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ABSTRACT
One of the problems affecting evaluation in the design and adoption
of HCI technology is that neither objective nor subjective measures
are sufficient when taken alone or individually. This paper proposes
a crossover approach, making sense of objective and subjective
evaluation methods by hypothesizing them as constitutive of each
other’s explanation. Objective image features borrowed from image
processing may explain or being explained in terms of validated
qualitative items for infographics value-in-use and qualitative la-
belling from users’ interaction. These methods are all applied to
the evaluation of a small set of Data Vizualizations (Data Viz from
now on). Image features are computed first, in order to provide a
varied-features Data Viz selection from researchers; the subjective
part of the evaluation is accomplished by the 98 participants of an
experiment, who interacted with pairs of Data Viz by executing
a task, then using the validated items of the Infographics-Value
(IGV) short scale, and adding free qualitative comments. Crossing
over these dimensions shows that: a high feature congestion in a
Data Viz can hinder its perceived intuitiveness and clarity; a poorly
distributed saliency may impact intuitiveness and clarity too; a high
colorfulness may influence the perceived beauty; both saliency and
colorfulness may impact on the perceived usefulness, informativ-
ity, and beauty. Furthermore, colorfulness can improve or worsen
the perceived overall quality of design and quality of interaction
when used and combined with feature congestion; and saliency may
improve or worsen the perceived beauty when interacting with
colorfulness. These results show how objective and subjective evalu-
ations may be exploited as each other’s explanations for improving
the evaluation process during both design and user experience with
Data Viz. Based on this experiment, the importance of crossing-
over quantitative and qualitative Data Viz evaluation is argued,
and motivations to the exploitation of a combination of approaches
instead of the application of one approach alone are supported.
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This contribution intends to lead towards a holistic Data Viz quality
assessment method, able to provide a virtuous cycle enforcing both
quantitative and qualitative approaches during all the phases of a
Data Viz evaluation life.
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1 MOTIVATIONS AND BACKGROUND
The design choices of effective and efficient Data Viz is, most of the
time, a matter of empirical knowledge left to the judgment of single
authors, data communication experts, data scientists, or graphic
designers [13]. This heterogeneity, lacking systematic background
and specific expertise, raised many problems in the quality of Data
Viz outcome due, for example, to the number of arbitrary features
added for aesthetics rather than informative purposes [11]. Today,
data are produced at an increasing pace, and this problem increases
its relevance and cannot be overlooked anymore. Data Visualization
should reduce the time to understand the data to anticipate the
time to make decisions. One of the reasons for the success of Data
Visualization is that it exploits the human visual perception system,
which enables people to understand an image at a glance, provided
that this task results as cognitively efficient and pleasant as possible
(cf the standard notion of usability). Since each feature added to a
Data Viz, even for decorative reasons only, vehiculates a perceptual
signal (color, shape, orientation, and the like) that is processed by
our cognitive system, the risk of useless or confusing information
is a concrete one [24].
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As said above, data exploration quality affects user experience
(UX). Among the several methods measuring UX [23], a combina-
tion of quantitative and qualitative evaluations is deemed one of the
more complete in giving a clear assessment of the UX [1]. However,
to the best of our knowledge, whether and how to combine those
methods has been the object of very few studies, in contrast with
the importance of this matter [3, 4]. Moreover, besides UX, even
fewer studies tried to address how authors and designers of Data Viz
could benefit from this evaluation activity, which would be carried
out well in advance concerning the time of users’ test. Not many au-
thors took all of these considerations seriously or provided a more
organic perspective in the above direction (as counterexamples, see
e.g., [6, 22]).

In the domain of image processing, this issue has reached a higher
relevance instead, and Image Quality Assessment (IQA) methods
were set up in combination. However, they are mainly focused on
natural scene images [8]. IQA methods are both subjective and ob-
jective. IQA strongly encourages their synergy in order to provide
quality metrics for images before or after publication or exploitation
in users’ tasks. Subjective methods are based on psycho-physical
experiments where human observers assign quality scores to an
image. The objective methods are computational models that aim to
automatically evaluate image quality and have to be correlated with
subjective scores. However, either subjective or objective methods
are used differently than in user experience frameworks. For exam-
ple, they are exploited on the same variable construct. Moreover, an
image is static, and most of the time UX is not considered among
the quality dimensions.

Inspired by both UX studies and the IQA field, we propose a
crossover of objective and subjective evaluation approaches for
the domain of Data Viz to be used either at design time or during
interaction with users. In order to bridge the above gaps, objective
and subjective methods are hypothesized as being in a reciprocal
explanatory relationship, and their effects are combined. In this
way, we should be able to provide a feedback loop solving their
respective limitations and improving their combined effects on
design.

