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Abstract 
The rapid influx of low-quality data visualizations is one of the main challenges in today’s 

commu- nication. Misleading, unreadable, or confusing visualizations spread misinfor-
mation. Furthermore, they fail to deliver their message to the viewer. The scale of the prob-
lem is big enough that there already exist public fora gathering tens of thousands of users 
criticizing graphics and charts (reddit.com/r/dataisugly) made with obvious mistakes. Cur-
rent attempts at data visualization appear mostly as simple and overgeneralized checklists, 
and often lack systematicity and versatility. The lack of proper tooling for evaluating data vis-
ualization quality further heightens the problem.  

Therefore, this paper proposes VisQualdex, a systematic set of guidelines for static data 
visual- ization. The codex categorization is based and inspired by the theory of Grammar of 
Graphics. It contains dozens of criteria designed to catch various errors and mistakes of dif-
ferent categories and magnitude. Furthermore, it has been peer-reviewed and tested by ex-
perts of data visualization, data science, graphics design, information technology and com-
puter science.  

To apply theory in the real world and increase the practical impact of VisQualdex, this 
contribution also introduces a practical tool. The implementation of the guidelines is availa-
ble in the form of the web server, https://visqual.onrender.com, developed as a single page 
application in JavaScript using Vue.js and Material Design principles.  
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1 Introduction  
The first historical stamps of data visualization reach back to before 17th century. Its 

“golden age” dates to the second half of 19th century [1]. However, it is the 21st that may be 
called the renaissance of data visualization.  

Human preference to acquire information with visual means [2] in tandem with the time 
efficiency of conveying information with charts [3] results in massive production of data visu-
alization applied in various fields, including business analysis, Big Data, psychology, journal-
ism, and production process [4,5]. Mass-produced charts, graphs, diagrams, schemes and in-
fographics flood the market and the viewers [6].  

The influx of data visualizations is possible thanks to the vast plethora of specialized 
tools. Although novel software makes visualization easier, they do not ensure the quality of 
their creations. Moreover, no modern tools are designed to evaluate the quality of the data 
visualization. We are still limited to guidelines presented in checklists, lists of questions or 
suggestions that often fail to fulfill their task [7]. To fill this void, we propose organized, sys-
tematic data visualization guidelines based on state-of-the-art practices, VisQualdex.  
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Our methodology allows everyone, from non-specialists to data science experts, to assess 
the quality of data visualization and pinpoint existing problems. Compared to current meth-
ods for data visualization evaluation, VisQualdex leads to a more exhaustive and complete 
evaluation, due to utilizing a systematic, precise and scientifically supported criteria. Moreo-
ver, the VisQualdex is also available as the companion web application, VisQual, and thus can 
be easily incorporated in many design workflows.  

1.1 The spectrum of data visualizations  

The focus of VisQualdex is to evaluate the quality of broadly understood static “data visu-
alizations”. The definitions in the literature vary from the “image that is representative of the 
raw data” [8] to “the set of methods for graphically displaying information in a way that is 
understandable and straightforward” [9]. Despite the relative vagueness of these definitions, 
they capture the essential aim of the data visualization, which is to communicate information 
in a graphical form. The “static” keyword indicated that this guideline refers to visualization 
that could be simply printed out without losing its key features, i.e. interactive dashboard or 
real 3D visualization are out of the scope.  

In all types of communication, there are many possibilities of conveying the same mes-
sage. Therefore, the data visualization itself covers drastically different entities, ranging from 
the simple chart (Figure 1) to more complex visualizations (Figure 2). It provides an addition-
al layer of complication to the data visualization assessment, as the rules must be general 
enough to apply to all types of data visualization.  

 

 
Figure 1: An example of a “classical” data visualization 

 

 
Figure 2: An example of a “non-classical” data visualization (adapted from Charles Lalle-

mand’s “tour de force” nomogram from a work on hexagonal charts [10] 
 



1.2 State of the art  

Despite the vagueness of definitions, the way we describe data visualizations is subject to 
numerous improvements over time [1]. These small steps result in more structured descrip-
tions of visualizations, exemplified by the grammar of graphics. These theoretical achieve-
ments have contributed to the development of practical tools such as Matplotlib, Seaborn, 
Plotly and others [11–14].  

