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Kurzfassung

In den letzten Jahren ist die visuelle Analytik ein entscheidender Faktor fiir die datengetriebene

Entscheidungsfindung in vielen Branchen geworden. Je mehr Daten zur strategischen
Steuerung genutzt werden, desto wichtiger wird es, komplexe Informationen klar zu visu-
alisieren. Eine Vielzahl von Werkzeugen und Bibliotheken, die unterschiedliche Nutzer-
gruppen und Kompetenzniveaus bedienen, ist als Ergebnis dieses Trends entstanden.

Anwendungen mit benutzerfreundlichen Drag-and-Drop-Funktionalitdten wie Microsoft
Power BI, Tableau und Excel werden immer beliebter. Ohne dass man programmieren
kéonnen muss, erlauben sie es, aussagekraftige Visualisierungen zu erstellen; deshalb
sind sie im Bereich der Business Intelligence fiir Anwender ohne technische Ausbildung
besonders interessant. Im Gegensatz dazu sind Bibliotheken wie Plotly, GGPlot und D3
fir Entwickler gedacht und bieten fortgeschrittene Funktionen fiir statistische Analysen,
komplexe Datenmanipulationen und hochgradige Anpassungen von Visualisierungen.

Frithere Untersuchungen haben Unterschiede zwischen diesen Werkzeugen aufgezeigt,
vor allem in Bezug auf die Unterstiitzung explorativer Analysen im Vergleich zur Ergeb-
nispréasentation. Aber es gibt inzwischen Losungen, die leistungsfdhiger sind und mehr
Funktionen bieten, um den neuen Anforderungen der Nutzer gerecht zu werden.

Die vorliegende Untersuchung hat das Ziel, eine vergleichende Analyse von ausgewéhlten,
gangigen visuellen Analytikwerkzeugen zu bieten. Entscheidende Kriterien wie Be-
nutzerfreundlichkeit, Anforderungen an die Datenaufbereitung und weitere relevante
Eigenschaften werden bewertet. Ein Clustering-Ansatz, der funktionale Ahnlichkeiten
berticksichtigt, wird zur Klassifikation der Werkzeuge angewandt. Um eine ausgewogene
und umfassende Betrachtung zu garantieren, schliefit die Analyse sowohl innovative,
neuere Ansétze als auch etablierte Plattformen ein. Basierend auf den Ergebnissen sollen
Empfehlungen fiir Praktiker und Wissenschaftler formuliert und Forschungsfragen identi-
fiziert werden, die zur Weiterentwicklung von visuellen Analytiktechnologien beitragen —
vor allem im Hinblick auf die Herausforderungen durch grofiskalige Datenmengen.
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Abstract

In recent years, Visual Analytics has transformed how we approach data-driven decision-
making across many industries. As organizations increasingly turn to data to guide
their strategies, being able to clearly visualize complex information has become more
important than ever. This rising demand has led to the creation of a wide variety of
tools and libraries, each designed to suit different users and skill levels.

Because of their easy drag-and-drop functionality, programs like Microsoft Power BI,
Tableau, and Excel are growing in popularity. Since they can generate insightful visuals
without any programming, which is gaining a lot of attention in the field of Business
Intelligence, these applications are especially helpful for professionals who lack technical
skills. In contrast, Plotly, GGPlot and D3 are charting libraries that cater to programmers
by offering options for more sophisticated statistical analysis, advanced levels of data
manipulation, and even greater customization for sophisticated visualizations.

Prior conducted researches marked disparities among these tools, particularly with
respect to how well their design supports data exploration in comparison to data presenta-
tion. Nevertheless, and as the field progresses, today’s tools for Visual Analytics are more
comprehensive and robust than in the past, providing new features and enhancements to
keep pace with user demand.

This thesis sets out to carry out a detailed comparative analysis of some of the most
widely used visualization tools in the field today. The goal is to evaluate their core
strengths, limitations, and overall performance in the context of data visualization. Pri-
mary visualization criteria, including usability, data preparation requirements, and other
pertinent aspects, will be the main focus of the evaluation. A clustering approach will
be used to analyze the features of the tools, classifying them according to similarities in
their features. To make sure the overview is thorough and balanced, both more recent,
cutting-edge solutions and older, more established platforms will be covered. The goal of
this thesis is, through these findings, provide guidance to the users regarding the tools
that best address their specific requirements. Additionally, the analysis is anticipated
to highlight questions that need further exploration and identify solutions aimed at
improving visualization technologies in general, particularly as these technologies face
new challenges posed by large-scale data.

X1
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CHAPTER

Introduction

Information visualization [I] and Visual Analytics [2] are research domains focused on
facilitating the exploration, comprehension, and extraction of insights from data using
visual methods. These fields emphasize the design of intuitive visual representations,
including charts, graphs, and interactive interfaces, that convert complex datasets into
accessible, actionable information. Information visualization and Visual Analytics apply
principles from design, perception, and human-computer interaction to develop tools
that enable users to detect patterns, identify trends, and support data-driven decision-
making [3]. Both fields address the increasing challenges of modern datasets. As datasets
increase in size and complexity, traditional analytical methods struggle to keep pace.
Visualization and Visual Analytics provide structured ways to represent and interact
with this data, helping users identify patterns, outliers, and trends that are difficult to
discern through other means.

The significance of information visualization and Visual Analytics resides in their extensive
influence. Research on information visualization and Visual Analytics has given the
users both theoretical bases and practical methods for exploring data, coming up with
hypotheses, and sharing results. Visualization and visual analytics techniques are now
essential in various fields.

Application domains include business intelligence, where dashboards and interactive
reports facilitate data-driven management and decision-making [4], healthcare and public
health [], where visual analytics aids clinicians and policymakers in monitoring, exploring,
and interpreting complex clinical datasets [6], cybersecurity [7], where visual analytics
is used to detect attacks, analyze network behaviour, and support incident response,
and scientific research, where scientific visualization and interactive visual analysis are
crucial for comprehending and conveying experimental and simulation results [8]. These
improvements, especially the use of interactive visual interfaces with computational
analysis methods, have made it possible to work well with large and complex datasets.




Die approbierte gedruckte Originalversion dieser Diplomarbeit ist an der TU Wien Bibliothek verfligbar

The approved original version of this thesis is available in print at TU Wien Bibliothek.

[ 3ibliothek,
Your knowledge hub

1.

INTRODUCTION

1.1 DMotivation and Problem Statement

Research in information visualization and Visual Analytics has led to the design and
usage of visualization tools that implement the researched principles and methods in
everyday analytical practice. For example, Tableau, Microsoft Power BI, and Looker
Studio are business-oriented applications that allows users to combine different types
of data, do interactive analyses, and make dashboards and reports that can be shared
without having to write any code. On the other hand, libraries made for developers,
like D3.js, Plotly, and ggplot2, are very flexible and can be programmed to do custom
analysis and advanced visualization tasks.

These visualization tools turn the results of academic research into solutions that both
technical and non-technical users can use. To move visualization research forward,
understanding how users use these tools is of particular interest. Studying how users
interact with visualization tools helps researchers design more effective, intuitive, and
impactful solutions in the future, ensuring that the newly developed tools actually meet
real-world needs.

Based on this foundation, the thesis aims to compare and analyze existing visualization
and Visual Analytics tools and applications, utilizing established evaluation frameworks
from the information visualization and Visual Analytics literature. In this way, the thesis
aims to build a basis to understand better how modern visualization packages incorporate
research findings and how these packages are applied by users to help them analyzing
different types of datasets.

In this thesis, we use the term visualization tools to refer to both applications and
charting libraries. Applications denote standalone software platforms with graphical
interfaces. Examples are Tableau by Salesforce and Microsoft Power BI. Charting libraries
are code-based environments for visualization. Examples are Python Plotly, R GGPlot2,
and D3.js.

In this thesis, we build on existing approaches to understand the tool landscape in
information visualization and Visual Analytics. One very prominent comparative study
by Behrisch et al. [9]. The authors systematically examined the feature sets of commercial
Visual Analytics platforms. Their work provides a comprehensive taxonomy of function-
alities, emphasizing distinctions in visualization types, analytical integration, and user
guidance. This study is widely cited; however, it focuses only on commercial software
packages and reflects the state of the art in 2018. In a study even earlier, Lisa Charlotte
Rost [10] adopted a pragmatic approach to compare different applications and charting
libraries. In her study, she recreated the same chart in 24 different visualization tools.
Her work compellingly illustrates the practical differences among visualization tools in
terms of usability, visual quality, and learning curve. The results of Rost’s evaluation
are shown in Figure [1.1, which shows that she rated charting libraries as more useful
for analysis tasks than applications. Rost’s study, however, was not academic in nature
and focused on a single type of visualization, without linking her results to a structured,
feature-based taxonomy.
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1.2. Research Questions

@ AFFS PLOTLY
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SEABORN R GGPLOT2 GGVIS VEGA-LITE PROCESSING
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C3 NVD3
D4

Figure 1.1: The figure shows visualization applications (red) and charting libraries (blue)
arranged on a spectrum from analysis-oriented tools on the left to presentation-oriented
tools on the right. Tools near the center (e.g., Tableau, Plotly, Vega-Lite) are positioned
as hybrids that aim to support both data exploration and polished communication. Image
taken from [10].

Summarizing existing approaches, we can rely on a structured feature-based analyses
of commercial applications, but they are now out of date and do not include charting
libraries. Conversely, the existing practitioner-focused, task-oriented comparisons are
deficient in generalization and methodological rigor. Furthermore, no research has yet
systematically integrated both commercial applications and charting libraries into a
cohesive framework.

As a motivation for this thesis, therefore, we aim to deliver a thorough evaluation
of visualization tools as of 2025 by integrating the structured, feature-level
assessment methodology of Behrisch et al. with the pragmatic, task-level re-
production strategy of Rost. This work aims to provide researchers and practitioners
with updated insights into the current status of visualization tools, clarify the application
of Visual Analytics methods in practice, and formulate guidelines for the selection of the
most suitable tool based on context and user profile.

1.2 Research Questions

Building on the motivation and identified gaps, this thesis aims to investigate the current
state of visualization tools by focusing on three central research questions. These questions
are designed to clarify what is known, what is missing, and how this work contributes
beyond prior studies.

RQ1: What is the current landscape of visualization tools?

While previous studies have compared certain visualization tools, they were either confined
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1.

INTRODUCTION

to commercial applications or limited to specific case studies. There is still no complete,
current survey of visualization tools. This research question is therefore formulated to
address this gap by guiding a systematic mapping and description of currently available
visualization tools in 2025.

RQ2: What commonalities and differences exist between visualization tools?

Most current evaluations focus on just one tool or a small part of the visualization
ecosystem, so they don’t give us much information about how tools compare to each
other in terms of features and capabilities. This research question is examined through
a comparative feature analysis of the chosen tools: their functional capabilities are
methodically recorded, and the tools are categorized based on the types of features
they offer (for example data preparation, interaction, supported visualization types, or
analytical integration). Previous research has identified the advantages and disadvantages
of specific tools; however, there is a lack of systematic evidence regarding their performance
in standard visualization tasks.

This research question is formulated to address that gap by looking at how different tasks
affect tool capabilities and how those capabilities affect real-world results.

RQ3: What evidence-based guidelines can be developed to support users in
integrating visualization tools into their analytical workflows?

Users working with data have varying needs and objectives and need to fulfill different
tasks. This means that visualization tools and applications will not fit all types of users
and tasks.

1.3 Goal and Expected Results

Based on the research questions, we identified four specific goals and results the thesis
aims to provide.

G1: General picture of the visualization tool landscape

First, it will give a general picture of the current visualization tool landscape by showing
the different features and user support that today’s visualization tools offer. This
overview addresses the limitations noted in the current literature, which either focus on
only a narrow subset of visualization tools or no longer reflect the current state of the
visualization tool landscape.

G2: Analysis and comparison of visualization tool features

Second, the thesis will provide a comparative analysis of visualization tools, highlighting
similarities and differences between applications and charting libraries. This viewpoint
helps us better understand how visualization tools relate to each other within the overall
tool ecosystem by pointing out which capabilities of visualization tools are common and
which are unique. The aim is to identify patterns of similarity and difference across tools
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1.4. Methodological Approach

and, on this basis, to derive meaningful groups of visualization tools within the current
visualization landscape.

G3: Task-based evaluation of visualization tools

Third, the thesis will assess task-based variations by analyzing the performance of
visualization tools in executing standard visualization tasks.

G4: Guidelines for visualization tool usage

Fourth, the anticipated outcome of this goal is a compilation of pragmatic guidelines that
assist researchers and practitioners in selecting suitable tools based on their requirements,
such as prioritizing ease of use, flexibility, interactivity, or seamless integration into
existing workflows.

1.4 Methodological Approach

This thesis utilizes a mixed-methods research design that integrates feature-oriented
clustering analysis with task-based tool evaluation. The methodology was based on two
fundamental studies: the feature categorization approach by Behrisch et al. [9] and the
tool-replication framework by Rost [I0]. The thesis proceeded in three distinct phases:

1.4.1 Phase 1: Survey of the Visualization Tool Landscape

The first step was to do a thorough survey of the current state of visualization tools,
which included both applications and charting libraries. This involved methodical market
research to pinpoint prevalent, newly developed, and professionally relevant tools as of
2025. Rather than evaluating the tools in detail at this stage, the aim was to compile
a broadly representative set of candidates. Selection was guided by factors such as
accessibility, evidence of active development, documented functionality, and reported
use in research or professional analytics workflows. In this phase we made sure that the
thesis was based on a representative and up-to-date set of visualization tools.

1.4.2 Phase 2: Feature Mapping and Comparative Analysis

In the second phase, the visualization tools that were found in Phase 1 were looked at
and compared based on their functional capabilities. This included figuring out what
each tool can do in terms of visualization techniques, interactivity, analytical support,
and user guidance. The goal was to find similarities and differences and put visualization
tools into groups according to the types of features they offer, in order to reveal patterns
of similarity and difference within the overall visualization tool ecosystem and to relate
these patterns to the needs of different user groups.
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1.

INTRODUCTION

1.4.3 Phase 3: Visualization Reproduction and Grading

This phase addressed the efficacy of visualization tools in facilitating standard visualization
tasks, complementing the feature analysis done in Phase 2. The choice of visualization
tasks was based on well-known taxonomies from the visualization literature, which
emphasize that different types of user goals need different kinds of visualization support.

1.4.4 Phase 4: Formulating Guidelines

In the last phase of the thesis, results from Phase 2 and Phase 3 were combined to create
an evidence-based set of guidelines for users, when entering the market of visualization
tools, and having to decide on specific applications or charting libraries.
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CHAPTER

Fundamentals and Related Work

This chapter gives the thesis the theoretical and conceptual background it needs to fit into
the fields of Information Visualization and Visual Analytics. These research areas are the
basis for understanding how to design, use, and evaluate visualization tools. The chapter
begins by introducing information visualization and Visual Analytics. It outlines their
history, basic concepts, main ideas, and recent progress. We will also analyze existing
evaluations schemes for applications and libraries. In addition, this chapter introduces
Principal Component Analysis (PCA), a dimensionality-reduction method that is later
used in this thesis to analyse and visualize the feature space of visualization tools.

2.1 Information Visualization and Visual Analytics

Information visualization and Visual Analytics use interactive visual representations
to help humans understand complex data and make better decisions. Information
visualization focuses on designing visual encodings and interactive views (such as charts,
networks, and maps) that turn abstract data into perceivable structures, enabling users
to see patterns, outliers, and relationships at a glance. Visual Analytics extends this
by tightly integrating interactive visual interfaces with automated analysis methods
(including statistics, data mining, and machine learning) to support complex reasoning
tasks. Visual Analytics keeps the human ’in the loop,” so people can guide algorithms,
validate results, and iteratively refine hypotheses in a mixed-initiative process.