Starting from the consideration that a Data Viz has a visual part
besides a textual one, we claim that the visual part of a Data Viz is
an image. It could be treated as such, especially when the visual and
diagrammatic features that can be extracted from it should respond
tominimum quality standards (see, e.g., [2]). A second characteristic
of a Data Viz lies in its purpose: giving users value, while interacting
with data. The value-in-use is one of the most specific subjective
evaluations for Data Viz. For example, other constructs like usability,
although usable as subjective evaluations, are very general purpose.
Using a combination of approaches taken from image processing
and value-in-use evaluation may serve both designers and users.
It can provide objective evaluations of Data Viz features first, and
their degree of influence on the subjective UX evaluations next, and
vice-versa. Discovering how image features influence interaction
may constitute the feedback returned to designers in terms of how
their design choices should be affected by users and could improve
their attitudes to Data Viz design (e.g., in image features calibration)
in a virtuous cycle able to improve the quality of Data Viz design
and interaction.

In this paper, we set up an experiment to start choosing the
Data Viz stimuli able to influence the perceived quality of Data
Viz during UX. The stimuli were chosen based on the analysis of
traditional low-level image descriptors like color, orientation, and
luminance contrast. The choice of these image descriptors instead
of the IQA metrics rootes in that, while the latter focus on the
evaluation of natural images and their distortions (e.g. blurriness,
noise, jpeg-blockiness), the former are able to give us a description
of the image in terms of low-level features for synthetic images like
data visualizations.

These image features are investigated in the light of their interac-
tion with the perceived value-in-use of Data Viz, measured through
the validated items of the Infographics-Value (IGV) short scale [17].
Furthermore, participants’ free comments on their experience with
the Data Viz are exploited to provide quality labelling of the in-
teraction experience and triangulate within the objective and the
subjective evaluations with validated methods. Our contribution
aims to investigate whether these simple image features explain
value-in-use or are explained in terms of value-in-use and vice-
versa in a virtuous cycle, and how to promote this crossing-over as
a new and more holistic methodological asset for Data Viz quality.
As said above, these new insights may, for example, help explain to
the designers and the UX researchers users’ impressions and causes
of difficulties with their Data Viz prototypes.
The questions that we would like to investigate in this study are
the following:

(1) Are objectively computed image features on Data Viz able to
explain and being explained by quality dimensions? If yes,
may such quality dimensions be those of value-in-use and/or
free labelling subjectively perceived by users?

(2) May this crossing-over be used to better qualify objective
evaluation and quantify subjective evaluation in a virtuous
cycle?

(3) With reference to Q2, how this crossing-over may be used?
The paper is structured as follows: Section 2 introduces the image

features, the qualitative items, and the experiment design, as well as
the Data Viz selected for the study; Section 3 presents the results of
our experiment, and Section 4 discusses the results by also resuming
the above research questions. Section 5 concludes with a recap of
the primary outcomes of this study, the limitations of the work
conducted, and future directions.

2 METHOD
In what follows, we provide definitions and the application of com-
puted image features to a Data Viz, namely: colorfulness, feature
congestion, and saliency; we introduce the Infographics-Value short
scale (IGV); we report the selection criteria of the four Data Viz
used in the study; and we explain how we designed the experi-
ment to let participants interact with pairs of Data Viz. We describe
their subjective evaluation with a set of validated items and free
text comments, further enriching the qualitative labelling of the
interaction experience.

2.1 Image Feature Computation
The first feature deemed suitable to be computed on Data Viz is
the colorfulness, which consists of a linear combination of the
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mean and standard deviation of the pixel cloud in the sRGB color
space. Such a linear combination was fitted to perceptual data
collected from the authors within a user controlled experiment
performed by Hasler and Suesstrunk [10]. From these correlations,
they observed that values of the metric greater than 80 indicate
high color perception.

As it is well known, clutter plays a crucial role in the design
of user interfaces and data visualization [21]. Therefore, the sec-
ond feature is the feature congestion measure of visual clutter
as proposed by Rosenholtz et al. [21]. It is based on the analogy
that the more cluttered a display is, the more difficult it is to intro-
duce a visually salient object. The congestion measure of clutter
considers three key features: color, orientation, and luminance con-
trast. Clutter maps for each of them were evaluated across scales
and combined to get a single measure for each image. Rosenholtz
et al. [21] tested this metric for different visual search experiments,
obtaining values of the index greater than 4 in the case of more
cluttered arrangements.

The third feature is not a single value but a topographic saliency
map of the image, as proposed by Itti et al. [12]. This model is
inspired by the visual attention mechanism, combining information
across modalities in a bottom-up manner. The maps encode low-
level visual features (intensity, orientation, and color) in a center-
surround fashion at several spatial scales. The multiscale features
are then combined into a single saliency map.