In a glaring difference, the evaluation of data visualization is still as unsystematic as it 
used to be in the past. The first debate on that topic dated back to 1857 and resulted in several 
advises [15]. The theoretical understanding of the correctness of data visualization has grown 
over time with new or revised good practices [8], but very few propose practical and applica-
ble evaluation methods.  

The lack of a systematic approach stems from the popularity of checklists as one of the 
most commonly adapted evaluation systems. Here, a checklist is a list of potential mistakes, 
sometimes divided in thematic sections. The first checklists (or guidelines) date back to 1915 
[16], but the community of data visualization practitioners is still producing newer counter-
parts [17].  

Checklists have two main practical advantages: simplicity and shortness. Simplicity 
means that the majority of the state-of-the-art checklists can be easily operated by any viewer 
with a basic understanding of the most trivial data visualization concepts, like chart, axis or 
scale. Moreover, most visualization checklists are brief (e.g., about 20 questions [17, 18]). 
This short length, along with the simplicity, translates to a relatively good assessment pace.  

1.3 Disadvantages of the checklist usage  
However, checklists are characterized by the disorder happening on two different concep-

tual levels: the lack of organization and varying levels of universality.  
In the majority of studied examples, checklists do not possess any grouping or hierarchy 

of the guidelines. Although some checklists demonstrate some degree of guideline categoriza-
tion, they often do not reflect the state-of-art data visualization descriptions and may have a 
practical rationale.  

The varying level of universality happens when general guidelines (e.g., keep the graph 
two-dimensional) occur along with more specific pieces of advice (e.g., ’use bar charts to visu-
alize achievement of an objective’). It limits the scope of the checklist to a particular set of da-
ta visualizations. This problem is even more pronounced if the checklist contains a scale 
based on the number of questions answered correctly or fulfilled guidelines. In this situation, 
non-general guidelines falsely lower the actual score of a visualization.  

Moreover, usage of checklists forces following the state-of-the-art methodology and logic 
of check lists [19], which state that (some points are skipped):  

• “The list should be complete (no significant omissions).” and “The checkpoints should 
refer to criteria and not mere indicators.”  

According to this research, the second rule is most often broken as none of the state-of-
the-art checklists have “complete”/“full” coverage of the evaluation criteria. As most of both 
state-of-the-art data visualization checklists aim at an “engineering” approach, they tend to 
have very strict, concise and precise points. However, this causes them to sometimes be su-
perficial, oversimplified and focus on indicators instead of criteria. For example, a rule “No 
more than 3 colors” [18] is focusing purely on indicators, but disallows great 4-color visuali-
zations from passing the benchmark. Additionally, a rule “Did you start the Y-axis at 0?” (an-
swer yes/no) [20] allows only charts which do not cut the axis in a justifiable way (e.g. shoe 
sizes for adults, Earth temperatures with Kelvin units, etc.).  

• “The criteria should be commensurable.”  
This criterion is not applicable to data visualization checklists, because some mistakes are 

more significant than others. There exist visualizations which can follow all criteria except 
one and still be condemning wrong.  



• “The list should be concise (to assist its mnemonic function).”  
In contrast to engineering processes or medical applications [21], data visualization does 

not always follow strict regularities as it is a mix of applied arts and fine arts which cannot be 
separated [22,23].  

Therefore, applying checklist format to data visualization evaluation may lead to prob-
lems which are neither the problem of the checklist methodology, neither the data visualiza-
tion evaluation. The problem lies in forcefully fusing the two ideas together.  

All problems described above, together with the brevity, result in the non-exhaustiveness 
of check lists. Right now, there are no checklists that would approach the evaluation of data 
visualization in a systematized way. Therefore, we have designed VisQualdex to at least par-
tially alleviate these issues and produce an evaluation methodology applicable to the broad 
spectrum of data visualizations.  

2 Design of VisQualdex  
The development of VisQualdex follows the VISupply framework for design of data visu-

alization guidelines [24]. It covers four main steps:  

 Evidence collection  
Collection and diligent analysis of research works about data visualization.  

 Integration  
Curation of existing data visualization guidelines, good practices, suggestions and similar.  

 Contextualization & Generalization  
Merging concepts from different works and forming clusters, a.k.a. “categories” (see sec-

tion 2.1). 