2.1.1 Information Visualization

Information visualization is the discipline focused on the creation and application of
interactive visual representations of abstract data to enhance human cognition. Card et
al. [IT] defined information visualization as ’the use of computer-supported, interactive,
visual representations of abstract data to amplify cognition’. Information visualization is

7




Die approbierte gedruckte Originalversion dieser Diplomarbeit ist an der TU Wien Bibliothek verfligbar

The approved original version of this thesis is available in print at TU Wien Bibliothek.

[ 3ibliothek,
Your knowledge hub

2.

FUNDAMENTALS AND RELATED WORK

different from scientific visualization because it focuses on non-spatial data, like financial
figures, social networks, or text corpora [3]. Scientific visualization focuses on physical or
spatial phenomena, like medical imaging or computational fluid dynamics.

The main idea is that when visual representation is combined with interactivity, it lets
the users use their perceptual and cognitive strengths to find patterns, spot anomalies,
and make sense of things [I]. Information visualization is a way to show insights from
data in a visual way. By turning data into graphs, users can see patterns in the data
sets that they might not be able to see just by looking at the numbers and statistical
representations [12].

William Playfair and Florence Nightingale were the first people to use graphs and charts
in the 18th and 19th centuries [I3]. When computers came out in the late 20th century,
researchers started looking into ways to use computers to explore data interactively.
Interactive systems and the first visualization conferences (i.e., IEEE Visualization and
IEEE Information Visualization) started to appear and made information visualization
its own field of study. Since then, information visualization has become a well-established
field, with its own journals and conferences.

Information visualization is based on a number of theoretical and methodological prin-
ciples. A fundamental principle is graphical perception, as, for example, defined by
Cleveland and McGill [14]. Graphical perception empirically illustrated the most effec-
tive visual encodings (e.g., position, length, angle, color) for quantitative comparisons.
Guidelines for designing charts are still used in nowadays information visualization appli-
cations. The grammar of graphics as defined by Wilkinson [I5] constitutes a systematic
framework for describing and constructing visualizations which provides a structured,
composable approach to designing visual representations. The grammar allows to break
down visualizations into fundamental components, such as data mappings, scales, and
geometric objects. Since it provides consistency and reproducibility, it is still used on
modern information visualization libraries (e.g., Vega-Lite [16]). The basic concept of
generating a visualization from a dataset is summarized in the information visualization
pipeline, which is explained in detail in the next part.

Information visualization pipeline

The information visualization pipeline [I7] suggests a series of steps for turning raw data
into pictures. It has steps that take in data, change it into visual formats, and show it in
ways that are easy for users to understand. The pipeline is outlined in Figure 2.1. This
framework has since become a key idea in information visualization, helping to shape the
design and use of useful data visualization tools. The information visualization pipeline
describes how raw data is transformed into images through a sequence of stages, typically
moving from data acquisition and preprocessing to mapping data attributes to visual
encodings, and finally rendering interactive visual displays. The pipeline includes steps
like importing and cleaning the data, filtering and enriching it as needed, and encoding
it into graphical forms (such as positions, shapes, and colors).
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Data Visual form
Raw Data Visual .
data C tables C'Stmctures C/ Views
Data Visual View
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Human interaction

Figure 2.1: The information visualization pipeline. The main steps are turning raw data
into structured tables, mapping these tables into abstract visual structures, and finally
making views that users can interact with. At different points in the pipeline, users can
affect the process by interaction. Image taken from Card et al. [11].

Data Transformation

The first step in the pipeline is data transformation, which means changing the data
into a format that is structured and organized so that it can be visualized. This step is
usually meant to both cut down on and improve the information in raw data. According
to Card et al. [I1], there are four types of data transformations.

First, transformations can use mathematics to get new values from old ones, like finding
the mean or sum. Most of the time, these operations are used to make the information
in raw values better. Second, data transformations can also change the way the data is
structured, like putting it into tables that can be used to compare or group things. This
step is more about changing how data is displayed and making it easier to see.

Third, we can use the structures we made to make new derived values. This could
mean taking out groups or ranges from the well-organized data structures. These
transformations take structured data and change it into higher-level information that
cannot be seen in the raw data or the values that come from it. Finally, transformations
can make new structures from old ones. These new structures can show us the data in a
different way or bring out different relationships. For example, a table of ranges could
be turned it into a binary table. In this case, existing ranges are used to set the rules
for binarization. Each cell in the binary table shows whether a specific data point falls
within a certain range or category.

All data transformation changes try to make sure that the data is in a so-called idiosyn-
cratic format. This means that they are set up to work best in the next stages of the
visualization pipeline.
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Visual Mapping

The main part of the visualization process is visual mapping. At this point, a specific
function F' is used to map the derived structures and values in data tables to visual
glyphs. During this process, raw data is mapped to visual elements such as points, lines,
or colors. The mapping is based on defined rules, enabling users to perceive patterns,
relationships, and structures that would otherwise remain hidden.

This function F' takes structured data as input and gives back a picture of it as output.
The goal is to make a visual form that is easy for users to understand. A well-designed
visual mapping function must be able to be computed, which means it can be run by an
algorithm. It also needs to be able to be inverted, so that users can get the data back
from the visual representation. Also, users should be able to understand the function or
its inverse, and the visual representation should try to make it as easy as possible for
them to understand.

View Transformation

After the visual forms are made, they are put into views. Views show these visual forms
on the screen and let users change the perspective by zooming, panning, and rotating
them. View transformations allows users to see different parts of the data and concentrate
on specific details. This process is in accordance with the visual information seeking
mantra by Shneiderman [18], which suggest to always visualize data as overview first,
zoom and filter, then details on demand.

Human Interaction

Interaction is an important part of the visualization pipeline because it lets users change
the visualization (i.e., apply view transformations) and to find meaningful patterns by
data exploration [19]. Selecting, filtering, linking, and rearranging or remapping are all
common ways to interact.

Selecting When a user selects something, he/she marks certain data entities or subsets
so that he/she can see more information or do more analysis.

Filtering Filtering makes the display show less data, which lets users focus on the
information that matters to them.

Dynamic queries With dynamic queries, users can change the parameters of a query
and see the filtered results right away.

Linking Linking connects information from different views to show users how choices in
one view relate to data in another.

Rearranging and remapping Rearranging and remapping gives users the ability to
change the visual mapping or pick different mappings to look at different parts of
the data.
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Techniques and Categories

Different types of data need different ways of visualizing them to get the point across.
Information visualization techniques describe different views, or chart types, that can be
employed to display data in a visual way. Picking the right charts and visual mappings for
display data is a very important and complex decision in information visualization [12].
There are many ways to group different types of visualization techniques and categories.
The most common ways to make distinctions are by:

e Problem - This method groups visualizations by the type of problem they are meant
to solve, like communication, exploration, or confirmation.

e Type of Data - We can group visualizations by the kind of data they work with,
like categorical, numerical, or time-series data.

o Dimensions - This tells us how many dimensions (univariate, bivariate, multivariate)
the data visualization shows.

e Structure of the data: Visualizations can be grouped by the way the data is
structured (linear, hierarchical, or circular).

o Interaction: This group divides visualizations into groups based on how interactive
they are, like static, interactive, or dynamic visualizations.

In the following part, we summarize and illustrates some of the most prominent and
well-known information visualization techniques, which are available in most of the
available applications and charting libraries.

Heatmaps

A heatmap is a way to show two-dimensional data by using color to encode numbers
in a matrix of rows and columns. The color intensity of each cell shows how big the
value it represents is. This makes it a great way to find patterns, trends, and outliers in

large datasets. The modern heatmap was first made in computer graphics in the 1990s.
It came from shaded data matrices that were used as early as the 19th century [20].

Users like heatmaps because they can quickly show high-level information by using color
gradients to highlight "hotspots" and "coldspots", as it is shown in Figure 2.2.

Improvements to standard heatmaps have made them more useful in both academic
and practical settings. Clustered heatmaps use hierarchical clustering on both rows
and columns to help us find patterns in the data, like groups of similar observations or

variables. In bioinformatics, heatmaps are still the best way to see gene expression data.
Clusters can show genes that are co-regulated or functional pathways that are shared.

Gu [22], for example, identified heatmaps as a proper way to find similar patterns that
are shared by groups of rows and columns in complicated datasets. Heatmaps are also a
well-known tool for identifying patterns in the data, like missing items [23].

11



Die approbierte gedruckte Originalversion dieser Diplomarbeit ist an der TU Wien Bibliothek verfligbar

The approved original version of this thesis is available in print at TU Wien Bibliothek.

[ 3ibliothek,
Your knowledge hub

2. FUNDAMENTALS AND RELATED WORK
Seattle precipitation by month, 1998-2018
- e
January 65 ak
February 52
March 46
April 3
May
June
July
August
September
October 44
Movember B5 55
December a3 -3
< 0.1 0.1-4.0 41-10.0 10.1-20.0 =20.0
Daily precipitation {mm)
Figure 2.2: Representation of the daily precipitation in Seattle by Heatmap, darker colors
indicate periods with higher precipitation. Image taken from Atlassian [21].
Dense-pixel Visualizations
Dense-pixel visualization, also called pixel-oriented or dense pixel displays, is a powerful
way to show very large, multidimensional datasets. Dense-pixel based representations
map each individual data value to a single colored pixel arranged in a compact layout,
allowing very large multivariate datasets to be shown at once so that global patterns and
correlations become visible, even though individual values are not easily readable. This
visualization technique makes the most of the display space and handles datasets with
hundreds of thousands or even millions of values without losing detail or overlapping, as
we can observe on the Figure
Pixels are usually arranged in a systematic way, either independently of the data (query-
independent) or dynamically based on similarity metrics (query-dependent). They use
color encoding to show patterns, clusters, or outliers at a glance. Keim [24] formalized
the pixel-oriented approach, examining how design choices-such as pixel arrangement
strategies and color mapping-can be framed as optimization problems intended to enhance
effective visual data exploration.
12
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Figure 2.3: In this example of Dense-pixel based visualization, one value is shown each
15 minutes, producing a 96x20 pixmap. Image taken from Rodrigues and Gama [25].

Glyph-based Small Multiples

Glyph-based small multiples visualizations use glyphs, which are small visual objects
that hold a lot of information, and the small multiples layout principle, which says that
each glyph should be in its own cell within a consistent grid. This method lets viewers
look at a lot of data points at once, making it easier to visually compare multivariate
patterns without making things too complicated. Each glyph independently communicates
various dimensions via visual variables including shape, color, size, or orientation, while
the consistent grid layout-small multiples-guarantees visual stability and comparability
throughout the dataset.

Academically, glyph-based small multiples have been examined and enhanced in various
visualization fields. Borgo et al. [26] gave an overview of glyph-based visualization,
including basic ideas, design rules, and application methods. Their summary shows how
glyphs can effectively and meaningfully represent multivariate data. Recent endeavors
in visualization design have investigated generative methodologies. Brehmer et al. [27]
came up with the Diatoms technique, which automates the creation of glyph designs by

taking samples from palettes of shapes, encoding channels, and spatial arrangements.
This method shows these options using small multiples or a small permutables gallery.

This lets designers look at several glyph designs at once and pick the best one based on
how it looks and how creative they are.

Horizon Graphs

Horizon graphs are a space-saving way to show time series data. They do this by cutting
a regular area chart into horizontal bands and stacking them on top of each other, often
using color gradients to show intensity. This layered approach lets the graph take up
much less vertical space while still showing trends and extremes visually. This lets users
compare up to fifty or more time series in one view without too much clutter. An example
if shown in Figure 2.4.

13
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Figure 2.4: Visualization shows the percentage change in price for select food items,
since 1990. Estimates are from the Bureau of Labor Statistics and adjusted for inflation.
Image taken from FlowingData [2§].
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Dahnert et al. [29] looked at different types of collapsed horizon graphs, which improve
horizontal resolution and readability when we need to look at multiple trends in space
(like in geographic contexts). They discovered that standard horizon graphs are great for
highlighting extreme values, but collapsed versions are better for spotting trends when
looking at adjacent sequences. More recently, Braun et al. [30] introduced the order of
magnitude horizon graph, tailored for time-series data with wide value ranges. Their
study shows that this variation matches or outperforms traditional horizon graphs in
tasks such as identification, discrimination, and estimation-and even exceeds them in
certain contexts.

Parallel Coordinate Plots

One of the most well-known ways to show multivariate data is with parallel coordinates
plots. Inselberg [31] first introduced parallel coordinates plots, and they became more
popular in real-world situations [32]. Each variable is shown as a parallel vertical axis.
Polylines that cross these axes at their corresponding values are used to draw individual
data records. This visual encoding lets the users show relationships in more than two
dimensions in a two-dimensional space. A Highcharts demo of a parallel coordinates plot
is shown in Figure [2.5.

Marathon runner analysis

Miles for training Running pace per
Training date run Training time Shoe brand mile Short or long After 2004
2008 P 05400 12:1] AM
ew Balance % 5 4
Adfer
Befpre

2001 0000 12:06 AM

Figure 2.5: Chart showing an example of a parallel coordinate plot. This type of
visualization is commonly used to show multivariate data, and can help analyze large
datasets to find patterns and correlations. Image taken from Highcharts [33]

The main advantage of parallel coordinates plots is that they can show how different
variables are related to each other. When polylines cross axes at similar points and stay
almost parallel, it suggests a positive correlation. On the other hand, sharp X-shaped
crossings usually mean a negative correlation. For instance, in the Iris dataset, coloring

15
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by species shows that the observations group into separate bundles of lines, which makes
it possible to see class separation.

The main drawback of parallel coordinate plots is visual clutter, which results merely due
to lines being drawn on the screen. Visual clutter can greatly reduce the effectiveness
of this technique on large data, for which researchers tried to find clutter reduction
techniques. One example is clustering and optimized edge arrangement [34], or edge
bundling [35].

Sunburst Charts

A sunburst chart is a way to show hierarchical data using concentric circles. The
chart visualizes hierarchical data spanning outwards radially from root to leaves. The
hierarchy’s root is in the middle, and each level extends outward in rings. The angle and
color of each segment shows how much that category is worth compared to its siblings.

This radial layout makes it easy to see multiple levels of nested categories in a small, easy-
to-understand structure. This is especially helpful for showing complicated relationships
more clearly than traditional pie charts or decision trees, as also visualised in Figure 2.6.
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Figure 2.6: Sunburst chart showing hierarchical data in concentric circles. This chart
represents categories better than standard pie chart or decision tree. Image taken from

Dang [36].
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Sunburst charts have been utilized in both empirical studies and practical implementations.
For example, Taylor et al. [37] looked at sunburst and icicle visualizations in the eMouse
Atlas of Gene Expression (EMAGE) platform. Their research demonstrated that the
sunburst, due to its space-efficient radial configuration, offered a comprehensive overview
of gene families or pathways and facilitated users in navigating and comparing associated
gene expression data. In a comparison of hierarchical visualization techniques, such as
treemaps, icicle plots, and sunburst charts, users generally preferred icicle plots for clarity.
However, sunburst charts were still useful, especially when participants were already
somewhat familiar with the layout, as demonstrated by Woodburn et al. [38]. Recently,

Rastogi et al. [39] presented a method to automatically extract data from sunburst charts.

The algorithm includes a chart classification, a component extraction, and a hierarchical
data organization module.