2.2 The IGV Short Scale for Subjective
Value-in-Use Evaluation

The Infographics-Value (IGV) short scale measures the value-in-the
use of Data Viz [16, 17]. The scale was made to assess the quality
dimensions of Data Viz experienced by users during the execution
of tasks in a contextualized scenario. Users were asked to retrieve
a piece of information by explicitly interacting with the Data Viz.
After usage, they were asked to rate the quality dimensions of
usefulness, intuitiveness, clarity, informativity, and beauty
of the Data Viz. The scale items can be used as a reference for
assessing subjective measures of the quality of Data Viz or for
comparing Data Viz quality dimensions. In this study, we adopted
the dimensions of the IGV scale using them as a way to compare
the two Data Viz shown to the participants. In particular, we used
the quality items to compare pairs of Data Viz, by asking users to
identify whether one or another of the two was perceived as having
that quality, or both (or none) were perceived as having that quality.
We obtained a variable, for each of the IGV quality dimensions, that
summed up to the number of positive (vs. negative) evaluations for
each Data Viz, included the positive (vs. negative) scores assigned
to both the Data Viz.

2.3 Data Viz Selection Criteria
Starting from the Data Viz online repository of “Beautiful News”1,
we selected a subset of Data Viz, according to the following criteria:

• being a very “basic type” of Data Viz and be of familiar kind
(bar chart, line chart, pictorial chart, area chart);

1https://informationisbeautiful.net/beautifulnews/

• having a “great variety” in the computed image feature val-
ues (Feature Congestion, Colorfulness, and Saliency — see
Section 2.1 for the details of computation);

• using the same feature for different encoding (e.g., colors
used either for decorative purpose only or for encoding cate-
gorical data; saliency resulting as being correctly maximum
where the key information content is located or, at the oppo-
site, being focused in the title or at the bottom of the chart,
and the like);

• non-redundancy of charts (e.g., we avoided selecting two
Data Viz of the same kind, like two bar charts, and preferred
one Data Viz for each of the above-mentioned kinds);

• containing no more than one take-home message to be fast
retrieved by users (e.g., a percentage incidence, a trend, a
difference between two periods, and the like);

• depicting very general topics (i.e., non-technical), so as to be
comprehensible by most part of people (e.g., rate of literacy,
rate of poverty, behaviour change rate, and the like)

A total of 10 Data Viz were provisionally selected. These Data
Viz were further inspected, and a final selection was carried out.
For example, too similar, too complex, or those with lower feature
values were discarded. This process was conducted by three of the
authors, each one reporting on a table of criteria the values for
each Data Viz and comparing the results among them until a final
agreement was reached. We ended up with a selection of four Data
Viz, reported in Figure 1. The selection criteria are summarized in
Table 1.

The selection criteria determined a feature vector:
⟨𝑘𝑖𝑛𝑑, 𝑠𝑎𝑙𝑖𝑒𝑛𝑐𝑦, 𝑓 𝑒𝑎𝑡𝑢𝑟𝑒 𝑐𝑜𝑛𝑔𝑒𝑠𝑡𝑖𝑜𝑛, 𝑐𝑜𝑙𝑜𝑟 𝑓 𝑢𝑙𝑛𝑒𝑠𝑠, 𝑐𝑜𝑙𝑜𝑟 𝑢𝑠𝑒⟩
for each Data Viz that we used to combine the Data Viz pairwise

according to their most comprehensive kind of variability and to
present this pair to participants for online interaction with them.

The full feature vectors of our Data Viz pairing activity are
depicted in Table2.

They present quite the opposite combinations of image feature
values asmeasured for the four Data Viz selected for our experiment.
We deem the variability maximum: in the above matrices, we have
four feature pairs with opposite values. Furthermore, this choice
maximizes the opposition of chart kinds. Indeed, line charts and
area charts have lines as a standard visual encoding. In pictorial
fraction charts icons are often used to encode bar-composing icons,
resulting more similar to bar charts than expected. Our combination
avoids this possible overlapping of visual encoding features.

2.4 Experiment Design
The experiment was designed as an online form with two Data Viz
administered to participants. For each Data Viz, the participants
where initially asked to inspect it, then they were asked to reply to
a question related to the information included in the Data Viz. We
chose to have a “different” task for each Data Viz, i.e., a question
related to the specific content of each Data Viz. Though this may be
interpreted as a possible bias in the experiment, we argue that for
us it is important to let user experience the value-in-use of Data Viz,
and this necessarily implies to strictly adhere to the specific content
of each Data Viz for the conceived task. Then, a questionnaire with
the quality dimensions described in Section 2.2 was administered

https://informationisbeautiful.net/beautifulnews/
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(a) 9-line chart (b) 49-pictorial fraction

(c) 1332-bar chart (d) 428-area chart

Figure 1: The four Data Viz selected for our study. Their original names contain one ID, the one used in the paper to identify
them (and named in their sub-captions, from left to right).

Table 1: Selection Criteria for the four Data Viz. The saliency description was derived by the manual inspection of a “black and
white” transformation of each Data Viz where the white represented the saliency areas of the picture.