 Guideline Definition  
Formalization of VisQualdex, i.e. stating the “question” format, supplementing missing 

areas and verifying VisQualdex in practice, utilizing and extending nomenclatural notions 
[25].  

Moreover, an original concept introduced in VisQualdex consists of the four main traits of 
a correct data visualization. These four pillars of VisQualdex are:  

1. Real data instead of guesstimates.  
2. Clarity and readability instead of incomprehensibility and ambiguity.  
3. Simplicity and summarization instead of complexity and raw data.  
4. Guidance and objectivity instead of manipulation and subjectivity.  
Finally, the codex has been peer-reviewed by 4 independent reviewers. The reviewers 

were experts and specialists in the following fields (parenthesis contain the reviewer’s higher 
domain): data visualization (computer science), data science (computer science), graphics 
and design (fine arts) and information technology (computer science). The reviewers all sub-
mitted their critique to all the questions and overall codex design. The feedback was gathered 
in 1–3 iterations, depending on the reviewer. All the comments and suggestions caused vari-
ous criteria (VisQualdex questions) to be introduced, redefined or abandoned due to lack of 
quality evidence.  

It is important to note that in some initial stages of development, the tool was supposed 
to be based on user testing and feedback in a “wisdom of the crowds” methodology. However, 
the user’s feedback was very fragmented and not unanimous. Moreover, it was highly biased 
to the user experience. Therefore, the expert approach was chosen to strengthen the final cri-
teria, maximize the good practices and minimize the bias of random user evaluation.  

2.1 Categories  
The important part of VisQualdex is the categorization of guidelines. The baselines are 

the formalized descriptions of Grammar of Graphics (GoG) [26] and Layered Grammar of 
Graphics (LGoG) [27]. Although both of these approaches constitute an in-depth description 
of data visualization, they are used primarily for either building or decomposing the visualiza-



tion object. As this is a different goal from the evaluation of data visualizations, GoG and 
LGoG are only reference points. Therefore, VisQualdex utilizes a redesigned categorization of 
guidelines. Furthermore, proposed categories are complete (i.e. there is no “others” category) 
and disjoint (i.e. each of the questions belongs exactly to one category).  

Subjective  
The objective of this category is to incorporate any purely subjective aspects of the visual-

ization. Although all categories concern issues that may be answered differently depending on 
the viewer, this one focuses on things exclusively related to the opinion of the on-looker.  

Theme  
This category contains all visual features and artistic choices not directly depending on 

data, like colors (not related to the color scale), fonts, spacing, and any additional graphics 
that are not strictly part of the chart.  

Coordinates  
This category is responsible for the coordinate system and units. Its purpose is to check if 

all coordinates systems (or their alternatives), units and axes are correctly prepared, provided 
and presented. It also examines if the relation between shear data and all the aspects above is 
consistent.  

Geometry  
This category includes all information about the shapes used for data presentations (e.g., 

the shape itself and its dimensions). It concerns the shape of the whole figure as well as all 
used figures and any other geometrical aspects.  

Guides  
This category handles any text content that appears on the visualization. It focuses only 

on the content, not the display of e.g., title, legend, axes labels, additional comments, labels 
etc. It verifies the most importantly the content of the text but also its clarity, objectivity and 
overall necessity.  

Perception  
This category focuses on the general perception of the data. It is also responsible for de-

tecting all misuses leading to the incorrect understanding of the data, e.g., bar charts with 
bars starting at an arbitrary point to make the difference between bar length more pro-
nounced.  

Data  
This category is responsible for evaluating issues related only to data and all the possible 

issues such as data source/validity, missing data, and appropriateness of data explanations 
(e.g., used metrics).  

2.1.1 Questions  

Each category contains questions which represent unitary criteria based on the pillars de-
scribed in the beginning of section 2. The most important features of them are:  

• All questions are “yes or no” and trigger (negative answer) only if something is incor-
rect. • Questions do not overlap or include each other.  

• All questions address as general issues as possible while focusing on one particular type 
of mistake. It means that each question can be applied to any visualization regardless of fac-
tors such as form, type, content. However, some categories are incompatible with some visu-
alizations by definition, e.g., a simple bar chart without any faceting cannot be evaluated in 
terms of faceting.  