Treemaps

A treemap is a way to fill space with a series of nested rectangles that show hierarchical
information. The area of each rectangle is proportional to a quantitative attribute of
the data it shows, as depicted in Figure 2.7. Treemaps were invented by Johnson and
Shneiderman [40].

A treemap makes ideal use of display space by mapping hierarchical relationships into
two-dimensional areas that are next to each other and take up less space. The way the

visuals are arranged makes it easy for viewers to see complicated structures at a glance.

The use of color coding also makes it possible to encode a second variable, whether it is
categorical or quantitative, at the same time, which makes it easier to find patterns in
more than one dimension.

Figure 2.7: An example of the Treemap, visualizing the US stock market. Colors indicate
stock market prices. The two images shown here are the same. On the left side, the
original colors are shown. On the right side, a representation of the colors as seen by a
colorblind person is depicted. Image taken from Laubheimer [41].

Treemaps have undergone extensive research and refinement in the academic realm.

Pang et al. [42] performed a user study comparing treemaps and map-like hierarchical
visualizations. They found that nested treemaps were faster for completing tasks, but in

17
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some cases, other options were more accurate and easier to use. The results were later
confirmed by Firat et al. [43], who also concluded that We the properties of treemaps can
hinder data visualization literacy and cognition. Increasingly, treemaps were also used
for time-varying data. Tu and Shen [44] could show that treemaps work with hierarchical
data that changes over time. Later, Vernier et al. [45] did a quantitative comparison of
time-dependent treemaps, looking at several algorithms in terms of visual quality and
temporal stability. This helped professionals choose the best treemap algorithms for
datasets that change over time.

Node-link Diagrams

A node-link diagram, which is also called a network graph, is a basic way to show how
things are connected. In these diagrams, the points that make up each entity are called
nodes or vertices, and the lines that connect them are called links or edges. These kinds
of representations are very easy to understand because they make connections between
things like social networks, biological interactions, or system dependencies clear, which
can be observed in Figure 2.8 Arrowheads, line thickness, or color are often used to
encode extra information, like direction, weight, or type of connection [46].

year
- ASTER . 1957

o ; \ AP 1958

Figure 2.8: Representation of a node-link diagram with nodes represented as circles and
edges represented as lines. Image taken from Sankaran [47].
Matrix-based Techniques

Matrix-based techniques show data in a grid or table format, with rows and columns
usually representing different entities. The cells that cross each other show how these
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entities are related or what their values are, often using color. In network visualization, the
adjacency matrix is a common type of matrix. Cell shading or color shows the presence,
weight, or direction of connections between nodes. Users prefer these visualizations
because they are small and can work with big datasets [48]. This is especially true when
we look at other diagrams, which can get messy as more connections are made [49].

Academic research validates the effectiveness of matrix representations in various an-
alytical tasks. For example, Abdelaal et al. [50] conducted a crowdsourced evaluation
comparing node-link diagrams, adjacency matrices, and bipartite layouts. They found
that adjacency matrices were usually the most reliable for tasks like finding clusters and
estimating density in large or directed networks.

Geographic Maps

Geographic map-based visualizations use the natural spatial dimension of data to give the
users easy-to-understand information about patterns that depend on location. Choropleth
maps, which color-code regions based on data values, and proportional-symbol maps,
which use the size of symbols to show magnitude, are two common types of these
visualizations. Flow maps show how things move between areas, while heat or dot-density
maps show how strong the distribution is. Cartograms change the size of geographic
areas so that regions look proportional to a certain variable (like population). This
shows spatial differences in a more data-driven way. These kinds of methods work well
for making decisions, especially when the insight is based on geospatial context. For
example, a mixed-methods study showed that health domain experts prefer map-based
visualizations for analyzing data related to vitality [51]. This shows how maps can help
with spatial reasoning and expert decision-making.

Fung et al. [52] performed an experimental study examining the impact of legends and
grid lines on users’ accuracy, confidence, and speed in interpreting contiguous area
cartograms. Their findings showed that while these aids made estimates more consistent,
they also added bias and made it harder to make decisions. This showed that there are
important design trade-offs to consider when showing geographic maps. The field of
geovisualization also looks at interactive and analytical geospatial techniques. It looks at
how dynamic mapping, layering, and visual mining of spatial data can help the users
learn new things and make decisions about space [53].

2.1.2 Visual Analytics

Visual Analytics is a cross-disciplinary area of study that combines interactive visual-
ization, computational analysis, and human reasoning to help the users understand and
explore complex data. Visual Analytics is defined as ’the science of analytical reasoning
facilitated by interactive visual interfaces’ [2]. Visual Analytics builds on the methods
and techniques from information visualization by adding interactive access for users
to statistical methods to interactive systems. Heer and Shneidermann [54] specifically
named interactivity and exploration as key parts of supporting the sense-making pro-
cess with visualization. The idea of a "Human in the Loop’ [55] is what explains why
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interactivity works. The Visual Analytics process is depicted in Figure 2.9l The need for
human involvement emphasizes how important human judgment and knowledge are to
the analytical process. Human-in-the-Loop systems let users and the system talk to each
other all the time. Users improve their data analysis and visualization over time as they
learn more about the data they have.

Visual Data Exploration

User Interaction

()

Mudel\
|}
Model Visualization KI"IOW|EC|QE
Building
Data /
Mining @
Parameter

refinement
Automated Data Analysis

Mapping
Transformation

Feedback loop

Figure 2.9: The Visual Analytics workflow. The model depicts how Visual Analytics
combines automatic and visualization methods with a tight coupling, keeping the human
in the loop. Image taken from Keim et al. [2].

In many application scenarios, heterogeneous data sources need to be integrated before
visual or automatic analysis methods can be applied. Therefore, the first step is often
to preprocess and transform the data to derive different representations for further
exploration (as indicated by the Transformation arrow in the figure). Other typical
preprocessing tasks include data cleaning, normalization, grouping, or integration of
heterogeneous data sources.

After the transformation, the analyst may choose between applying visual or automatic
analysis methods. If an automated analysis is used first, data mining methods are applied
to generate models of the original data. Once a model is created the analyst has to
evaluate and refine the models, which can best be done by interacting with the data.
Visualizations allow the analysts to interact with the automatic methods by modifying
parameters or selecting other analysis algorithms. Model visualization can then be used to
evaluate the findings of the generated models. Alternating between visual and automatic
methods is characteristic for the Visual Analytics process and leads to a continuous
refinement and verification of preliminary results. Misleading results in an intermediate
step can thus be discovered at an early stage, leading to better results and a higher
confidence.
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If a visual data exploration is performed first, the user has to confirm the generated
hypotheses by an automated analysis. User interaction with the visualization is needed
to reveal insightful information, for instance by zooming in on different data areas or by
considering different visual views on the data. Findings in the visualizations can be used
to steer model building in the automatic analysis. In summary, in the Visual Analytics
Process knowledge can be gained from visualization, automatic analysis, as well as the
preceding interactions between visualizations, models, and the human analysts.

As such, Visual Analytics combines the power of computers with the unique skills of
the users in terms of perception, interpretation, and domain expertise. Algorithms
create summaries, patterns, or reductions in dimensionality, while the users guide the
exploration, make sense of unclear results, and improve hypotheses. Techniques like
clustering, anomaly detection, and dimensionality reduction (like PCA, t-SNE, or UMAP)
are often built into Visual Analytics systems to show patterns in high-dimensional data
and make visual representations that are easy to understand [56]. The analysis process
is inherently iterative and exploratory, frequently characterized by sensemaking cycles
wherein analysts formulate, evaluate, and enhance hypotheses utilizing external visual
representations [57]. Visual Analytics systems often use coordinated multiple views,
which connect different visualizations so that users can look at multivariate or temporal-
spatial data from different angles [58]. There has been a growing interest in guidance
mechanisms in Visual Analytics systems lately [59]. Adaptive guidance seeks to assist
users in intricate analyses by suggesting viable subsequent actions or identifying possible
analytical oversights, while maintaining the analyst’s control and autonomy.

Visual analytics has gained prominence in many different domains. For example, in health-
care [], Visual Analytics methods support users to understand complex, time-varying
data. In climate modeling [60], Visual Analytics methods are applied to understand
complex model difference. For network security [61], Visual Analytics methods leverage
network forensic and analysis tasks.

2.1.3 Current Challenges

Research in information visualization and Visual Analytics has expanded in multiple
directions, not only advancing theoretical and technical foundations but also broadening
its practical applications across diverse domains such as science, business, healthcare,
and public policy. Information visualization and Visual Analytics research are facing
several different challenges nowadays.

One important goal has been scalability, which addresses the need to make techniques
and methods useable for vast amounts of data. Techniques like dimensionality reduction
(t-SNE, UMAP, etc.) [62] have become very important for making large-scale interactive
exploration possible [63]. Researchers have suggested distributed computation, streaming
architectures, and progressive visualization techniques [64] to keep interactivity as the
amount, dimensionality, and speed of data have all grown.
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Storytelling and communication are other areas where progress has been made.
Hullman and Diakopoulos [65] looked at how to use narrative structures in visualizations
to get their points across clearly. This line of work has had an impact on journalism
and education, where visualizations are used to explore and to persuade and explain.
For example, Schuster et al. [66] showed how climate change can be communicated by
interactive visualizations. Collaborative dashboards and multi-user environments help
teams make sense of information that is spread out [67].

Explainable artificial intelligence is another active area of research [6§]. Visual
Analytics offers interactive visual tools that help the users understand and trust the
results of machine learning models. Systems in this domain enable analysts to investigate
model behavior, evaluate feature significance, or create counterfactual scenarios [69].
Information visualization research has changed a lot in the last few years because of its
connection to machine learning. Generative Al models have proven to be very usefule for
generating visualizations and performing exploratory analysis, which made researchers
think about a shift how users will be using charts in the future [70].

Alongside these advancements, researchers have examined immersive and collaborative
analytics. Improvements in virtual and augmented reality make it possible to fully
explore high-dimensional data [71]. Researchers have looked into using virtual reality
and augmented reality environments for exploring multidimensional data [72].

2.2 Evaluating Visualization Tools

Research in information visualization and Visual Analytics has led to many modern
visualization tools being developed, which are now used in everyday analysis. To better
understand the field of visualization tools, a substantial body of research has compared
visualization tools. Many of these studies concentrated on business-oriented analytics
applications or on specific use cases. The most important feature-level assessment of
applications is the in-depth review by Behrisch et al. [9]. Their research methodically
enumerated the functionalities of leading commercial platforms across various dimensions,
including supported visualization methods, guided analytics, data transformation, and
collaboration. Its main strengths are its methodological rigor and the fact that it covers
a wide range of business applications, which makes it easy to see the differences between
features and design trade-offs. The authors also came up with a classification of the
inspected toolkits, and a categorization of the user types the tools might be useful for.
The analysis is shown in Figure 2.10.

Dogadina and Voronin [73] compared Tableau and Power BI to D3.js and Matplotlib,
focusing on the trade-off between usability and expressiveness. Applications tend to be
faster to get insights and work together, while libraries gives the users more control,
programmable workflows, and the ability to add new features. This comparison is useful
for showing differences between categories, but the tools are few and the evaluation
dimensions are not connected to a bigger picture, which makes it hard to draw conclusions
about tools that are not in the examples or to compare newer tools to each other.
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Figure 2.10: Commercial Visual Analytics applications can be categorized according
to features like feature-richness, range of data types that are supported, supported
visualization techniques, and performance. In addition, it can be shown that not all tools
are useful for the same groups of users. For example, managers are interested in other
parts of the data (i.e., more aggregated views) than users working directly with the data.
Image taken from Behrisch et al. [9].

Parthe [74] compared the two visualization tools Tableau and Power BI for the usage of
different Business Intelligence use cases. Similarily, Lousa et al. [75] compared the four
applications Tableau, Microsoft Power BI, Sisense, and QlikView, to see how they fit into
Business Intelligence workflows. Sabahath et al. [76] took a close look on the role of data
visualization in business applications, identifying different types of visualizations that
are currently used in business contexts.

Liu [77] analyzed in more detail, how the applications Tableau and Power BI can be
employed for the time-consuming steps of data cleaning and data wrangling.

Domain-specific assessments offer supplementary evidence regarding tool appropriateness
within actual constraints. Huang et al. [78] assessed dashboarding tools in healthcare,
emphasizing usability, analytical integration, and data connectivity within clinical dash-
boards. Research of this nature reveals essential practical considerations-data governance,
interoperability with domain systems, and workflow integration-that are vital in ap-
plied settings. Their findings are challenging to generalize to the broader context of
visualization tools or to developer-focused libraries utilized beyond the healthcare sector.

Schmidt [79] explored how innovations from information visualization research are inte-
grated into existing visualization toolkits, and could confirm earlier studies, that identified
a gap between which techniques have already been researched and what is actually applied
by the users [80].

23



Die approbierte gedruckte Originalversion dieser Diplomarbeit ist an der TU Wien Bibliothek verfligbar

The approved original version of this thesis is available in print at TU Wien Bibliothek.

[ 3ibliothek,
Your knowledge hub

2.

FUNDAMENTALS AND RELATED WORK

24

In addition to these academic evaluations, comparisons made by practitioners highlight
experiential differences that formal taxonomies might overlook. Rost [I0] made a single
line chart that showed effort, defaults, visual quality, and problems that the users had
when using 24 different tools, including applications and libraries. The strength of this
work is that it has a clear, tightly controlled reproduction task that shows where there
are problems, where the users need to learn, and where design choices are subtle.

The literature collectively presents three principal insights and three corresponding
deficiencies. First, feature-level surveys of commercial applications [9] offer comprehensive
taxonomies but are now obsolete and do not include charting libraries. Second, cross-
category comparisons [73] show the trade-off between applications and libraries, but they
do not cover a wide range of tools or evaluations. Third, practitioner studies [10] reveal
real-world friction via task reproduction but are methodologically constrained in their
scope and generalizability.

2.3 Principal component analysis

In many fields, big datasets are becoming more common. To make sense of these kinds of
datasets, analysts need to find ways to drastically cut down on their dimensionality while
still keeping most of the information in the data. Principal component analysis (PCA) is
one of the oldest and most popular methods for dimensionality reduction [81]. The idea
behind it is simple: lower the number of dimensions in a dataset while keeping as much
"variability" (statistical information) as possible. It is a statistical technique that has
been used and sometimes reinvented in many different fields. Most of its development
has been done by statisticians.

"Preserving as much variability as possible" means finding new variables that are linear
functions of the ones in the original dataset, that successively maximize variance, and that
are not related to each other. Finding these new variables, called principal components
(PCs), is the same as solving an eigenvalue/eigenvector problem. Pearson [82] and
Hotelling [83] were the first ones to introduce PCA. It was not until electronic computers
became widely available decades later that it was possible to use it on datasets that were
not too small. Since then, its use has grown rapidly, and many different versions have
been made in many different fields. Since then, it has become very popular, and many
different versions have been made in many different fields [84].

PCA can use either the covariance matrix or the correlation matrix as its basis. In either
scenario, the new variables (the PCs) are contingent upon the dataset, rather than being
predetermined basis functions, thus rendering them adaptive in a general sense. PCA
is mostly used for descriptive purposes, not inferential ones. For inferential purposes, a
multivariate normal (Gaussian) distribution of the dataset is typically presumed. However,
PCA, as a descriptive tool, does not require distributional assumptions and is therefore a
highly adaptive exploratory method applicable to various types of numerical data. Many
adaptations of the fundamental methodology for various data types and structures have
indeed been created.
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2.3. Principal component analysis

PCA is a widely used and flexible tool for descriptive data analysis. It can also be
adapted in many ways to work with a wide range of data types and situations in
many fields. There have been suggestions to change PCA for binary data, ordinal data,
compositional data, discrete data, symbolic data, or data with a special structure, like
time series. The application to data with common covariance matrices is described by
Flurry [85] and Hallin et al. [86]. PCA and PCA-related techniques have significantly
influenced various statistical methodologies, including linear regression (notably principal

component regression) and the concurrent clustering of both individuals and variables.