Data Viz ID kind of chart Feature Cong. Index Colorfulness Index Saliency description

9 line 2.75 40.61 title and bottom
49 pictorial fraction 4.83 43.34 equal and all over
428 area 2.40 92.71 only at the center
1332 bar 4.33 80.58 bottom and top of bars

to the participants, where, for each quality dimension, they were
requested to indicate in which Data Viz the specific quality was
more evident. Finally, two free text answers (one for each Data Viz)
were required. They regarded positive or negative comments that
participants may wish to write about their interaction experience.
Either the order of presentation of the two Data Viz or the quality
items were randomly shifted each time to avoid response biases.

The structure of the online form administered to participants is
reported in Appendix A.

As written above, the formwas prepared in two variants: the first
one included Data Viz ID 1332 and 9, and the second one included
Data Viz ID 49 and 428. The choice of pairing the Data Viz in this
way derived from the above criteria (see Section 2.3) and further
considerations: it regards their kind, their objective measures of
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Table 2: The two feature vector matrices of our final pairing for the four Data Viz selected.

𝐹{1332∧9} 𝐹{49∧428}
kind bar line pictorial area
saliency - (top/bottom) - (top/bottom) - (all over) + (middle)
feature congestion + - + -
colorfulness + - - +
color use decorating mostly encoding encoding mostly decorating

feature congestion, colorfulness, and saliency, and the need to com-
bine them according to the broadest variability of feature value. It is
also related to the problem of administering a questionnaire online,
which suffers more than on-site experiments from the fatigue bias,
and the need to collect as much data as possible (by varying, for
example, the pair of Data Viz compared) with the minimum effort
required to the participants. The estimated completion time was
10 minutes. However, we did not consider the completion time in
our analysis, because the task to be accomplished was conceived as
a device aimed to interact with the Data Viz (i.e., having enough
time to observe it and to evaluate it).

On these principles, we selected the first pairs of Data Viz for
“Form number 1” including one Data Viz (ID 1332) with a feature
congestion index among the highest (4.33) and a colorfulness index
(80.56) among the highest, and another Data Viz (ID 9) with feature
congestion index (2.75) among the lowest and the lowest colorfulness
index (40.61) among the selected subset of Data Viz. On the opposite,
the second version of the form (Form number 2) was made of a pair
of Data Viz (ID 49) characterized by one Data Viz with the highest
feature congestion index (4.83) and one of the lower colorfulness
indices (43.34), and another Data Viz (ID 428) with the lowest feature
congestion index (2.40, i.e., the lowest value in the subset of Data
Viz selected for this study), and the highest colorfulness index (92.71,
i.e., the highest value in the subset of Data Viz selected for this
study).

Concerning saliency, the first pair of Data Viz is characterized by
having a focused saliency at the top and bottom of their layout (IDs
9 and 1332). In contrast, the second pair of Data Viz is characterized
by having a higher saliency all over (ID 49) or focused in their center
(ID 428) (see also 2).

In this way, we were able to collect and test for many combi-
nations of variable values using both between- and within-group
tests. For example, we tested the correlation of each quantitative
dimension with each qualitative dimension by comparing pairwise
results in a “control” vs. “treatment” fashion. Table 3 explains the
combination of tests where each time we had a “control” variable
(those with similar values) and one or more “treatment” variables
(those with opposite values). With within-group tests, we could
attempt more holistic results based on a combinations of variables.

In what follows, we present the results for each test carried out
and depicted in the above table.

3 RESULTS
The two versions of the form were left online for two weeks (from
mid-November to the end of November 2022). The questionnaires
were advertised at the University of each of the authors during
their classes. The participation was voluntary and anonymous, and

duplicate compilations were avoided. A total of 58 participants
completed Form number 1, and a total of 40 participants completed
Form number 2. After a check of the responses, all were retained
as valid ones. After codifying the valid answers to the questions re-
lated to the information content of each Data Viz into right (1) and
wrong (0), we proceeded to codify the answers related to each IVG
scale quality dimension for each Data Viz. For this task, we decided
to assign the total score referred to each Data Viz and half of the
scores referred to both Data Viz to each of the two. In the end, we
also codified the free text comments related to what the participant
had appreciated or not appreciated of each Data Viz just experi-
enced. The codification was carried out by a classification of all the
answers into topics (e.g., colors) and subtopics (e.g., readability of
colors), and a dichotomous value standing for positive comment
(1), negative comment (-1) or neutral one (0). The codification was
conducted independently by two authors, and a final agreement
was reached with a substantial Cohen’s k intercoder reliability [19]
of 0.65 (considered as moderately satisfying).

3.1 The Task execution
3.1.1 Within-group A and B tests. All participants completed the
task by answering one question related to the information content
for each Data Viz. Checking for statistical independence of the
differences between right and wrong answers for Data Viz 1332
and 9 led to running a 𝜒2 test, with a significance level of 0.05.
The relation between these variables was significant, 𝜒2 (1, N =
58) = 85.01, p < .001. Participants were much more likely to give
the correct answer for Data Viz 9 than for Data Viz 1332, with
statistical significance. The effect size, comparable to Cohen’s d and
calculated on this test [7, 18] is 3.3.