• It is possible for one general bad practice to trigger many questions. 
• Depending on the context, a single negative answer may have a tiny or gigantic impact 

on the visualization understanding. It means that it is impossible to judge the quality of a vis-
ualization solely by the fraction of positively answered questions.  

• Literature sources support most questions (the complete citations list available in the 
supplementary materials).  



VisQualdex contains a total of 60 criteria in the form of a question which address/detect 
different mistakes. We present their general content in the form of the word cloud (Figure 3). 
The full list of questions is available in the supplementary materials. Here, we present and 
analyze a few exemplary questions.  

 

 
Figure 3: Wordcloud displaying most popular words used in questions (without stopwords) 

 
Q: "Is there not too many colors representing the data?" In the case of gradient color 

scale, the distribution of the colors should be regular. The figure 4 shows a proper distribu-
tion of colors on a gradient scale. Even though this rule does not touch upon the topic of the 
choice of colors, it is worth mentioning that other studies [28] suggest refraining from “rain-
bow scale” and advise simpler/fewer color combinations instead. 

 

 
Figure 4: Example of an equidistributed color gradient scale (using dataset Iris [29]) 

 
Q: "Does it omit or utilize properly the third dimension?" This question focuses on mini-

mizing the additional dimensional complications of the visualization. According to state-of-



the-art research [30] using more than two dimensions on a visualization may be misleading 
and difficult to perceive. Moreover, another study [31] shows that interpreting angles (which 
appear a lot more often on 3D graphics) has many possible vicious implications, ranging from 
minor “illusory effects” distorting the viewer perception to completely hiding some data 
points on the visualization. See figure 5 for a graphical example of how differently the same 
angle (data point) looks due to different projections.  

 

 
Figure 5: Example of different angles for a 3D pie chart 8 

 
Q: "Does the visualization obey the reading gravity?" The concept of reading gravity [32] 

compre- hensively aggregates all aspects of the order in which the viewer perceives (reads) 
the visualization. It accounts for how the user reads the text of the visualization and in what 
order they see the data points, sub-charts (if faceting) and all other visuals. Although most 
western cultures are sinistrodextral (i.e. read from left to right) and from top to bottom, some 
cultures follow different patterns (e.g., Arabic is written right to left [33], Hanunuo script is 
written bottom to top [34]). Hence, to maintain flexibility and universality, the question im-
poses general “reading gravity” instead of “left to right, top to bottom”.  

3 Technical implementation  
The VisQualdex has been implemented as an easy to use online tool for data evaluation. 

The tool is hosted at https://visqual.onrender.com and a screenshot is presented in Figure 6. 
The tool allows anyone, even without advanced visualization knowledge, to upload a result of 
data visualization (a picture in any common format, i.e. JPG, PNG etc.) and evaluate it by go-
ing through all the questions. Each question has a yes or no answer. If a question does not 
apply to a particular chart or a user cannot answer a question because they are unsure, they 
can skip it, which marks them as “NA” (Not Applicable). Moreover, most of the questions 
have examples presenting good or bad practices of that question. For example, the question 
“Are colors distinct?” shows a “bad example” in which the colors are used incorrectly (i.e. 
continuous color scale is applied to the categorical axis). After processing all the questions, a 
user can see the report with percent of questions answered positively in each category. The 

https://visqual.onrender.com/


higher the percent, the better the evaluation is. Moreover, they can download a persistent 
form of this report to the computer in a JSON or CSV format.  

 

 
Figure 6: VisQual website screenshot 

 
From the technical point of view, the website is implemented in Vue.js [35] as a single 

page application (SPA). Therefore, it does not need to reload the page at any point. However, 
it is responsive to changes and intuitive because it is based on the Material Design [36]. This 
makes it easy to use for users without technical knowledge. Additionally, all questions are 
stored in an external file, so it is possible to hot swap any content. Finally, the whole project 
has been carefully maintained using a version control system, Git [37].  

4 Discussion  
The field of data visualization does not suffer from the lack of guidelines and checklists, 

but rather from their surplus and disorder. This disarray results in a situation where our 
checklists are not comprehensive and thus dismiss the impact of the interaction of many fac-
tors determining the effectiveness of visual communication [38]. VisQualdex is the first codex 
(a structured set of criteria) that could be at the same time versatile and extensive enough to 
cover all existing data visualizations.  