Correspondence analysis, canonical correlation analysis, and linear discriminant analysis
may only be loosely related to PCA, but they all use the same basic idea of breaking
down certain matrices into factors. There is a lot of literature on PCA, and it covers a
lot of ground. New adaptations, methodological outcomes, and applications continue to
emerge.
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CHAPTER

Methodology

The methodological approach of this thesis was divided into three phases. Structured
market research and a survey based on the literature were used in Phase 1 to find and
describe the current state of visualization tools. In Phase 2, a comparative feature
analysis was done on the chosen tools. This involved writing down their functional
capabilities and grouping them by the types of features they support. In Phase 3, each
tool was used to reproduce a set of representative visualization tasks and was evaluated
using a grading system, in order to assess how well the resulting visualizations support
the communication of analytical findings. In Phase 4, guidelines for the usage of the
visualization tools have been defined.

3.1 Phase 1: Survey of the Visualization Tool Landscape

The initial phase of the methodology involved executing a comprehensive survey of the
existing visualization tool landscape. The survey was conducted as structured market
research, encompassing both academic and professional spheres, to ascertain the currently
pertinent tools in practice. By 2025, the ecosystem of visualization tools has grown a lot,
with new tools coming out and big changes made to old ones.

After putting together a long list of visualization tools from academic sources, industry
reports, and practitioner articles, a set of selection criteria was used to cut down the
number of candidates. Some of these criteria were ease of use, how well they fit with
the research goals, how well they worked in the past, whether they are open-source or
require payment, and how well they were used in professional settings. Also, visualization
tools were checked to see if they were still being developed, if they worked with modern
data formats, and if they could be used in the workflows that users with programming
experience and non-technical users use most of the time. The goal was to find a balance
between established tools that still set the standard for best practices and new tools that
offer new ways of doing things or make existing tools easier to use.
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3.1.1 Tool Identification and Compilation

The first step in this thesis was to make a complete list of currently available visualizing
tools. To do this, a wide range of academic papers and articles was reviewed, such as the
article from Lu [87], the study by Behrisch et al. [9], industry reviews such as the one
from Pyramid Analytics [88], and publicly available tool repositories.

The Gartner Magic QuadrantTM for Analytics and Business Intelligence Platforms [89]
was a useful source for putting together the application list. Gartner Inc. puts out
this report every year and is “a tool that provides a graphical competitive positioning of
technology providers to help you make smart investment decisions’ [89]. Gartner sorts
visualization tools into four groups - Leaders, Challengers, Visionaries, and Niche Players
- based on how well they can carry out their plans and how clear their vision is.
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Figure 3.1: The 2024 Gartner Magic Quadrant for Analytics and Business Intelligence
Platforms divides current market solutions into four groups. Most interesting are the
Leaders, since these tools are considered the market leaders in the field. Image taken
from Gartner [89].
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3.1. Phase 1: Survey of the Visualization Tool Landscape

Vendors who are called Leaders are those who can deliver their goods and services well
and have a clear, long-term plan for how the market will change. Challengers are also
good at getting things done, but might not have the same long-term vision as leaders.
Visionaries, come up with new ways of doing things and disruptive ideas. Niche Players
are businesses that focus on serving specific market segments or offering specialized
features. The thesis used the 2024 version of the Magic Quadrant to find the top players,
challengers, niche players, and visionaries in the field of Bl and analytics, as can be seen
in Figure 3.1l

The result of the survey and research was a long list of 56 visualization tools, which
were divided into four groups: Charting libraries (used by Rost), New Charting Libraries,
Applications (used by Rost), and New Applications. In this case, the reference Rost refers

to the study by Rost [I0]. The applications and their categorization is shown in Table 3.1.

This longlist shows all the tools that were looked at at the start of the study.

Table 3.1: Initial longlist of visualization tools considered in this thesis, grouped into
charting libraries and applications and indicating whether they were already used by

Rost [10] or only considered in this work.

Charting Li- | New Charting Li- | Applications New Applica-
braries (Rost) braries (Rost) tions
Seaborn Pygal Highcharts Cloud | Looker
Matplotlib Streamlit Lyra QlikView / Qlik-
Sense
R ZingChart Quadrigram Power BI
geplot2 FusionCharts EasyChart Sisense
ggvis ECharts Plotly GoodData
Bokeh ApexCharts Polestar Infogram
Vega-lite TauCharts Raw Flourish
Processing ChartJS Nodebox iNZight
Highcharts TOAST UI Charts | Ilustrator (expen- | Amazon Quick-
sive) Sight
Vega / Altair Nivo Tableau ThoughtSpot
D3 HoloViews Google Sheets Axiis
D4 PyGWalker Excel BIRT
C3 PyCharts ZOHO Analytics
NVD3 Plotnine Chartio
Leather Looker Studio
Domo Charts
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3.1.2 Screening Criteria and Tool Exclusion

After the long list was created, it was filtered using a set of practical and strategic
criteria. Filtering the long list of applications was important to focus the evaluation on a
manageable, representative subset of tools.

We reduced the long list to make sure the remaining visualization tools can be properly
analyzed in the upcoming steps. We selected certain criteria based on which we filtered
the long list. The excluded visualization tools and the reason why they have been
excluded can be found in Table 3.2 and Table [3.3. Visualization tools have been filtered
out according to the following criteria:

Discontinued Visualization tools that are no longer available or have been combined.
Some visualization tools are no longer available in their original form. For example,
Atlassian bought Chartio in 2021 [90], and it stopped being a separate platform.

Experimental Ezxperimental, outdated and out-of-scope visualization tools. Visualiza-
tion tools like Lyra, Polestar, and Quadrigram were left out because they are still being
tested, do not have current support, and do not have a lot of documentation. These
visualization tools were useful for academic research, but they were not good enough for
comparing things at a modern production level.

Scope Redundancy and scope. To cut down on redundancy, we left out visualization
tools that had similar features to more stable or better-supported ones in some cases.
For instance, older charting libraries like C3 and NVD3 were left out in favor of newer
ones like Plotly and Vega-Lite.

Budget Financial constraints. Since this was an academic project, the budget was
limited and some visualization tools were not possible to purchase. Amazon QuickSight
and QlikView/QlikSense are two examples. They have strong business features, but they
are too expensive for non-commercial research.

In summary, the visualization tools chosen for this thesis went through a set of filters
to make sure that the sample accurately represents the current state of visualization.
Visualization tools were considered if they were actively maintained in 2024-2025, had a
measurable user base or market relevance, and provided a sufficient degree of documenta-
tion and accessibility for evaluation. These filters helped the thesis focus on visualization
tools that are both useful in real life and show different ways of doing things. However,
it is important to remember that the selection cannot cover all the different types of
visualization technologies that are out there. The goal was to put together a diverse but
manageable set that gives useful information about the state of the field.
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3.2. Phase 2: Feature Mapping and Comparative Analysis

Table 3.2: Applications excluded after screening, with the primary reason for exclusion.

Tool

Primary reason for exclusion

Amazon QuickSight

BUDGET (no suitable free/academic tier)

QlikView / Qlik Sense

BUDGET (no suitable free/academic tier)

Chartio

DISCONTINUED (integrated by Atlassian)

Lyra EXPERIMENTAL (limited support & documentation)
Polestar EXPERIMENTAL (limited support & documentation)
Quadrigram EXPERIMENTAL (limited support & documentation)
Highcharts Cloud ScoOPE (superseded by other applications)
EasyChart SCOPE (narrow in scope)

Raw SCOPE (out of scope)

Nodebox SCOPE (out of scope)

Mlustrator BUDGET (no suitable free/academic tier)

Google Sheets

SCOPE (superseded by other applications)

Looker ScoOPE (superseded by other applications)
Infogram SCOPE (narrow in scope)

iNZight SCOPE (narrow in scope)

Axiis EXPERIMENTAL (limited support & documentation)
BIRT SCOPE (narrow in scope)

3.2 Phase 2: Feature Mapping and Comparative Analysis

In the second part of our approach, we conducted a structured comparison of the
visualization tools found in the short list. Phase 1 gave a general picture of the ecosystem,
and in Phase 2, we looked at each visualization tool in more detail, focusing on its
functional and visual features.

3.2.1 Feature Mapping

Feature mapping comprised looking at what kinds of visualization techniques were
supported, how interactive the visualization tool were, how much analytical support was
available (like filtering, aggregation, and statistical methods), and how much help the
user received during the design process. By looking at these different aspects, we were
able to show what visualization tools can do, and how they help the users do things in

real life.
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Table 3.3: Charting libraries excluded after screening, with the primary reason for
exclusion.

Tool Primary reason for

exclusion

R ScOPE (superseded by other applications)

Processing SCOPE (superseded by other applications)

Highcharts BUDGET (no suitable free/academic tier)

Vega / Altair SCOPE (superseded by other applications)

D4 SCOPE (superseded by other applications)

Streamlit ScoOPE (superseded by other applications)

ZingChart ScOPE (superseded by other applications)

FusionCharts SCOPE (superseded by other applications)

ECharts ScoPE (superseded by other applications)

TauCharts SCOPE (superseded by other applications)

TOAST UI Charts SCOPE (superseded by other applications)

Nivo ScoOPE (superseded by other applications)

PyGWalker SCOPE (superseded by other applications)

PyCharts SCOPE (superseded by other applications)

Plotnine ScOPE (superseded by other applications)

Leather SCOPE (superseded by other applications)
To make the comparison more systematic, the extracted features were put into groups
based on their function, such as visualization support, interaction and customization,
data preparation and transformation, and analytical integration. This grouping allowed
us to find similarities and differences between tools at the level of feature groups instead
of just at the level of individual options. Some tools, for example, had a lot of built-in
support for quickly making standard charts and dashboards with little setup. Other tools
focused on flexibility and expressiveness by letting users control encodings, layouts, and
interaction logic in great detail using scripting or configuration languages.
Features were gathered into a structured format that could be used for clustering. We
grouped the features into three feature categories: visualization support (e.g. availability of
specific chart types), automatic analysis (e.g. built-in support for statistical or machine-
learning operations), and user guidance, perception, and cognition (e.g. onboarding,
recommendations, documentation, and LLM-based assistance). These groups are adapted
from the categories proposed by Behrisch et al. [9], and grouped into three feature groups.
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3.2. Phase 2: Feature Mapping and Comparative Analysis

The first group, Visualization, looks at the different types of charts and visual techniques
that a visualization tool can use, from simple bar charts to more complex ones like
treemaps or parallel coordinates. The second group, Automatic Analysis, looks at how far
visualization tools go beyond static charts by adding built-in analytical features like trend
detection, statistical modeling, or Al-assisted insights. The third group, User Perception,
Guidance, and Cognition, is about how visualization tools help users make sense of
data by being interactive, giving suggestions, guiding workflows, or having features that
make things easier for the brain. 10 visualization types, seven automatic analysis tasks,
and 12 items for user guidance, perception, and cognition were used to organize the
comparison within these three groups. For instance, in the category of visualization

support, the criteria include the ability to support standard and non-standard chart types.

In automatic analysis, the criteria look at whether statistical operations, forecasting, or
finding anomalies are possible. Interactive filtering and automated chart recommendations

are some of the features that are used to judge user guidance, perception, and cognition.

We used the official documentation of the visualization tools to get accurate information
on each of these criteria. When necessary, we also did hands-on testing. The visualization
tool names were kept in a separate column for later use, but they were not used as inputs
for the clustering process. This was done to make sure that the grouping process was
only based on measurable features and not on categorical labels. The references to the
online documentations are as follows:

e Tableau: https://help.tableau.com/current/pro/desktop/en—us/
gettingstarted_overview.htm
e PowerBI: https://learn.microsoft.com/en-us/power—bi/

o Looker Studio: https://cloud.google.com/looker/docs/visualizati
on—-types

e Excel: https://support.microsoft.com/en-us/office/available-c
hart-types—-in-office-a6187218-807e-4103-9e0a-27cdb19afb90

e GoodData: https://www.gooddata.com/docs/cloud/create—-visuali
zations/visualization—-types/

e Flourish: https://flourish.studio/examples/

e ZOHO Analytics: https://www.zoho.com/analytics/help/chart/char
t-types.html

e Domo Chart: https://www.domo.com/learn/charts
e Sisense: https://docs.sisense.com/main/Default.htm

e ThoughtSpot: https://www.thoughtspot.com/data-trends/data-vis
ualization/types—-of-charts—graphs
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e Seaborn: https://seaborn.pydata.org/

o Matplotlib: https://matplotlib.org/stable/index.html
e Plotly: https://plotly.com/python/

e Bokeh: https://docs.bokeh.org/en/latest/

e Pygal: https://www.pygal.org/en/3.0.0/documentation/index.htm
1

e HoloViews: https://holoviews.org/user_guide/

o goplot2: https://ggplot2.tidyverse.org/reference/index.html

e govis: https://ggvis.rstudio.com/ggvis-basics.html

e Vega-Lite: https://vega.github.io/vega-lite/docs/

e D3: https://devdocs.io/d3/

e ChartJS: https://www.chartjs.org/docs/latest/getting-started/

e ApexCharts https://apexcharts.com/docs/installation/

3.2.2 Comparative Analysis

For comparing the visualization tools, we applied clustering to identify commonalities
between visualization tools. We employed K-Means clustering [91], which is a commonly
used and fast clustering approach. For K-Means, it is necessary to know the number of
clusters beforehand, as this number defined the number of seed points. To assess the
number of clusters, we used the Elbow Method [92].

For this, we ran K-Means for values of k from 1 to 10 and plotted the within-cluster sum
of squares (WCSS) against k. The moment when more clusters only slightly lowered
WCSS showed that k£ = 2 was the best choice. With this value set, K-Means was run with
k = 2 using the k-means++ initialization method [93] to get stable cluster assignments.
The dataset was then updated with the new cluster assignments.

The clustering analysis was mostly done with numbers, but Principal Component Analysis
(PCA) [81] was also used to cut down on the number of dimensions in the feature space,
making it possible to see clusters in two dimensions. This visual representation did not
affect the results of the clustering, but it did make it easier to look at and understand
the groupings.

3.3 Phase 3: Visualization Reproduction and Grading

In addition to the feature-based comparative analysis in Phase 2, we evaluated the
visualization tools based on common visualization tasks. The aim of this evaluation step
was to analyze how functionality correlates with analytical efficacy.
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3.3. Phase 3: Visualization Reproduction and Grading

3.3.1 Visualization Task Types Identification

Visualization researchers made several attempts to categorize visualization tasks. Amar
et al. [94] extended this perspective by identifying a taxonomy of low-level analytic tasks,
such as retrieving values, finding extrema, filtering, and correlating variables, which
visualizations should support. Brehmer and Munzner [95] proposed a why—how—what
framework, connecting user goals (why), analytical actions (how), and data charac-
teristics (what). Munzner [3] provides a structured framework for making decisions
about visualization design, such as data abstraction, encoding channels, and interaction
techniques.

In this thesis, we decided to base our task analysis on the task categorization proposed by
Andrienko and Andrienko [96]. It provides a systematic coverage of tasks, starting from
abstract data models and defining tasks by target information (i.e., what is unknown)
and constraints (i.e., what is known). The categorization covers a fairly exhaustive space
of exploratory tasks. Andrienko and Andrienko classify user activities into Elementary
Tasks and Synoptic Tasks. This thesis picks five tasks from each task group that are
typical of how users interact with data visualizations in a wide range of ways.