Regarding the Form 2 questionnaire, the 𝜒2 test run between the
right and wrong answers to the question of Data Viz 49 resp. Data
Viz 428 was 𝜒2 (1, N = 40) = 7.31, p < .01. Participants were much
more likely to give the correct answer for both Data Viz than the
wrong one. The effect size of the test is 1.34.

3.1.2 Between-group C, D, E, and F tests. Comparing the right and
wrong answers in test C, i.e., during interaction with Data Viz
1332 and Data Viz 428, led running the 𝜒2 on the two groups of
participants of Form 1 and Form 2. The relation between these
variables was significant, with 𝜒2 (1, N = 98) = 62.62, p < .001. This
result means that participants were much more likely to give the
correct answer for Data Viz 428 than Data Viz 1332.The effect size
of the test is 9.30.

Test D was computed to compare the right and wrong answers
of the task related to Data Viz 49 and Data Viz 9, and the 𝜒2 test on
the two groups of participants of Form 1 and Form 2 led to the result
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Table 3: Statistical tests with control vs. treatment variables. The sign “+” means that the control (resp. treatment) variable has
a higher value for the first Data Viz of the row resp. the second one; the sign “-” means the opposite (see also Section 2.3 for
details).

Test no: DV IDs Group Test Control variable(s) Test variable(s)

A: 1332 and 9 within Saliency (both -) Feature Congestion (+ and -), Colorfulness (+ and -)
B: 428 and 49 within Saliency (both +) Feature Congestion (- and +), Colorfulness (+ and -)
C: 1332 and 428 between Colorfulness (both +) Feature Congestion (+ and -)
D: 49 and 9 between Colorfulness (both -) Feature Congestion (+ and -)
E: 1332 and 49 between Feature Congestion (both +) Colorfulness (+ and -)
F: 428 and 9 between Feature Congestion (both -) Colorfulness (+ and -)

of 𝜒2 (1, N = 98) = 3.53, p=0.06, hence a non statistically significant
difference.

Test E aimed to compare the right and wrong answers of the
task related to Data Viz 1332 and Data Viz 49. The relation between
these variables was significant, with 𝜒2 (1, N = 98) = 90.87, p < .001.
This result means that participants were much more likely to give
the correct answer for Data Viz 49 than Data Viz 1332.The effect
size of the test is 4.27.

In the end, the last test was F, comparing the right and wrong
answers of the task related to Data Viz 428 and Data Viz 9. The
relation between these variables was significant, with 𝜒2 (1, N =
98) = 1.34, p = .24, hence a non statistically significant difference.

3.2 The perceived quality of interaction: IGV
Quality Dimensions

The following results aim to assess each quality dimension on
each pair of Data Viz, in order to confirm whether one Data Viz
was perceived significantly better from the point of its usefulness,
informativity, clarity, beauty, and intuitiveness than another one.
This qualitative evaluation from participants may then be put in
relation to the characteristics of each Data Viz as measured at the
beginning, i.e., the feature congestion level, the colorfulness level,
and the saliency level to extract new information about correlations
between objective and subjective measures.

3.2.1 Within-group A and B tests comparison. Regarding test A, a
binomial test2. Throughout the paper, each time we ran a binomial
test, we converted it into a z-test subject to the above condition, with
a significance level of 0.05. This test was ran in order to compute
the polarization of responses for each of the five quality dimensions
perceived and rated by participants.

In Test A, for Data Viz 1332, clear negative polarizations have
been detected for the following items (negative vs positive): intu-
itiveness (0.71 vs. 0.27, p >.0001, and effect size 0.48); beauty (0.70 vs.
0.28, p < .001, and effect size 0.44); informativity (0.64 vs. 0.36, p =
.03, and effect size 0.29); clarity (0.70 vs. 0.28, p < .001, and effect size
0.44). On the opposite, for Data Viz 9, these are all to be intended
as clear positive polarizations.

Regarding test B, for Data Viz 49, clear negative polarizations
have been found for the following items: intuitiveness (0.68 vs. 0.32,
p = .04, and effect size 0.36); clarity (0.79 vs. 0.21, p <.001, and effect

2We used the following rule of thumb: if 𝑛𝑝 ≥ 10 and 𝑛𝑞 ≥ 10, the binomial test
becomes a z-test, see also [14]

size 0.64). On the contrary, for Data Viz 428, this are all positive
polarization for both the above dimensions.

3.2.2 Between-group C, D, E, and F tests comparisons. For test C,
results of the two-sample proportion test3 with significance level
0.05 indicated that there is only one significant difference in the
beauty item between Data Viz 1332 proportion of positive polar-
ization (29%) and Data Viz 428 proportion of positive polarization
(60%), Z = 2.88, p = .004. The effect size is 0.64. Another significant
difference (although at a significant level of 0.1) of positive polar-
ization proportions was found for the informativity item, between
Data Viz 1332 (36%) and Data Viz 428 (55%), z = 1.71, p = .09, with
effect size 0.39.