Our systematic approach results in a set of rules that constitutes a foundation for tools for 
data visualization creation (e.g., Microsoft Excel, Plotly, ggplot, Matplotlib, D3, etc.) and in-
struments for automatic/semi-automatic data visualization correction (e.g., project ReVision 
[39]). A principal example is the usage VisQualdex for default settings of these tools.  

One of the problems concerning checklists is a varying level of detail. Specific points may 
mention at the same time significantly narrow and very general criteria while being on the 
same “level” of evaluation or even share the evaluation weight. It leads to imbalanced evalua-
tion, which may either allow “incorrect” visualizations to slip through the metric or “good” 
visualizations to be unfairly punished for minor mistakes. VisQualdex partially solves this 
problem with categories, which guard question overlap and thematic division. However, we 
see it only as one of the first steps into a comprehensive visualization ontology, focused on the 
evaluation, instead of creation [40].  

There are certain aspects of data visualization that could not be included in questions due 
to lack of scientific consensus and ongoing heated debate regarding the right answer. A pri-
mary example of it is the question “Is the data-to-ink ratio rational?”. There are respected ex-
perts like Edward Tufte [41] and others [42, 43] who favor minimalism in data visualization 
and reject “chart junk” [44]). There are also respected experts like Alberto Cairo [23] who 
claim that “chart junk” can be useful [45] and claim that redundancy (e.g., highlighting in 



color) may help to quicker convey the message and improve memorability [46]. Overly en-
cumbering the visualization with unnecessary information may lead to confusion, but leaving 
as little trace of the information may also turn a visualization into a “clue hunt” instead of 
quickening information perception. A similar debate considers the “Y axis trimming” [47]. 
There are works claiming the starting the Y axis from 0 is the best way [48], while others sug-
gest that different ranges apply in different situations [49]. These and other scientific argu-
ments prove that data visualization is first a still developing and lively domain and second, 
that it is not purely an applied art/exact science but also fine arts/humanities. Moreover, it 
also implies that the consensus regarding specific aspects of visualizing information is still 
fluid and in future there will be a need to update the VisQualdex guidelines.  

Finally, the current and future techniques of image processing will make it possible to au-
tomate or semi-automate some evaluation steps.  

5 Conclusion  
The following conclusions emerged from this thorough analysis and after seeing thou-

sands of graphs, charts or infographics. Data visualization is a field on the border of computer 
science, data science and arts [22], which renders it highly subjective to the bias of the creator 
and the viewer. However, we believe it is possible to forge universal criteria and find a univer-
sal standard to visualize data more understandably. VisQualdex is our first attempt at this 
task.  
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Supplement 1 - VisQual questions  

1.1 Coordinates  

1 Do the units match their values? [17]  
2 Are the coordinates changing in the intuitive direction? [18]  
3 Does the scale cover the whole data? [17]  
See Figure 1.1 with a good example.  
 

 
Figure 1.1: Good example for question 31 

 
4 Is there a scale/axis? [17]  
See Figure 1.2 with a bad example.  



 

 
Figure 1.2: Bad example for question 4 

 
5 Is there enough axes or value references? [17]  
See Figure 1.3 with a bad example.  
 

 
Figure 1.3: Bad example for question 5 

 
6 Is there no more than one scale in one dimension? [7]  
See Figure 1.4 with a bad example.  
 



 
Figure 1.4: Bad example for question 6 

 
7 Are the units properly displayed? [17]  
See Figure 1.5 with a bad example.  
 

 
Figure 1.5: Bad example for question 7 

 
8 Does it use the proper coordinate system? [17]  
See Figure 1.6 with a bad example.  
 

 
Figure 1.6: Bad example for question 8 

 



9 Are the coordinates consistent? [17]  
See Figure 1.7 with a bad example. 
 

 
Figure 1.7: Bad example for question 9 

 
10 Are the coordinates units equal? [17]  
See Figure 1.8 with a bad example.  
 

 
Figure 1.8: Bad example for question 10 

 
11 Is each axis in one dimension? [17]  
See Figure 1.9 with a bad example.  
 



 
Figure 1.9: Bad example for question 11 

 
12 Do the coordinates correspond to the rest of the visualization? [17]  
13 Are the units displayed clearly? [17]  
See Figure 1.10 with a bad example. 
 