Elementary Tasks

o Lookup — Identifying a specific value (e.g., "What is the price of stock X on day Y?").

Evaluating tools on this task demonstrates how well they support straightforward
and detail-oriented information access. In real life, this could mean looking at the
current sales number for a product or the number of the users who went to the
hospital on a certain day. Tables or key performance indicators (KPIs) are great for

this kind of work because they focus on exact, item-level values instead of patterns.

o Comparison — Contrasting two or more values (e.g., "Compare stock prices between
yesterday and today."). Grouped bar charts are a canonical way to facilitate
such comparisons, since they allow side-by-side evaluation of magnitudes across
categories. For instance, a business analyst might look at how sales are doing in
different regions every three months. Tools that do well here should make it easy
to visually align categories, offer the right scales, and let users interact with the
comparison to make it better.

o Relation-seeking — Finding elements matching a condition (e.g., "Find countries
where exports exceed imports."). Scatterplots are the most common way to show
these kinds of relationships because they show linear, nonlinear, or clustered
relationships between two quantitative dimensions. For example, we could look
at whether spending more on marketing leads to more sales. The evaluation here
shows how tools help with flexible axis selection, visual encoding (like color and
size for a third variable), and interaction features like brushing and zooming, which
are very important for relational analysis.
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Synoptic Tasks

o Pattern Search — Detecting temporal or spatial trends (e.g., "Find intervals of
increasing prices."). A 100 percent line chart, in which categories are normalized to
proportions, lets users see how the distribution changes over time. For example, a
researcher in public health might keep track of how the rates of different diseases
change over time. Adding a reference line, like a target threshold, makes it even
easier to find values that are different from what the users expect. This task checks
how well tools can do normalization, annotation, and time-series interaction.

o Behavior Comparison — Contrasting patterns across groups (e.g., "Compare im-
migration trends across countries."). Geographic maps work best when the data
has a spatial dimension, which lets analysts compare behaviors in different areas.
For instance, mapping unemployment rates by country shows how they differ by
location. Because of this, tools must support the integration of geographic data,
flexible mapping projections, and visual encodings like choropleths and proportional
symbols. This task tests whether tools lets the users make meaningful spatial
comparisons and how well they prepare and show geospatial data.

The five different tasks were aligned with the dataset selected for this thesis. By basing
each task type on analytical questions that are specific to the dataset, the evaluation
stayed both theoretically sound and practically useful. We made sure that the tasks
chosen are based on real-world situations and not just abstract examples.

3.3.2 Dataset and Task Mapping

To execute the tasks, we relied on a dataset that is large enough to challenge the
visualization tools and to allow for a large range of tasks. A dataset for this thesis was
especially defined and created. The tasks identified in Section [3.3.1) were then mapped to
data questions with relation to the dataset.

Dataset

Two resources were used for this dataset. First, a dataset from the NBA (National
Basketball Association) official website [97] comprising player bios was used. Second, a
dataset from Sports Reference for basketball data was used [98]. Overall, we gathered
data for the last 27 seasons - from the season 1996-97 up until the 2023-24 season. The
final dataset we used in the thesis was created by joining the two different data sources.
The names of the players were the key for joining of the tables. Although it worked
in many cases, there were some players who had different namings in the datasets (for
example, Robert Williams [97] was also named Robert Williams IIT [98]). In those cases,
manual cleanup and change of the name in one of the datasets was required. A Python
script was generated to join all the tables and create a unique data source with most
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comprehensive data on the NBA players bios and statistics. The dataset has been made
available online on Kaggle .

The final dataset included 13,391 records with 36 columns in total. There are no missing
values, and every column is fully populated. Player information data like age, player
height, player weight, country of origin, attended college, draft round and number were
included [97], while all the statistics and advanced metrics were collected as well [98].

The players’ weight and height were initially entered into the Imperial system, which was
one of the dataset’s problems. As a result, there were about 20 unique values for height
and 150 unique values for weight, which is a very small quantity. This lack of variation
in the data limited the granularity and possible insights that could be obtained from
the study, which was troublesome, especially for a dataset with over 13,000 players. In
order to solve this, a technique was put into place that maintains the integrity of the
data distribution by allocating randomized height and weight values within reasonable
limits. Players were given a random height figure that fell within a realistic range that
matched their height as reported in the Imperial system (for example, a player who
was described as 6'7” to 6'8” would have a height between 200.66 cm and 203.2 cm).
Furthermore, the majority of the data stayed grouped around realistic values because 80
percent of the randomized values fell within a smaller band (5% to 35% of the range).
The dataset’s average height increased by less than 1 cm as a result of this change, which
is statistically insignificant. A similar method was used for weight, creating random
weights within £0.22 kg of the initial amount based on the difference between two nearby
pounds ( 0.44 kg). The average change in player weight across the dataset as a result of
this modification was roughly 0.09 kg, which is likewise statistically insignificant.

Compared to the initial values, this approach significantly increases the dataset’s granular-
ity, even though it might not accurately capture the players’ real physical measurements.

Task Mapping

We assigned all 5 task defined in Section [3.3.1] a related data analysis question and
a visualization which was related to the final dataset created in Section 13.3.2. The
data analysis questions were selected based on the task descriptions. The respective
visualizations were assigned based on existing knowledge on data representation [99].
By basing each task type on analytical questions that are specific to the dataset, the
evaluation stays both theoretically sound and practically useful. This makes sure that
the tasks chosen are based on real-world situations and not just abstract examples. The
tasks, corresponding data analysis question, and assigned visualization are shown in
Table 13.4.

The three Elementary tasks focused on specific aspects of the dataset. For the Lookup
task, a KPI-style table is perfect because it gives direct numerical output that makes it

1https ://www.kaggle.com/datasets/damirdizdarevic/nba-dataset-eda—-and-ml-c
ompatible/data
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Table 3.4: Task mapping. We mapped the tasks we defined in Section (3.3.1 to data
analysis questions that were available in the data 3.3.2/ and a visualization, which we
intended to re-create with all the visualization tools in our evaluation.
Task Data analysis question Visualization
Elementary Tasks
m
Lookup .How many p?znts did player X average :
in season X?¢
Table
"How do averages of positions C' and lhﬂ
Comparison PF differ in the AST ratio over the last
siz years?’ Grouped
Bar Chart
"Which players had a Player Efficiency oo
Relation-seeking Rating (PER) above 25 in the past 27 o
years?’
Scatter Plot
Synoptic Tasks
"During which periods did the percent-
Pattern Search age of players taller than 205 cm drop
below 30 percent?’
P Area Chart
"How did the average height of players r¥
Behavior Comparison vc.w"y by nationality over the 27-year pe- Choropleth
riod?’ M
ap
easy to find information quickly and accurately. For the Comparison task, a grouped
bar chart makes it easy to see how group-based averages have changed over time. For
the Relation-seeking task, a scatter plot was used to show many individual observations
at once and lets the users highlight specific outliers with conditional filters. The two
Synoptic tasks focused on getting a better overall picture of the dataset’s structure. For
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the Relation-seeking task, an area chart was used, to highlight changes over time in a
linear way. For the Behavior Comparison task, a choropleth map was created to see
categories change over time and space.

3.3.3 Grading System

We required on a grading system to make the evaluation process more organized. In this
case, the system is a set of scoring rules that lets the users compare different visualization
tools in a clear and consistent way. There are five evaluation dimensions in the system,
each of which looks at a different part of how well the tool works: ease of creation,
visualization capabilities, customization options, data preparation requirements, and
output and interactivity.

Based on recent research on multi-criteria evaluation of visualization systems [100] and
mobile data visualizations [I01], the grading system’s dimensions were chosen and changed
to fit the study’s goals, which were to see how well different tools do at reproducing the
chosen elementary and synoptic tasks. This grading system ensures that the task-based
evaluation is both methodical and aligned with established approaches in the visualization
evaluation literature.

» Ease of Creation (3 points)

— 3 Points: The visualization can be created with minimal effort using intuitive,
user-friendly interface. Common actions like drag-and-drop are supported
with little to no need for code.

— 2 Points: Visualization is possible through a well-documented process but
requires some manual steps, including light coding or configuration.

— 1 Point: The creation process is complex and not intuitive. Significant coding,
use of external libraries, or reliance on documentation is necessary.

— 0 Points: Visualization is not possible.
 Visualization Capabilities (4 points)
— 4 Points: All elements of the desired visualization are rendered accurately and

completely, without compromises.

— 3 Points: The majority of the visualization is correctly rendered. Minor
elements may be missing or slightly misrepresented.

— 2 Points: The visualization can be produced, but with significant limitations
or inaccuracies in how the data is displayed.

1 Point: 1 Point: Only basic visual elements can be shown; advanced features
or specific data representations are not possible.

0 Points: Visualization is not possible.
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o Customization Options (3 points)
— 3 Points: Users can customize labels, colors, axes, scales, overlays, layout, and
more. Extensive flexibility is provided.
— 2 Points: Most common customization options are available, though certain
aspects are fixed or limited.
— 1 Point: Only a few visual properties can be modified.
— 0 Points: Visualization is not possible.
o Data Preparation Required (2 points)
— 2 Points: No need to make adjustments to the original dataset.
— 0 Points: Original dataset had to be modified to a new one / visualization is
not possible.
o Output and Interactivity (3 points)
— 3 Points: The visualization supports dynamic interaction (e.g., filtering,
tooltips, hover states) and can be exported in multiple formats.
— 2 Points: Some interactivity is present (e.g., tooltips or zoom), but there are
minor issues (not all options are available).
— 1 Point: The visualization is static or offers minimal interactive elements.
Export options are limited.
— 0 Points: Visualization is not possible.
3.4 Phase 4: Formulating Guidelines
In the last phase, we mapped the clustering results from Phase 2 and the task-based
evaluation results from Phase 3 to different user roles in data science, to identify how the
visualization tools map current skill sets which are required for data science jobs. Previous
studies focussed on the skills that are required for different data science jobs [L02]. Other
studies extracted roles like Data Analyst or Data Engineer from job advertisements
using text analysis [I03]. Behrisch et al. [9] defined three roles in Visual Analytics (Data
Management, Reporting Manager, and Data Analyst) and analyzed which commercial
applications fit which role.
Gunklach et al. [I04] combined skill-based analysis and text-based analysis based on job
advertisements to extract data science job roles. Since this analysis uses both skills and
texts and represents a current state-of-the-art in data science, we based our analysis in
this thesis on these job roles. The authors categorize data scientists into these nine roles:
Business Users Business users have application domain skills without having statistical,
mathematical, or computer science skills. These users are characterized by different
degrees of domain knowledge and disciplinary responsibility.
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Business Analysts Users categorized as business analysts can be characterized as
analytical business users, thus having strong domain knowledge. Business analysts have
skills in both business intelligence and business analytics. Business analysts can make
analytical decisions and communicate them to business users.

Data Analysts The third user group summarizes users that have less domain knowledge
but more analytical skills in mathematics, computer science, statistics, and problem-
solving. Data analysts communicate and present findings to business users by, for
example, building dashboards. In contrast to business analysts, data analysts use simple
AT approaches such as decision trees and k-means clustering in their analysis process.

Applied Data Scientists Users in this group have no specific business knowledge
but rely strongly on machine learning, statistics, databases management, and data
engineering.

Research Data Scientists Research data scientists take on the role of scientists,
concerned not so much with applying existing algorithms as with modifying them or
developing new ones.

Data Engineers The data engineers’ job is to makes data available. They implement
data pipelines to extract data from source systems into other systems such as data
warehouses.

ML Engineers Users in this group are involved in diving deeper into the code and
deploying models into productive solutions.

Software Developers Users identified as software developers have a background in
computer science and are mostly concerned with programming tasks.

Data Science Architects Data science architects are similar to software developers
in their background in computer science. They also have substantial experience with
cloud architectures and management of databases.
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CHAPTER

Results

The study in this thesis was conducted based on the methodology described in Chapter 3.
In the upcoming sections, the results of the three analysis phases (Phase 1 - Section 4.1,
Phase 2 - Section 4.2/ & Section 4.3, and Phase 3 - Section 4.4) are described. Section 4.5
maps the analysis results to identified user groups in data science.

4.1 Landscape of Visualization Tools

After applying the screening and selection criteria to the long list (shown in Table 3.1),
we ended up with a short or final list of visualization tools which was then used in the
upcoming for the subsequent comparative and task-based analysis steps. The final list of
visualization tools is shown in Table 4.1. We ended up with 22 visualization tools for our
evaluation. 10 of them were applications and 12 were charting libraries.

4.1.1 Applications

Applications provide strategic insights across a range of business domains in addition to
improving convenience and visualization accuracy. Applications help users identify pat-
terns, monitor KPIs, and predict future trends in fields like financial reporting, marketing
analytics, and sales forecasting. According to a study by Abdulla et al. [I05], real-time
visual feedback in these domains enhances operational efficacy and decision-making
accuracy. Applications provide multi-tiered and multi-dimensional data perspectives,
enabling users to interact with different data perspectives. Sun [106] states that inter-
active and hierarchical dashboards enable Business Intelligence visualization tools to
assist organizations in recognizing market trends, categorizing consumer behavior, and
enhancing internal operations.
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Table 4.1: Final list of visualization tools selected for the comparative feature and
task-based analysis.

Applications Charting Libraries
Tableau Seaborn
PowerBI Matplotlib
Looker Studio Plotly
Excel Bokeh
GoodData Pygal
Flourish HoloViews
ZOHO Analytics ggplot2
Domo Charts ggvis
ThoughtSpot Vega-Lite
Sisense D3

ChartJS

ApexCharts

Tableau

Tableau is a popular business intelligence and data visualization tool that lets people
make interactive dashboards, reports, and charts by dragging and dropping, and no
programming skills are needed. It can connect to a wide range of data sources, such
as spreadsheets, relational databases, and cloud platforms like Snowflake, Excel, and
SAP HANA. Industry analyses and independent reviews describe Tableau as one of
the best-known and most widely adopted business intelligence and analytics brands
worldwide.

Tableau enables the users to explore data in dashboards interactively by giving users
filters, grouping operations, calculated fields, and drill-down features as options. Users
can create their own calculations, break down and combine data in different ways, and
interactively improve the displayed subset of data. The software has many different types
of standard visualizations, like bar charts, scatterplots, maps, histograms, and bullet
charts. Users can put these types of visualizations together in dashboards to keep an eye
on key performance indicators, find outliers, compare groups, and share the analytical
results.

Several academic studies have examined how Tableau can be used to represent and explore
complex or hierarchical data structures. A study conducted in 2022 by Hinson et al. [107]
evaluated user interactions with different approaches to hierarchical data presentation in
Tableau dashboards. Drill-down charts, expandable sections, and filter-based views were
the three interface strategies that were assessed in the study. According to the results,
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drill-down interfaces improved accuracy and made navigation easier, especially for users
who were unfamiliar with Tableau or the raw data structure. These results demonstrate
Tableau’s ability to support adaptable, user-directed exploration and point out areas for
improving guided data discovery.

There are also limitations. For instance, Tableau’s customization capabilities, although
sophisticated, do not reach the level of detail available in more advanced code-based
platforms such as D3.js or Plotly, as it was observed in [I08]. Additionally, as a paid
commercial product, its licensing fees can be prohibitive for some smaller teams. However,
Tableau still offers, when compared to its closest competitors, an impressive power,
usability, and presentation quality throughout visual data analysis.