Regarding test D, there is a significant difference in the beauty
item between Data Viz 9 proportion of positive polarization (71%)
and Data Viz 49 proportion of positive polarization (43%), Z =
2.65, p < .01, and effect size is 0.59.

Test E results show a significant difference in positive polariza-
tion proportion for item intuitiveness between Data Viz 1332 (27%)
and Data Viz 49 (68%), Z = 3.77, p < .001, and effect size 0.83; also
item clarity shows a significant difference between Data Viz 1332
positive polarization proportion (29%) and Data Viz 49 positive
polarization proportion (80%), Z = 4.79, p < .001, and effect size 1.08.

Test F showed a significant difference in positive polarization
proportions for item intuitiveness betweenData Viz 9 (71%) andData
Viz 428 (33%), Z = 3.6, p < .001, and effect size 0.8; also item clarity,
for the same Data Viz, shows a significant difference, with 69% of
positive polarization proportion vs. 23% of positive polarization
proportion , Z = 4.38, p < .001, and effect size 0.98.

3.3 The Free Quality Labelling from
Participants

As written above, each participant was invited to comment briefly,
for each used Data Viz to accomplish the task, about what they
have appreciated or not appreciated in their experience with it. All
comments were codified as reported in Section 2. The topics and
subtopics into which they were codified are depicted in Figure 2b.
All comments were retained as valid, no comments were codified as
neutral comments, there were either positive or negative ones, and
some comments contained either positive or negative statements
(hence, they were codified as both positive and negative for each

3all the sample proportion tests were run using the following calculatorhttps://www.
statskingdom.com/index.html.

https://www.statskingdom.com/index.html
https://www.statskingdom.com/index.html
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related subtopic). The proportions for negative and positive com-
ments for each Data Viz related to topics and subtopics are reported
in Figure 2a.

We ran a binomial test to identify statistically significant negative
vs. positive polarization between comments for each pair of Data
Viz. The results are synthesized in the table of Figure 3. This figure
reports the result of the test, only in terms of the p-value when
below the alpha level of 0.05, for each free text comment label
as codified manually, and for each Data Viz. Color and sign of
the figure report positive (green and +) and negative (red and -)
polarizations. For the sake of clarity, we do not report the results
of the binomial statistics in the figure, but only its significance.

These codified comments from participants are used in the next
discussion session, as an interpretation support that can triangulate
between the objective measurements (image features) computed at
the beginning and the subjective measurements of the validated IGV
quality items [20]. Appendix B reports the details of the binomial
statistics for the sake of completeness.

4 DISCUSSION
The analysis of results show that participants considered some Data
Viz as more problematic than others. The evidence of this outcome
is discussed in what follows, putting together the feature matrices
of the Data Viz criteria of Table 2, the within- and between-group
statistical analysis of Section 3 and the free text comments analysis
summarized in Figure 3.

The results show that Data Viz 1332 (bar chart) was significantly
more complex to interpret than all the other three Data Viz (9-line
chart, 49-pictorial and 428-area chart). Most part of participants
could not give the correct answer to the question related to this
Data Viz, and this phenomenon was significantly quantifiable in
orders of magnitude difference4. Data Viz 1332 is characterized
for having a higher value of both the feature congestion index and
colorfulness index and a saliency which was comparable to that of
its companion Data Viz (9), i.e., at its top and bottom, leaving the
middle more “undistinguished”.

The IGV qualitative items analysis shows that Data Viz 1332 was
considered significantly less useful, informative, clear, and beauti-
ful with respect to its companion Data Viz (9). The comments by
participants make evident that Data Viz 1332 received more nega-
tive comments than chance regarding all of the following aspects
and other Data Viz (in parenthesis): color choice (compared with 9
and 428); color encoding (compared with 428 and 49); chart choice
(compared with 429); quality of design and quality of interaction
(compared with 9 and 49). Interestingly, Data Viz 1332 is a bar chart,
which is deemed as one of the most familiar, the most precise for
differences comparison, and most popular ones.5

Regarding Data Viz 49, it was considered significantly less in-
tuitive and clear than its companion Data Viz in test B (ID 428).
The former is a pictorial fraction chart with the highest feature

4Verifying this is as simple as computing the odds ratio between either the proportions
of wrong or the proportions of correct answers for each pair of Data Viz
5Looking at the Google NGram Viewer, papers with topic bar charts are an order of
magnitude more numerous than papers with topic line chart, area chart, and picto-
rial charts. See for example https://books.google.com/ngrams/graph?content=bar+
chart&year_start=1800&year_end=2019&corpus=en-2019&smoothing=3, last accessed
January 2023.