 
Figure 1.10: Bad example for question 13 

 
1.2 Data  
14 Does it contain any data? [17]  
See Figure 1.11 with a bad example.  

 
Figure 1.11: Bad example for question 14 

 



15 Is the data correct? [17]  
16 Is missing data represented? [17]  
17 Is the data organized according to five hat racks? [10]  
 
1.3 Position  
18 Does it omit or utilize properly the third dimension? [2]  
See Figure 1.12 with a bad example.  
 

 
Figure 1.12: Bad example for question 18 

 
1.4 Geometry  
19 Are the shapes associated with the topic? [13]  
See Figure 1.13 with a good example. 
 

 
Figure 1.13: Good example for question 192 

 
20 Do the shapes represent the data in proper scale? [17]  
See Figure 1.14 with a bad example.  
 



 
Figure 1.14: Bad example for question 20 

 
21 Does it use linear layour instead of radial if it requires value lookup? [6]  
 
1.5 Perception  
22 If there are lines which may be compared with each other are they far from being hori-

zontal or vertical? [5]  
23 Are all 2D shapes presented in a simple projection/without projections? [9]  
24 Are used pie chart simple? [2]  
 
1.6 Position  
25 Are angles not to sharp/too flat? [5]  
 
1.7 Guides  
26 Are the axes labeled? [15]  
See Figure 1.15 with a bad example.  
 

 
Figure 1.15: Bad example for question 26 

 
27 Are all crucial data points labelled? [17]  
See Figure 1.16 with a bad example. 
 

 
Figure 1.16: Bad example for question 27 

 



28 Is all text readable? [17]  
See Figure 1.17 with a bad example.  
 

 
Figure 1.17: Bad example for question 28 

 
29 Is the title descriptive and well formed? [3]  
 
1.8 Facets  
30 Does it preserve the focus-plus-context principle? [4]  
See Figure 1.18 with a good example. 
 

 
Figure 1.18: Good example for question 303 

 
1.9 Perception  
31 Is the data memorable after the first sight? [3]  
32 Are the main features of the data easy to remember long-term? [3]  
33 Does the visualization obey the reading gravity? [18]  
34 Is the information organized according to five hat racks? [10]  
See Figure 1.19 with a good example.  
 



 
Figure 19: Good example for question 344 

 
35 Are all axes’ directions and shape proper? [18]  
 
1.10 Manipulation  
36 Does it take into account the gestalt principles of perception [8]  
37 Is redundancy used appropriately and consistently? [3]  
38 Is the visualization addressed properly to target audience? [15]  
 
1.11 Subjective  
39 Is this visualization better than similar ones that you have seen?  
40 Did you learn something from this visualization?  
41 Is the visualization aesthetically pleasing? [10]  
42 Is the presented information useful?  
43 Was the time spent experiencing the visualization worth it?  
44 Would you like to see a visualization similar to this one?  
45 Do you understand the visualization?  
46 Do you like it?  
47 Is this visualization interesting?  
 
1.12 Theme  
48 Are colors distinct? [16]  
See Figure 1.20 with a bad example.  
 

 
Figure 1.20: Bad example for question 48 

 



49 Is the use of colors appropriate? [14]  
See Figure 1.21 with a bad example.  
 

 
Figure 1.21: Bad example for question 49 

 
50 Are bipolar problems represented using two-color scale? [16]  
51 Are color values on color scale consistent with their representation? [16]  
52 Does it contain additional graphics? [3]  
See Figure 1.22 with a good example.  
 

 
Figure 22: Good example for question 525 

 
53 Are there not too many colors? [16]  
54 Are the colors intuitive? [11]  
See Figure 1.23 with a bad example.  
 

 
Figure 1.23: Bad example for question 54 

 



55 Is the gradient scale wide enough to allow distinct colors? [11]  
See Figure 1.24 with a good example.  
 

 
Figure 1.24: Good example for question 556 

 
56 Are colors readable on the medium that the visualization is supposed to be presented 

on? [15]  
See Figure 1.25 with a bad example.  
 

 
Figure 1.25: Bad example for question 56 

 
 
57 Are the colors understandable for viewers with color blindess? [1]  
58 Is color scale appropriate? [15]  
59 Is there not too many colors representing the data? [12]  
60 Is there not too many colors representing the data? [12]  
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