PowerBI

Microsoft Power BI is an all-encompassing Business Intelligence suite that allows users to
connect, analyse, and visualize data dynamically and at scale. According to the official
Microsoft documentation, it is ’a collection of software services, apps, and connectors that
work together to turn your unrelated sources of data into coherent, visually immersive,
and interactive insights’ [109]. Power BI integrates with Excel, Azure services, SQL
Server, and many other data sources, which makes it highly usable for both non-technical
users and users with programming experience. It helps companies that are already using
Microsoft products the most because SharePoint and Teams make it easy to share and
import data.

The user interface of Power BI is focused on interactivity and usability. It has drag-and-
drop features for making dashboards and DAX (Data Analysis Expressions) for making
custom calculations. Users can make detailed reports, charts, and drill-down dashboards
that automatically update when the data changes. Power BI is offered as a cloud-based
service, meaning that reports and dashboards are hosted on Microsoft’s online platform
rather than on local machines, which lets users stream and work together on mobile
devices in real time.

Recent academic studies have looked into how Power BI can be used in areas other than
business, like education and the public sector. Dashmukh et al. [I10] conducted a study
that emphasized its role in improving data accessibility and usability for performance
evaluation in educational systems, allowing stakeholders to engage with and interpret
data without needing advanced technical expertise.

Power BI may have problems when working with very large data models or complex DAX

expressions, which makes it necessary to have a deep understanding of data modeling.

Even so, it is still one of the most powerful and affordable Business Intelligence tools on
the market.
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Looker Studio

Formerly Google Data Studio, Looker Studio is a free Google-developed web-based
data visualization and dashboarding tool. Users may generate interactive reports and
dashboards that draw information from several platforms including Google Analytics,
Google Sheets, MySQL, BigQuery, and many others. With a focus on ease of use and
collaboration, Looker Studio allows users to create visualizations in real-time without
the need of advanced technical skills.

Looker Studio has tools for sharing analytical content, such as the ability to share
dashboards or put reports on other websites. It also has live data connections, so
dashboards can show updates from connected sources without needing to be refreshed
manually. Users can make many different types of visualizations using the graphical
interface instead of programming, which might make it easier for new users and for the
non-technical users to get started. However, using pre-made visual parts and connectors
might make it harder to be flexible when users need to do more advanced analysis.

Academic use cases have demonstrated the tool’s effectiveness in visualizing institutional
metrics and educational performance. For example, Dyon et al. [I11] used Looker Studio
to create a school-wide academic dashboard, and they reported 89% usability satisfaction
for assisting in decisions based on teacher attendance and student grades.

Looker Studio’s integration with the Google Ecosystem is one of the most prominent
features. Using intuitive interface, users can create time series charts, scorecards, maps,
bar graphs, and other advanced visuals. Filters and dynamic date ranges and other user
generated data exploration techniques are also supported, making creating visuals much
easier.

Excel

One of the most prominent and most commonly used spreadsheet software across the
world, Microsoft Excel, has for a long period of time been used in business, finance,
and analytics. It also offers powerful tools for data organization along with integrated
visualization which makes it possible to use it for data analysis and presentation.

Unique features included are user friendly interface that allows for quick analysis of data,
conditional formats, data validation; all-purpose chart generation with specific options as
well as integration with Power BI for added capabilities.

A recent study, Mahmud et al. [I12] investigated Excel’s user-friendliness, visual appeal,
and reputation in educational settings. The research found that Excel’s intuitive interface,
broad feature set, and positive reputation significantly influenced user preference and
loyalty in data visualization tasks.

Unlike other statistical analysis programs, Excel’s high-performance data processing
and real time interactivity is not its speciality. It is also missing advanced methods
of statistical analysis and machine learning algorithms. However, it is still a highly
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useful tool due to its value, ease of use, and ubiquity when it comes to presentations to
non-technical audiences.

GoodData

GoodData is an advanced cloud-based analytics platform offering Artificial Intelligence
Solutions for Business Intelligence operations; however, it specializes in the delivery of
embedded analytics (which refers to integrating dashboards, reports, and data visuali-
sations directly into existing business applications, so users can access insights within
the tools they already use) and reporting services. GoodData is developed to plug and
play seamlessly within existing business structures to enable the creation of custom
dashboards and visualizations capable of being embedded into proprietary applications
or customer portals.

GoodData has features for data governance and multidimensional modeling to help
with complex data transformations. These features are useful in settings where data
management is very important. The platform is made to work in big multi-tenant
architectures, which means that different groups of users or clients can use the same
system while keeping their data separate, which is used by many organizations that need
to give a lot of users access to analytics while keeping security controls in place use this
structure. The platform has ETL pipelines that lets users connect to many different data
sources, and it has a web-based interface for making reports and dashboards. But how
well these tools support advanced customization depends on how they are set up and
how technically proficient the users are.

Nevertheless, individual analysts and small to medium enterprises are not the most likely
users of GoodData services, as the platform is tailored more towards corporate developers
and enterprise teams. Setting up user roles and custom data models involves considerable
effort and time, making the learning curve steep. For organizations hoping to embed
Best in class Artificial Intelligence Services, the complexity may not be an issue.

Flourish

Flourish is a cloud hosted data visualization tool, which allows users to make fully
animated, interactive charts and stories, without the need of any coding skills. It is
especially useful for analysts who want to add an impactful visual dimension to their
presentations. Flourish offers an extensive catalogue of visualization templates including
bar chart races, heatmaps, pictogram, 3D globes, and even network diagram. These
templates are not standalone designs, but templates meant for the users to create
narratives around them and guide the audience through the data.

One of the capabilities that makes Flourish stand out is ease of use. Users can upload
spreadsheets, adjust the visuals through the editor, and publish the created visuals to
the web or embed them in other web pages. In addition, it also offers a way to link data
so that the charts can be kept updated with new source data. This is very useful for
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visual content that needs to be up to date but cannot be made fast enough by constantly
changing it manually.

Although Flourish provides a robust set of capabilities for design and interactivity, it
lacks analytical depth. Statistical analysis and data manipulation is not favourable within
the design of this visualization tool. Hence, it is better suited as a front-end tool after
the data has been cleaned and processed. Still, its design-oriented focus makes it an
excellent tool for communicating insights in an engaging and accessible way.

ZOHO Analytics

ZOHO Analytics offers Self Service Business Intelligence and data reporting tools that
use machine learning artificial intelligence technologies supporting voice commands to
minimize the need for the user engaging any detailed coding skills. This visualization
tool can integrate a variety of data sources from spreadsheets and databases to cloud
storage and business software applications. It is custom designed for small, medium
and enterprise level businesses on top of featuring easy to use data preparation and
visualization design interfaces.

What distinguishes ZOHO Analytics is its built-in automation technology as well as its
conversational analytics Zia, which enables users to ask questions in their local tongue
and receive visualization-based answers. Also, it features predictive analytics, and trend
forecasting along with drag and drop feature for customizing dashboards. With Zia
giving direct answers, users are able to review previously acquired information and they
are also put in a great position to plan and develop future strategies.

In a user study, Nunes et al. [I13] evaluated the communicability of dashboards generated
using three leading BI tools-Tableau, Power BI, and ZOHO Analytics-based on semiotic
inspection. The results showed a greater number of communication disruptions in the
interaction with Tableau and Power BI in relation to ZOHO Analytics, indicating that
ZOHO Analytics allows the user a greater understanding of the result of the actions
taken.

While it is difficult to contest the effectiveness of the Zia software, it’s the effectiveness
upon its completion that tends to miss the strength and scope of its predecessors. Users
might also be troubled with lack of advanced customizations in geo or timezone targeted
dashboards and other singularly focused data readers.

Domo Charts

Domo Charts are the visualization component of the Domo business intelligence platform,
used to explore and communicate data through interactive visuals. Users can choose
from more than 150 chart types, including specialized "data science" charts. The created
charts can be customized by the users by controlling colors, labels, axes, formats, and
annotations to tailor the appearance to specific audiences and reporting standards.
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The created charts are interactive by default, supporting drill-downs, filtering, and hover
tooltips that reveal detailed values, which enables users to move from high-level KPIs
into granular records without leaving the dashboard context. Domo’s chart engine is
designed to handle large datasets efficiently, so even dashboards backed by millions of
rows remain responsive.

ThoughtSpot

ThoughtSpot is a cloud-based Business Intelligence and analytics platform, with a focus
on a search-driven and Al-enhanced user experience. Business users can ask questions
about their data in natural language and get immediate, interactive visual representations.
The platform eliminates the need for pre-made dashboards or SQL expertise by combining
advanced indexing with Al analytics to deliver highly contextual responses from complex
datasets. Its approach to "search analytics" sets it apart by providing a corporate data
interface similar to Google.

ThoughtSpot interfaces with numerous cloud data warehouses, including Snowflake,
BigQuery, Redshift, and Databricks. The SpotIQ engine finds patterns, outliers, and
trends on its own and gives the users Al-generated insights in seconds. ThoughtSpot’s
interactive dashboard solution, Liveboards, lets users add analytics to apps or websites
and customize visualizations. The platform is great for making quick decisions in fields
like retail, healthcare, and financial services, where having access to in-depth information
is important.

ThoughtSpot has several drawbacks despite its creative approach. The reliance on
well-structured datasets is a major drawback; in order to enable smooth and accurate
search experiences, users usually need a big back-end data preparation. This creates a
dependency on data engineering or IT teams, especially in companies with complex data
ecosystems. Also, the customization of visualizations is less flexible than that of tools

like Tableau or Power BI, which offer more accuracy in terms of layout and appearance.

Sisense

Sisense is a cloud-native analytics platform that enables the integration of analytics into
business processes, products, and services. Unlike traditional BI tools, Sisense focuses on
embedded analytics and scalability, which is beneficial for product teams and providers of
enterprise software. Users can add visual analytics to web portals, SaaS apps, and mobile
devices with Sisense, making data-driven environments that are seamless and native.

The platform combines data preparation, modeling, and visualization into one interface.

One of the most impressive things about it is the in-chip data engine, which lets data
be processed quickly, even when it is large or complicated. Other functions supported
by Sisense include integration of machine learning models, real-time data alerts, and
customizable dashboards for different users.
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The learning curve can be steep for teams without dedicated development headcount in
place. While Sisense enables great flexibility, taking advantage of it requires significant
skills in data modelling and embedding. Regardless, businesses aiming at providing
advanced analytics within their products or services rapidly will find Sisense both
effective and responsive to their needs.

4.1.2 Charting Libraries

Charting libraries are data visualization tools that emphasize precision, programmability,
and versatility. Charting libraries cater to users with programming expertise seeking
intricate control over data manipulation, visual aesthetics, and interactivity, in contrast
to Business Applications, which prioritize usability. These libraries, extensively utilized
in both industry and research for generating customized, high-fidelity visualizations, are
generally incorporated into programming environments such as Python, R, or JavaScript.

Notable charting libraries are D3.js (JavaScript), Plotly (Python), and ggplot2 (R). D3.js
focuses on data binding and custom SVG manipulation; Plotly specializes in interactive,
browser-based visualizations; and ggplot2 utilizes the grammar of graphics model for
statistical plotting. Dogadina and Voronin [73] recommend these libraries for their
capacity to provide intricate analytical control, rendering them suitable for projects
where data complexity and precision are critical.

The great degree of customization offered by charting libraries over business applications
is one of their primary benefits. Nearly every element of the visualization is editable by
users, including tooltips, animations, and axis labels and colors. In fields like science,
finance, or technology where data must be accurately represented-often in non-standard
formats-this level of detail is particularly crucial. This makes charting libraries a popular
option for subject matter experts who feel at ease working in code environments, as noted
by Lavanya et al. [114].

This flexibility entails a more challenging learning curve. Charting libraries generally
necessitate proficiency in programming languages, syntactic structures, and data formats.
Although visualization tools such as ggplot2 exhibit elegance in their grammar-based
architecture, they may prove to be unintuitive for novices. Kruchten et al. [I15] presented
a metrics-based evaluation framework for visualization notations, revealing that libraries
such as D3.js and ggplot2 compromise usability for functionality-a trade-off frequently
embraced by proficient users in pursuit of control and accuracy.

A further advantage of charting libraries is their incorporation into data science workflows.
These libraries are not independent applications but components of broader analytical
ecosystems-like Jupyter notebooks, R Markdown, or web applications-rendering them
highly extensible and appropriate for reproducible research. For example, Plotly effort-
lessly integrates with Dash to create interactive web applications, whereas D3.js can
be incorporated into larger JavaScript frameworks for custom-made dashboards and
narrative visualizations.
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Comparing D3.js and Tableau, Nair et al. [I08] discovered that while D3.js is more
challenging to master, it offers superior control for visualizing extensive, intricate datasets,
especially in big data contexts where conventional BI tools may prove inadequate. This
shows a main idea in visualization: the conflict between being expressive and being easy
to use.

Although they are technical, many charting libraries have extensive documentation,
community support, and abstraction layers that make it easier for the users to familiarize
themselves with the visualization tools. For instance, Vega-Lite and Plotly Express
are high-level D3.js abstractions that make coding easier without losing important core
features. A greater range of users can now more easily access advanced visualization
capabilities thanks to these developments.

To summarise, charting libraries are crucial resources for users who appreciate accuracy,
control, and integration in their analytical procedures, while also possessing programming
knowledge. Their extensibility and customizability make them appropriate for advanced
users handling complex data scenarios, despite the fact that they lack the convenience of
business applications. These libraries will continue to be essential to data science and
research workflows as the visualization tool ecosystem grows.

Seaborn

Seaborn is a high-level Python library built on top of Matplotlib that simplifies the
creation of attractive, statistical visualizations. It integrates well with pandas and
automates complex plot generation-such as correlation heatmaps, pair plots, and violin
plots-making it especially useful for exploratory data analysis. With a basic understanding
of Python syntax, users can create graphics using Seaborn’s brief and innate syntax.

A key advantage of using Seaborn lies in its integration with pandas DataFrames, which
is a cornerstone of data manipulation in Python. Specifically, users can create complex
visualisations with short and simple function calls. This, in turn, removes a large portion
of the repetitious code that is frequently needed in other libraries. On the other hand, it
lacks interactivity options and the deep customization that Matplotlib possesses, which
limits its use in real-time applications and web dashboards.

Matplotlib

Matplotlib is a ’comprehensive library for creating static, animated, and interactive
visualizations in Python’ [116]. It has a flexible, low-level API that lets the user make
all kinds of plots, including interactive, animated, and static ones. Because of how it
was designed, it is great for the users who need a lot of customization. Matplotlib is a
key part of the Python data science ecosystem because it is the base for more advanced
visualization libraries like Seaborn and Pandas plotting tools.

Matplotlib has been widely used in academic contexts, particularly for creating publication-
quality figures. Cao et al. [I17] conducted a study that emphasized Matplotlib’s efficacy
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in scientific, commercial, and engineering fields, highlighting its accuracy and clarity
in depicting intricate visual structures. Kaestria et al. [I18] used Matplotlib to show
how useful it is for educational research by using line and scatter plots to show how
digital device use affects academic performance. These studies confirm its utility for
comprehensive, replicable visual analysis in academic workflows.

The main thing that makes Matplotlib so powerful is how flexible and controllable it
is when it comes to visual output. This is important for custom and scientific plotting.
It works perfectly with NumPy and Pandas, supports LaTeX for equations, and makes
graphics with high resolution that can be used in print and online. But it is hard for
beginners to learn, especially when compared to more advanced visualization tools like
Seaborn or Plotly. The syntax can be long, and we cannot do much with it interactively
unless we use it with other libraries like ipywidgets or Plotly.