congestion index value and one of the lower colorfulness index val-
ues. On the contrary, Data Viz 428 is an area chart with the lowest
feature congestion and the highest colorfulness. In terms of saliency,
Data Viz 49 was salient all over (without a key area of saliency). In
contrast, Data Viz 428 was more salient in the middle (being the key
information contained in the middle of the area chart). The qual-
itative comparison of these two Data Viz may reveal that feature
congestion is negatively impacting the intuitiveness and the clarity
of a Data Viz, e.g., by making it cognitively harder to be processed.
Also, saliency seems to have a role in the perceived clarity and in-
tuitiveness of a Data Viz, hence in the immediacy of interpretation
and in lowering the cognitive effort required to process it. This
result also seems to be confirmed by test E, where Data Viz 1332
(bar chart with top/bottom saliency) is significantly less intuitive
and clear than 49 (where saliency, although not focused in a defined
area of the chart, is nevertheless related to all the key informative
data points, i.e., the pictorial icons).

The above results may also suggest that feature congestion is the
more problematic feature when exceedingly high, at least for the
perceived quality of clarity in a Data Viz (all of the tests based on
the qualitative items tend to confirm this).

When the Data Viz is also charged with another high-value
feature (e.g., colorfulness), this combination may even worsen the
interaction, and the perceived usefulness, informativity, and beauty.
This seems to be confirmed whenever color is not used for data
encoding but rather for decorative purposes. Evidence of this is
given by the fact that Data Viz 9 (the line chart using color for
encoding trends) results as more intuitive and clear than 428 (the
area chart where color is mostly used as a decorative device), and
more beautiful than Data Viz 49 (the pictorial fraction chart where
the color is used for data encoding, but with a prevalence of less
saturated colors —gray and orange). A piece of evidence in this
direction is also shown in test E: Data Viz 9 has significantly more
positive comments related to color choice, quality of design, and
quality of interaction concerning Data Viz 428. However, Data Viz
49 collects significantly more positive comments regarding color
encoding than Data Viz 9. This result may hint at the influence of
saliency on the quality perception of beauty (Data Viz 49 has a good
saliency for each data points, whereas Data Viz 9 is less salient and
more at the top of it — the title and legend, rather than in the area
of data encoding — the multi-lines chart).

In test C, Data Viz 1332 was considered less informative and
beautiful than Data Viz 428. These two Data Viz have opposite
feature congestion. Also, saliency location is opposite. This result
may reveal that interaction among these two image features may
hinder the aesthetic experience and even the data informativity.
To strengthen this evidence, the participants’ comments seem to
confirm the significantly higher chart information fit of Data Viz
428 vs. Data Viz 1332. They both depict the rate of change of two
phenomena and, indeed, the area chart is perceived as more suitable
than the bar chart.

The perceived difference in terms of quality is also significant
about the colorfulness when comparing significantly positive com-
ments for Data Viz 49 (using color mostly for data encoding) for
the quality of design subtopic with respect to Data Viz 428 (using
color mostly for decoration purposes and partly for data encoding).
Interestingly, Data Viz 428 results have significantly more negative

https://books.google.com/ngrams/graph?content=bar+chart&year_start=1800&year_end=2019&corpus=en-2019&smoothing=3
https://books.google.com/ngrams/graph?content=bar+chart&year_start=1800&year_end=2019&corpus=en-2019&smoothing=3
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(a) (b)

Figure 2: On the left (2a): Topics and subtopics emerged from the codification of free text comments from participants. Each
comment was labelled as positive or as negative for each of the topics and subtopics. On the right (2b): Proportion of negative
and positive comments for each Data Viz, by subtopics.

Figure 3: Binomial test run on each pair of Data Viz; p-values are reported only if statistically significant. The number of ’-’
or ’+’ determines the p-values: -(+) stands for p < .1, - -(++) stands for p. < .05, and ---(+++) stands for p < .001. The + or - sign
identifies a positive (resp. negative) comment polarization for the corresponding Data Viz (see also Table1).

comments for missing data than Data Viz 49, 1332, and 9, and more
negative comments related to the quality of design and the quality
of interaction than Data Viz 49 and 9 (both using color for data
encoding). This is surprising considering that Data Viz 49 is more
feature congested than Data Viz 428. This result may suggest that
participants were sensible to colorfulness, up to the point that this
feature can emphasize or mitigate the effect of feature congestion
and to overall and negatively impact a good design perception and
the quality of interaction experience. Further considerations in this
direction may regard the influence of the aesthetics quality of Data

Viz (e.g., the perceived beauty) on the participants’ perception and
of the quality of interaction experience overall.

Resuming the research questions of Section ??, we may conclude
that some statistically significant reciprocal explanatory relations
exist between image features measured quantitatively and the value-
in-use of Data Viz measured qualitatively; furthermore, also some
qualitative labelling from users during their experience with Data
Viz were significantly related with both image features quantifi-
cation and value-in-use qualification items. Ways to exploit these
each other’s explanatory relationships evaluations are, for example,
considering them in tandem, either in the design phase or during a
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user experience study, by adding the right mix of features in a Data
Viz and by raising awareness of their interaction with the percep-
tion of the quality of experience with them. We may conclude that
studies of this kind provide proof of concept of the virtuous cycle
triggered by crossing-over evaluation methods as constituents of a
whole construct of Data Viz quality rather than using a one-way
approach or different methods taken individually.

