing graphical perception: using mechanical turk to assess visualization
design. In Proceedings of the SIGCHI Conference on Human Factors in Computing Systems, pages 203–212. ACM,
2010.
[10] Julian Heinrich and Daniel Weiskopf. State of the Art of
Parallel Coordinates. In STAR Proceedings of Eurographics
2013, pages 95–116. Eurographics Association, 2013.
[11] Danny Holten and Jarke J Van Wijk. Evaluation of Cluster Identiﬁcation Performance for Different PCP Variants.
Computer Graphics Forum, 29(3):793–802, 2010.

IS&T International Symposium on Electronic Imaging 2016
Human Vision and Electronic Imaging 2016

[12] Alfred Inselberg. The Plane with Parallel Coordinates. The
Visual Computer, 1(4):69–91, 1985.
[13] Alfred Inselberg. Parallel coordinates. Springer, 2009.
[14] Jimmy Johansson and Camilla Forsell. Evaluation of parallel coordinates: Overview, categorization and guidelines
for future research. Visualization and Computer Graphics,
IEEE Transactions on, 22(1):579–588, 2016.
[15] Matthew Kay and Jeffrey Heer. Beyond weber’s law: A
second look at ranking visualizations of correlation. Visualization and Computer Graphics, IEEE Transactions on,
22(1):469–478, 2016.
[16] X Kuang, H Zhang, S Zhao, and Michael J McGufﬁn. Tracing tuples across dimensions: A comparison of scatterplots
and parallel coordinate plots. In Computer Graphics Forum,
volume 31, pages 1365–1374. Wiley Online Library, 2012.
[17] Jing Li, Jean-Bernard Martens, and Jarke J van Wijk. Judging correlation from scatterplots and parallel coordinate
plots. Information Visualization, 9(1):13–30, 2010.
[18] Huamin Qu, Wing-Yi Chan, Anbang Xu, Kai-Lun Chung,
Kai-Hon Lau, and Ping Guo. Visual Analysis of the Air Pollution Problem in Hong Kong. IEEE Transactions on Visualization and Computer Graphics, 13(6):1408–1415, 2007.
[19] Susan VanderPlas and Heike Hofmann. Spatial reasoning
and data displays. Visualization and Computer Graphics,
IEEE Transactions on, 22(1):459–468, 2016.
[20] C. Viau, M. J McGufﬁn, Y. Chiricota, and I. Jurisica.
The FlowVizMenu and Parallel Scatterplot Matrix: Hybrid
Multidimensional Visualizations for Network Exploration.
IEEE Transactions on Visualization and Computer Graphics, 16(6):1100–1108, 2010.
[21] Colin Ware. Information visualization: perception for design. Elsevier, 2012.

Author Biography

Ulrich Engelke received his Masters in Electrical Engineering from RWTH Aachen University, Germany, (2004) and his PhD
degree in Telecommunications from the Blekinge Institute of Technology, Sweden (2010). Since then he has worked in the Visual
Experiences Group at Philips Research, The Netherlands, and the
Cognitive Systems Group at the Commonwealth Scientiﬁc and Industrial Research Organisation (CSIRO), Australia. His research
interests include visual analytics, perceptual imaging, and cognitive informatics.
Jenny Vuong completed a BSc in Computer Sciene in
Medicine and an MSc in Biomedical Engineering focusing on
the development of a micromechanics model to predict elasticity
properties of bones/biomaterials at Vienna University of Technology. At University of Reading, she completed a PhD in 3D vision,
studying how the human visual system is representing the layout
of a scene. She is currently a postdoctoral fellow at CSIRO working on data visualisation of complex biological data.
Julian Heinrich is a postdoctoral fellow at the Commonwealth Scientiﬁc and Industrial Research Organisation (CSIRO).
He received a PhD in computer science from the University of
Stuttgart, Germany, and a Masters (”Diplom”) in Bioinformatics
from the University of Tuebingen, Germany. His research interests include the development and evaluation of visual analytics
and information visualization methods with applications in the
life sciences.

HVEI-136.6