Plotly

Plotly is a graphing library that offers interactive plotting functionalities in languages
such as Python, R and JavaScript. It is particularly known for use when building
web-based dashboards and real-time visualizations. Plotly is different from traditional
static libraries in a way that a user can create charts that they can zoom into, hover over
for details, or even export in different formats.

Academic research recognizes Plotly for its utility in interactive and exploratory data
visualization. A 2023 study in the Advances in Systems Analysis series emphasized Plotly
Express’s high-level syntax and ability to generate insightful, publication-quality graphics
with minimal code, especially in exploratory data analysis workflows [119].

Plotly is useful because it is interactive, works with web browsers, and can handle
complicated visualizations like maps, 3D plots, and animations. It works with frameworks
like Dash and Jupyter Notebooks, and the users often use it to make dashboards. But it
might use more resources than static plotting libraries, and users sometimes have trouble
making changes without learning how to use lower-level JSON-like syntax. Also, when
working with large datasets or very customized visualizations, performance and flexibility
may not be as good as they are with Matplotlib or D3.js.

Bokeh

Bokeh is a Python library for creating interactive visualizations for modern web browsers.
Bokeh lets users create plots in a wide range of formats, from standalone HTML files to
embedded dashboards and web apps. It also supports high-performance interactivity. It
works well with NumPy, pandas, and Jupyter Notebooks, and it has both high-level and
low-level APIs that let the user design and build things in different ways.

Bokeh has been employed in academic and applied research settings that require spatial
or interactive data visualization. A notable example is the ST VISIONS tool, which
builds on Bokeh to allow intuitive map-based visualizations of spatio-temporal datasets.
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Researchers from the University of Piraeus showed that Bokeh allows for rich interactivity,
such as filtering, coloring, and zooming, while still keeping a high-level interface for quick
prototyping [120].

Bokeh is great for making interactive visualizations that work on the web and do not
require much JavaScript knowledge. Because it can stream data in real time, integrate
widgets, and support callbacks, it works especially well for dashboards and data apps.
However, Bokeh may be harder to use for basic plotting than libraries like Seaborn,
and large, complex plots may run slower if they are not optimized correctly. Also, even
though its API is strong, it may seem complicated or broken when the user tries to do
more advanced customization.

Pygal

Pygal is a Python charting library that focuses on generating vector graphics, particularly
SVGs. It particularly well-suited for web-based applications. One advantage of Pygal
is that is it beginner-friendly, since the user can quickly visualize data, without the
need to worry about design details. The SVG output format ensures that graphics are
scalable without any loss in resolution, making them ideal for responsive web pages or
print-quality documents. Additionally, Pygal charts are interactivity (for example like
tooltips or hover effects), which can be helpful when trying to present data in a more
engaging way.

Pygal may not be the best choice for big or very customized visualizations, but it is
great at what it does best: making clean, consistent charts that can be embedded. It is
a useful tool for quick reporting because its syntax is simple and its default styles are
nice. This is especially true when simplicity and clarity are more important than deep
interactivity or customization.

HoloViews

HoloViews is an ’open-source Python library designed to make data analysis and visu-
alization seamless and simple’ [121]. By focusing on the structure of the data instead
of the details of plotting commands, it lets users make interactive, browser-based plots
with very little code. HoloViews works well with backends like Bokeh and Matplotlib,
and it works well in Jupyter Notebooks for exploratory analysis and research that can be
repeated.

Stevens et al. [122] highlight HoloViews’ utility in enabling reproducible scientific work-
flows. The authors explain how HoloViews reduces the need for custom plotting code by
allowing users to pair their data with metadata structures, which are then rendered into
interactive visualizations.

HoloViews does a good job of cutting down on duplicate code and making it easier
to work with complex, multidimensional data. Its ability to easily create interactive
visualizations makes it a popular choice for scientific dashboards and notebooks. But it
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has some problems, especially when users need to have very precise control over each plot
element. In these cases, they might still need to use the syntax for Bokeh or Matplotlib.
Also, beginners or the users who are used to simpler visualization libraries like Seaborn
or Plotly may find it hard to learn because it has a steep learning curve and depends on
a certain plotting backend.

ggplot2

gegplot2 is used in data visualization packages in R. It is built upon the principles of
the Grammar of Graphics [I5]. One of the main advantages of ggplot2 is the option to
separate data from layers. This modularity lets users to incrementally build up their
plots by adding components such as themes, facets, and scales. Also, ggplot2’s syntax
is easy to understand and consistent, so it is easy to learn and very useful for making
graphs that show information.

ggplot2 is very important for teaching people about data and for making scientific graphs.
Gould [123] emphasized that ggplot2 assists in the creation of consistent and high-quality
plots. It is especially helpful for researchers in HCI and psychology who want visual
outputs that can be changed and interacted with.

The biggest advantage of ggplot2 is that it has a method for plotting that is both
organized and flexible, which allows a wide range of statistical graphics and layering
options. It works well with the tidyverse ecosystem and can handle both small and large
datasets without any problems. Still, ggplot2 can be hard to learn for the users who are
new to the Grammar of Graphics framework.

ggvis

RStudio made ggvis, a R package that lets the user make interactive graphics using a
syntax similar to ggplot2. It also lets the user interact with the graphics on the web.
It was built on top of Vega and Shiny and let users make responsive plots that could
be viewed in RStudio or embedded in web apps. The goal was to use the "Grammar
of Graphics" ideas to make interactive web graphics. But the development of ggvis has
slowed down a lot, and the package is now considered dormant.

The biggest advantage of ggvis was that it combined the familiar ggplot2-like syntax with
Shiny interactivity, which made it easy to make sliders, tooltips, and layouts that worked
on all devices. It was especially appealing to R users who wanted to try out interactive
visualizations without having to learn JavaScript. But its main problems-no active
development, an incomplete feature set, and limited integration with newer tidyverse
tools-have made it mostly useless in modern R workflows.

Vega-Lite

Vega-Lite is a ’high-level grammar of interactive graphics. It provides a concise, declarative
JSON syntaz to create an expressive range of visualizations for data analysis’ [124].
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Satyanarayan et al. [16] describe Vega-Lite as a system that connects statistical graphics
and user interactivity. The authors present a grammar of interaction that makes it
possible to define user-driven actions like selections and filters in a declarative way.
Their evaluation shows that Vega-Lite lets the user make short, reusable visualization
specifications while still being flexible and interactive.

Vega-Lite’s biggest strengths are its simple syntax, built-in interactivity, and ability to
be used in web apps. It works well with responsive and accessible design, so it is great
for dashboards, educational tools, and news articles. But it might be hard for the users
who do not know how to code to learn, and its JSON-based specification can make it
hard to make visualizations that are very unique.

D3

D3 (or D3.js) is a free, open-source JavaScript library for visualizing data. The library’s
low-level approach built on web standards offers unparalleled flexibility in authoring
dynamic, data-driven graphics’ [125]. Many journalists, researchers, and business analysts
use it to make custom visualizations that change based on user input and real-time data
streams.

D3.js has been a key tool in academic research on visualization that involves a lot of
interaction. Chen and Zhou [126] put forward a data-driven visualization model utilizing
D3 for dynamic dashboards, demonstrating its superiority in fostering real-time insights
and user engagement over static charting tools.

D3’s greatest asset is that it is flexible in a way that users can make almost any kind
of visual from scratch. It can handle animations, transitions, and interactivity better
than most other libraries. But this power comes with a steep learning curve; to make
visualizations, the users need to know JavaScript, how to change the DOM, and how to
write functional code. For quick visualization tasks, it is not as good as tools like Plotly
or Vega-Lite, and it might be too much for regular chart types.

ChartJS

Chart.js is an open-source JavaScript library that makes it easy to make responsive charts
for web apps and other things. Chart.js is very popular with front-end developers and
data scientists who are making dashboards or interactive reports because it is easy to set
up and does not need much configuration.

Chart.js uses a declarative programming language, which makes it easy to use for
beginners. Users can quickly create charts with only using a few lines of code. It also has
built-in features like animations, tooltips, and legends that make charts more interactive
without the need for extra libraries or plugins. Chart.js uses HTML canvas to render,
which makes it suitable for large datasets.

Chart.js does not allow for as much customization as D3.js, but it is easy to use and
looks good, so it is a good choice for a rapid prototyping and fast development cycles.

55



Die approbierte gedruckte Originalversion dieser Diplomarbeit ist an der TU Wien Bibliothek verfligbar

The approved original version of this thesis is available in print at TU Wien Bibliothek.

[ 3ibliothek,
Your knowledge hub

4.

REsuLTS

56

ApexCharts

ApexCharts is a modern JavaScript library for making charts that are very interactive,
dynamic, and responsive. It has a lot of advanced chart types that are often needed
in dashboards for tracking performance and finances. These include candlestick charts,
heatmaps, radial bar charts, range area charts, and timelines. It was made with modern
frameworks in mind and works well with React, Vue, and Angular.

ApexCharts is different because it lets us update data in real time and customize it in
advanced ways through a clean, modular API. ApexCharts also makes it easy to export
to SVG, PNG, and even PDF formats.

ApexCharts is great for situations where we need more than just still graphs. It does
well in modern reporting tools that let us interact with them and dashboards that let the
users watch things happen in real time. It has a lot of features and good documentation,
which makes it a strong candidate for analytics projects that will be used in production.

4.2 Feature Mapping

The 22 visualization tools were evaluated and categorized according to the three groups
visualization support (e.g. availability of specific chart types), automatic analysis (e.g.
built-in support for statistical or machine-learning operations), and user guidance, per-
ception, and cognition. The groups were described in more detail in Section [3.2.1.

To evaluate visualization support, we looked at how well each tool could handle a
wide range of types of visualizations. Table 4.2 shows a summary of the visualizations
tools in the study and which types of visualization techniques are supported by them.
The visualization techniques have been described in detail in Section 2.1.1. There is a
clear line between commercial software and open-source libraries. Many of the presented
visualization techniques are well-supported by applications like Tableau and Power BI,
and by charting libraries like Plotly. The hereby mentioned three visualization tools
cover almost all of the chart types that were tested. On the other hand, applications
like Looker Studio, Excel, and GoodData cover only some areas, usually only treemaps,
sunburst charts, or geographic maps. Seaborn, Matplotlib, and ggplot2 are examples
of charting libraries that are good at making traditional plots but do not have built-in
support for more advanced techniques like horizon graphs. This means that while popular
applications are great at providing a full set of visualizations, charting libraries often
need extensions or user code to get the same level of coverage.

To evaluate automatic analysis, we looked at the features provided by the tools to
support the generation of additional (i.e., not contained in the data) automatic analysis
results. Table 4.3/ shows a summary of the visualizations tools in the study and which
types of analysis techniques are supported. Applications like Tableau, Power BI, Excel,
and ZOHO Analytics come with built-in support for tasks like classification, clustering,
regression analysis, and even predictive modelling. Charting libraries do not have such
features built in. Instead, they leave statistical and machine learning tasks to be done in
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Table 4.2: Visualization support. Binary matrix showing, for each visualization tool,
whether it natively supports the indicated visualization types. The visualization tech-
niques used here in the evaluation have been described in detail in Section [2.1.1.

Parallel coordinates
Sunburst charts
Treemaps

Node-link diagrams
Matrix-based
Geographic maps
Heatmaps

Dense pixel-based
Glyph-based multiples
Horizon graphs

Tableau

Power BI
Looker Studio
Excel

GoodData
Flourish

ZOHO Analytics
Domo Charts
ThoughtSpot
Sisense

Applications

Seaborn
Matplotlib
Plotly
Bokeh
Pygal
HoloViews
ggplot2
ggvis
Vega-Lite
D3
ChartJS
Apex Charts

Charting Libraries

the surrounding programming environment. For this reason, charting libraries have not
been included in Table |4.3| since all fields would be empty. The results show that there
is a clear difference between applications and charting libraries. Charting libraries do
not see the necessity to include automatic analysis into the library itself, since they are
embedded in programming environments.
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Table 4.3: Automatic analysis. Binary matrix showing the availability of built-in features
for automatic analysis in each visualization tool, such as basic statistical summaries and
model-based methods (e.g., regression or trend estimation). Charting libraries were left
out, since the visualization libraries do not provide any automatic analysis features at all.
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To evaluate user guidance, perception, and cognition, we looked at the possibilities
provided by the visualization tools to guide users, and to best support users’ perception
and cognition. Most visualization tools come with some kind of onboarding or documen-
tation, and tutorials, forums, and usage manuals are almost always included. Table |4.4
shows a summary of the visualizations tools in the study and which types of guidance
techniques and actions are supported. Tableau and Power BI are unique because they
come with built-in suggestions for visualizations and parameters, as well as large support
networks that include user and developer conferences. Almost all applications now sup-
port large language models (LLMs), which can be used by users to create visualizations
and conduct additional analysis steps like data wrangling. What we were particularly
interested about are the tools which have the LLM support integrated, such as Tableau’s
Einstein Copilot (now called Tableau Agent [127]), ZOHO Analytics is equipped with
AT assistant Zia [128], and Sisense supports a generative Al to which any prompt can
be given in a human form, and the dashboard will be generated [129]. This shows that
Al-assisted guidance is becoming more popular. Open-source libraries, on the other hand,
have a lot of documentation but do not have interactive help or community-driven events
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Table 4.4: User guidance, perception, and cognition support. Binary overview of whether
visualization tools offers guidance features that directly assist users during analysis,
such as visualization recommendations, basic workflow guidance, tutorials, manuals, and
community support.

Visualization suggestions
Parameter suggestions
Getting-started tutorial
Advanced tutorials
Online forum

Online wiki

Usage manuals

Email support

User conference
Developer conference
Interactive help

LLM support

Tableau

Power BI
Looker Studio
Excel

GoodData
Flourish

ZOHO Analytics
Domo Charts
ThoughtSpot
Sisense

Applications

Seaborn
Matplotlib
Plotly
Bokeh
Pygal
HoloViews
ggplot2
ggvis
Vega-Lite
D3
ChartJS
Apex Charts

Charting Libraries

like commercial platforms do. The Python libraries (Plotly and Bokeh) stand out by
providing the most support mechanisms - Plotly even has its own user conference.
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4.3 Comparative Analysis

As outlined in Section [3.2.2, we used clustering (K-Means) to identify groups within the
landscape of 22 visualization tools. The tables as shown in Section 4.2 were converted into
a numerical feature matrices and then combined. The final feature matrix was subjected to
the K-Means clustering analysis. While each column in the dataset correlated to a binary
or scaled indicator of particular functionalities like statistical support, customization
options, integration features, or interactivity, each row in the dataset represented a
unique visualization tool. The algorithm grouped tools on the basis of their measured
capabilities by eliminating the attribute labels from the clustering process. Plotting the
within-cluster sum of squares (WCSS) for cluster counts ranging from one to ten was
done using the Elbow Method to find the ideal number of clusters. The toolset appears
to naturally divide into two main capability-based groups, as evidenced by the point at
which adding more clusters led to diminishing returns at k = 2, (depicted in Figure 4.1)

The Elbow Method

100 A

80 4

WCSSs

60

40 1

20 1

2 3 6 8 10
Number of clusters
Figure 4.1: An elbow plot that shows the within-cluster sum of squares for different
values of k in the K-Means analysis. The curve clearly bends at k=2, which means that
two clusters are a good balance between making the model more complex and lowering
the variance.