5 LIMITATIONS AND CONCLUSIONS
One of the limitations of our work lies in the number of features
considered, and the number of Data Viz taken into exam. Our choice
is motivated by the fact that we preferred to start with a minimum
but meaningful set of image features and focus on a depth-first
analysis of a few Data Viz rather than a width-first analysis involv-
ing many kinds of Data Viz. This choice also reduced the variables
to be controlled and the possible confounders. Another limitation
regards the feature metrics we have considered, for example, the
fact that only bottom-up saliency models were identified. It should
be interesting to integrate top-down factors/elements within our
framework. Also considering 3D visualizations could be considered
an extension to the present work, adding to the features set the one
of “navigability” [15]. A third limitation depends on the experiment
design choice, which is only to compare objective measurements
with subjective measurements, and not, for example, setting a-priori
hypotheses about objective or subjective measurement interactions.
This is again due to the need to delimit the experiment complexity
and the variables to be controlled in order to give a deeper rather
than wider view.

That said, our contribution may be identified clearly in the im-
portance of attenuating the feature congestion in Data Viz in favor
of the perceived intuitiveness and clarity of Data Viz, as well as to
reach a good distributed saliency not to impact on these quality
dimensions; also colorfulness may influence the perceived quality of
Data Viz, especially in the perceived beauty; and both may impact
on the perceived usefulness, informativity and beauty. Colorfulness
can improve or worsen the above quality dimensions and the per-
ceived overall quality of design and quality of interaction when used
and combined with feature congestion. In contrast, saliency may
attenuate the harmful impact of a high colorfulness on the quality
dimension of beauty. Research questions found a satisfactory an-
swer in that taking into account the whole design of this study,
from the selection criteria to the user experience study, can be seen
as a methodological framework towards the definition of a Data Viz
quality assessment method based on a virtuous cycle of quantitative
and qualitative evaluations.

As future work, we consider taking into account high-level image
features like, for example, memorability [5], aesthetics [25] and
complexity [9]. Another step will regard the exploitation of eye-
tracking tools that will provide us with a ground-truth map of the
saliency. Also, making a more detailed analysis and integrating the
textual and the visual modalities present in the Data Viz, would
enrich the evaluation frame.

We also consider widening the target of Data Viz to be analyzed,
by taking into exam other kinds of charts, representing data of
different nature and granularity, Data Viz containing more than
one chart, 3D visualizations, and the like.
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A ONE OF THE TWO FORMS USED IN OUR
EXPERIMENT

Here we depict the structure of one of the two forms used in our
experiment. The form is divided in two parts: part one contains
the two Data Viz and the task (question) to be accomplished by
interacting with it; part two contains the qualitative evaluation (the
IGV items + open questions about pros and cons of the two Data
Viz).

A.1 Part One: Data Viz and a task to be
accomplished

Look at the 2 Data Viz below and answer a question under each one
(answers are required). Then evaluate the two infographics with
the 5 proposed comparative quality dimensions (mandatory choice).
Finally, add your considerations on each of the two infographics in
the dedicated free comment parts (optional).

Viz ID 1332

Question: Since which year has the phenomenon shown in the
graphic grown without decreasing?

__ Viz ID 9

Question: Which country had the lowest incidence of cases over
the period?

A.2 Part Two: Qualitative Evaluation
Based on your use of the two Data Viz, evaluate which dimension
you would attribute more to one or more to the other.

Table 4: The IGV items presented for the qualitative and
controlled evaluation phase of the experiment.

Dimension Plus the first Same as Plus the second

Useful
Informative
Beautiful
Clear
Intuitive

Comment on the first Data Viz (is there anything you particularly
liked or disliked about it)?

free text answer

The same question is proposed for the second Data Viz

B BINOMIAL TESTS ON THE CODIFIED
PARTICIPANTS’ COMMENTS

The following table reports the result of the binomial test statistics
for participants’ comments.
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Table 5: Binomial statistics with p-value depicted as one, two or three asterisk depicting the significance.

Topic Test A Test B Test C Test D Test E Test F
1332 9 49 428 1332 428 9 49 1332 49 9 428

Color choice 3.3*** 2.2** 2.7** 2.4** 1.7*
Color encoding 2.6** 2.1** 3.3*** 1.7* 3.8*** 2.3** 1.9*
Quality of data
Missing data 4.8*** 4.1*** 1.7* 4.6***
Chart choice 1.6* 1.9*
Chart information fit 2.3* 1.9*
Quality of design 4.6*** 4*** 3.3*** 3.3*** 3.4*** 2.8** 4.4*** 4.4***
Quality of interaction 2.5** 6.4*** 5.3*** 5.4*** 1.9* 6.2***
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