The K-Means algorithm was run with k£ = 2 using the k-means++ initialization method
to guarantee stable convergence after the ideal cluster count was determined. Each
visualization tool was given a cluster label based on how similar its functional features
were, and the resulting clusters showed a clear division between the two groups. We
used Principal Component Analysis (PCA) to map the visualization features from
Section 4.2/ to two dimensions, so that it was possible to show the clusters in one plot.
The distribution of clusters for the 22 visualization tools is shown in Figure 4.2 The
high-level division between low-code/no-code, presentation-focused platforms and code-
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centric, highly configurable libraries is probably consistent with this binary classification,
which reveals a basic division in the current sample of visualization tools. This division
is consistent with earlier findings in the literature, such as in the study by Rost [10],
where she pointed out that applications typically favor programmatic interfaces for
flexibility or ease of use with limited customization. The only exception we found is
Plotly, which is a charting library, but ends up in Cluster 0 due to its unique feature set
and community support. The cluster assignment for each visualization application can
be seen in Table 4.5l
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Figure 4.2: A two-dimensional PCA projection of all the visualization tools, with points
color-coded based on their K-Means cluster assignment (k = 2). The plot makes it easy
to see the difference between Cluster 0 (in blue) and Cluster 1 (in yellow). Cluster 0
comprises primarily applications. Cluster 1 includes exclusively code-centric charting
libraries. The cluster distribution indicates an inherent difference in features between
applications and charting libraries, with one exception (Plotly). Further, the cluster
distribution shows more diverse features for the visualization tools in Cluster 0 than
in Cluster 1, which means that the landscape of applications is more diverse than the
landscape of charting libraries.

4.4 Task-Based Analysis

In the task-based evaluation, we wanted to find out which visualization tools are especially
useful for the five tasks we selected in Section 3.3.1. For every task, we assigned an
analysis question and a visualization (Section 3.3.2) according to the dataset we used
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Table 4.5: Cluster assignments of the assessed visualization tools derived from the
K-Means analysis of their feature profiles. There are two groups of tools: Cluster 0,
which contains mostly applications, and Cluster 1, which contains exclusively charting
libraries. Even though Plotly was identified as a charting library, it shows up in the
application-dominated cluster (Cluster 0).

Cluster 0 Cluster 1
Visualization tool Type Visualization tool Type
Tableau Application Seaborn Charting library
PowerBI Application Matplotlib Charting library
Looker Studio Application Bokeh Charting library
Excel Application Pygal Charting library
GoodData Application HoloViews Charting library
Flourish Application ggplot2 Charting library
ZOHO Analytics Application ggvis Charting library
Domo Charts Application Vega-Lite Charting library
ThoughtSpot Application D3 Charting library
Sisense Application ChartJS Charting library
Plotly Charting library ~ Apex Charts Charting library

and suggestions for visualization chart types from current literature. We based the
task-based evaluation on the visualization tool clusters that had been identified during
the comparative analysis (Section 4.3). For every cluster, for every tasks, we show the
ratings of the visualization tools. The ratings are defined according to our grading scheme
(described in Section 3.3.3)). The five grading criteria are ease of creation, visualization
capabilities, customization, data preparation, and output/interactivity. For all criteria,
we assigned points for each visualization tool. The evaluation gives an overview of how
the visualization tools of the two different clusters score for the different grading criteria.
For each task, 2-3 representative visualizations are shown and discussed in more detail,
to outline why some tools score higher than others and how certain design traits and
functionalities affect their performance.

4.4.1 Elementary Tasks

Elementary tasks are defined by Andrienko and Andrienko [96] as tasks that concern
individual data elements, or single configurations of elements, rather than aggregates or
whole datasets. These tasks refer to single data items or single instances of the dataset.

Lookup
The Lookup task describes the identification of an individual value in the dataset.

After grading all visualization tools, it could be seen that in Cluster 0, Tableau got
the highest overall score. The scores are summarized in Figure 4.3l Tableau stands
out with the highest overall score, while Plotly and ZOHO Analytics occupy the lower
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end of the range. All tools receive uniformly high ratings for visualization capabilities,
ease of creation, and output and interactivity, indicating that, at a basic level, they
are broadly comparable in how easily users can build charts and how well those charts
support interaction.

The main differences arise in customization options, data preparation requirements, and,
to a lesser degree, creation and interactivity scores, where Tableau achieves the maximum
ratings and thereby exceeds competitors, especially Domo Charts, Excel, ThoughtSpot,
Plotly, and ZOHO Analytics, which lose ground mainly on customization and sometimes
on visualization strength. Mid-tier tools such as Flourish, Looker Studio, PowerBI,
Sisense, and GoodData cluster closely together, suggesting they provide a balanced mix
of visual quality and flexibility without clearly outperforming Tableau or underperforming
the lower-scoring products.
A = —

B data preparation required

M ess< of creation

B cutout and interactivity
[ visualization capabilities

Sum of Rating Criteria

0 @

IS

Figure 4.3: Scores of the visualization tools in Cluster 0 for the Lookup task.

Selected charts generated during the evaluation are shown in Figure In Tableau,
the visualizations were easy to create, all charts could be customized by the user, no

extra data preparation was needed, and Tableau charts by default offer interactivity.

Tableau exports are a great tool for reporting. Tableau charts also offer additional
explanations and guidance, as illustrated in Figure Tableau’s KPI-style table to
display the average points for a selected player and season. GoodData is one example
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for a visualization tools that scored less points than Tableau and the group of tools on
second place. GoodData works well, but its customization options (e.g., how to handle
titles) and export options are not as good as they could be. GoodData’s visualization
correctly displays the requested value but offers more limited options for formatting
titles and exporting results. The visualization created with GoodData can be seen in
Figure 4.4b. Plotly is an example for a visualization tool that scored the least points
in Cluster 0. Plotly’s table layout wastes space and does not let the users customize or
export data as easily in this case. The result is shown in Figure 4.4c. Plotly returns the
correct value in a table, but the layout wastes screen space and offers fewer options for
formatting and exporting.

Mormalized Name
Stephen Curry 201

Normalized name « Sum of Pts
Stephen Curry 30.10
(a) Tableau (b) GoodData (c) Plotly

Figure 4.4: Lookup (Cluster 0) examples. Comparison between tables in Tableau,
GoodData, and Plotly.

When performing the Lookup task for visualization tools in Cluster 1, the results were
not as clear as for Cluster 0. The results are shown in Figure 4.5, In Cluster 1, the scores
are closer together (between 9 and 11 points). There are two winners, ApexCharts and
Vega-Lite, and a large group of visualization tools in the middle. ApexCharts Vega-Lite
have consistently strong scores across customization options, ease of creation, interactivity,
and visualization capabilities. Bokeh and Chart.js follow closely behind, with slightly
lower totals driven mainly by somewhat weaker customization and visualization ratings,
yet they still offer a solid overall balance of features.

D3 and ggplot2 sit in the middle of the pack: they achieve very strong marks for
visualization expressiveness but are pulled down by lower ratings for ease of creation and,
to a degree, data preparation, reflecting their more code-intensive workflows. HoloViews
and Matplotlib exhibit similar totals, with respectable visualization and interactivity
but limited customization convenience and more effort required to prepare and structure
data for plotting. Seaborn trails this group with the lowest bar among those shown,
suggesting that although it simplifies some aspects of statistical visualization, it lags
behind in flexibility and interactive output.

Example charts generated during the evaluation can be seen in Figure 4.6. ApexCharts
and Vega-Lite did the best job, while it was not possible to complete the task with ggvis
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Figure 4.5: Scores of the visualization tools in Cluster 1 on the Lookup task.

Lookup - ApexCharts

o | Polots Per Game ‘ Lackup - Matpioliby
oo : + : & |
(a) ApexCharts (b) GoodData

Figure 4.6: Lookup (Cluster 1) examples. Comparison between tables in ApexCharts
and Matplotlib.

and Pygal. ApexCharts renders a compact, easy-to-read table with minimal preprocess-
ing (shown in Figure [4.6a). With little preprocessing and basic interactivity /export,
ApexCharts makes a small, easy-to-read table.

Matplotlib can technically show a table view, but it does not have any interactivity
or deep customization, so it looks more like a static HTML table than a dedicated
visualization. Matplotlib can display the required values in a table-like layout, but the
result is essentially a static graph, as shown in Figure
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Key takeaway from these visualizations is that Cluster 0 tools excel at fast, presentation-
ready lookups with minimal setup, while Cluster 1 tools can reproduce the outcome but
require more effort to achieve comparable polish and interactivity.

Comparison
The Comparison task contrasts two or more values in the dataset.

The visualization tools in Cluster 0 show great variety. The tools scored between 7
and 15 points. Plotly and Tableau got a perfect score because it was easy to create the
visualizations, they were accurately rendered, and all charts can be customized in many
ways. Interactions are built-in for both tools by default. This is an interesting case, since
Plotly, a charting library, and Tableau, an application, received a similar score.

16
15
13 |
12
10
3
Plotly

Figure 4.7: Scores of the visualization tools in Cluster 0 for the Comparison task.

Attributes Rating Criteria
Il customization options
W dsta preparation required
B =5s< of creation

W cutput and interactivity
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Analytics Studio

----------

Sum of Rating Criteria

Power BI and ZOHO Analytics form a second tier: they match the leaders on visualization
quality but score slightly lower, particularly on ease of creation and interactivity, which
pulls their overall totals down a bit. Domo Charts and Excel occupy the middle of the
distribution. Both tools provide solid visualization and interactivity, but Domo Charts
loses some ground on data preparation and customization, whereas Excel is limited more
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by its interaction model and flexibility despite being easy to create charts in. Sisense,
GoodData, ThoughtSpot, Flourish, and Looker Studio cluster toward the lower end of
the scale, with shorter bars largely due to reduced scores in customization and sometimes
in visualization capabilities, suggesting they are more constrained or require more work
to reach the same level of expressiveness.

nnnnnn

a) Plotly (b) Excel

) Looker Studio

Figure 4.8: Comparison (Cluster 0) examples. Comparison between bar charts in Plotly,
Excel, and Looker Studio.

Example charts generated during the evaluation can be seen in Figure 4.8. Figure 4.8a
shows the results created with Plotly. Plotly produces a clean grouped bar chart that
closely matches the target specification and supports interactive features such as tooltips
and highlighting. Excel can generate the required grouped bar chart and offers reasonable
formatting options. Excel makes a nice-looking chart that can be customized, but it does
not have much interactivity and needs some preprocessing. The example created with
Excel is shown in Figure 4.8b.

Looker Studio does not work well because it cannot make a grouped bar chart. Looker
Studio only supports stacked bar charts. Data preprocessing is needed, and Looker Studio
only has limited functionality for sorting and customization. The visualization created
with Looker Studio can be seen in Figure |4.8cl

In Cluster 1, the charting libraries received very similar scores. Score were distributed

between 10 and 15 points. The results are shown in Figure 4.9l HoloViews, Matplotlib,

and Pygal clearly lead the group, each achieving the maximum overall score by combining
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very strong visualization capabilities with rich customization, adequate ease of creation,
and good interactive output.

ApexCharts and Bokeh follow just behind with slightly lower totals: they score highly
on visualization expressiveness and interactivity but lose a point on data preparation
or customization, suggesting that they still offer a powerful and reasonably convenient
experience. D3 and ggplot2 fall into an upper-middle tier. Their scores show top marks
for visualization power but reduced scores for ease of creation and, to a lesser extent, data
preparation, which reflects their more code-centric and technically demanding workflows
compared with the front-runners.

Chart.js and Vega-Lite form a balanced middle group: they provide solid visualization
and interactivity but somewhat fewer customization options and slightly more effort
around data preparation, yielding shorter overall bars than the leading tools. At the
lower end, ggvis and Seaborn exhibit the smallest totals, primarily because of weaker
visualization and interactivity scores and only moderate customization.

Attributes Rating Criteria
16 . customization eptions
M data preparation required

15 B sas= of creation

. output and interactivity
14
13 ‘
12
1: ‘ ‘ | ‘
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Figure 4.9: Scores of the visualization tools in Cluster 1 for the Comparison task.
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Example charts generated during the evaluation can be seen in Figure The results
created with Bokeh are shown in Figure Bokeh produces a clear grouped bar chart
that closely matches the target specification. Bokeh produces a clear grouped bar chart
that closely matches the target specification and offers good customization options, but
provides only limited interactivity. The only problem we identified is that it does not
allow for much interactivity in the setup that was tested.

gegplot2, results shown in Figure has a workflow that is similar but a little less
intuitive, and it does not have any built-in interactivity. ggplot2 can reproduce the
required grouped bar chart with high visual quality, yet its code-centric workflow is
slightly less intuitive and it lacks built-in interactivity.

ChartJS is, in contrast, a JavaScript library. It only offers a limited set of visualizations.
While ChartJS can display a grouped bar chart, it requires manual preprocessing for
aggregation and offers limited interaction and export options. ChartJS, therefore, received
the lowest score because it was necessary to preprocess the data and aggregate it, and
ChartJS further only provides limited interactivity and export functionalities. Results

created with ChartJS can be seen in Figure 4.10c.
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Figure 4.10: Comparison (Cluster 1) examples. Comparison between bar charts in Bokeh,
geplot2, and ChartJS.

When it comes to structured comparison tasks, Cluster 1 tools like Bokeh, HoloViews,
and Matplotlib are very competitive. On the other hand, Cluster 0 tools vary depending
on whether they support the exact chart specification.
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Relation-seeking

When performing a Relation-seeking task, users try to find elements that match a certain
condition.

M data preparation required
M ense of crestion
Il output snd intersctivity

Attributes Rating Criteria
15

M customization options
Plotly Tableau Flourish PowerB DOMO Sisense Z0HO Excel GoodData ThoughtSpot
Ansiytics

W visualization capabllities

Sum of Rating Criteria
@

sens Looker
Studio

Figure 4.11: Scores of the visualization tools in Cluster 0 for Relation-seeking.

When evaluating the visualization tools in Cluster 0, we could see that Plotly and
Tableau both received high scores. They both have easy-to-use construction workflows,
accurate encodings, rich tooltips, and smooth interaction, with no preprocessing needed.
Flourish and Power BI form a second tier, scoring slightly lower overall but still offering a
balanced mix of visual expressiveness, interactivity, and moderate effort for data handling
and chart construction.

Domo Charts, Sisense, ZOHO Analytics, and Excel occupy the middle of the distribution.
Their scores suggest that while they can support relation-seeking tasks, they either
demand more work in data preparation or provide fewer customization options, limiting
how deeply analysts can tailor views or interactions to specific questions. At the lower
end, Looker Studio, GoodData, and particularly ThoughtSpot have noticeably shorter
bars, driven by weaker ratings in visualization capabilities and interactivity.
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Example charts generated during the evaluation can be seen in Figure 4.12. Plotly
can produce interactive scatterplots with a lot of customization capabilities (see also
Figure 4.12a). Plotly produces an interactive scatterplot that correctly highlights players
with a Player Efficiency Rating (PER) above 25.

Although Sisense can display the relevant players, the visualization offers limited controls.
Sisense is penalized for color-mapping friction and the need to prepare data. When many
categories are mapped at once, the plot becomes cluttered, as seen in Figure 4.12b.

(a) Plotly (b) Sisense

Figure 4.12: Relation-seeking (Cluster 0) examples. Comparison between scatter plots in
Plotly and Sisense.

When evaluating the visualization tools in Cluster 1, we could see that, overall, libraries
did very well. The results are shown in Figure 4.13. Bokeh, HoloViews, and Matplotlib
sit at the top with the highest scores. Pygal forms a close second tier, only slightly
behind the leaders, suggesting that it offers similarly strong visuals and interactivity but
with modestly fewer customization options or a bit more effort in data handling.

gegplot2 and ggvis occupy the middle of the distribution. These tools score highly on
visualization expressiveness but somewhat lower on ease of creation and data preparation,
indicating that relation-seeking analyses are powerful but demand more coding expertise
and setup. Seaborn and D3 cluster just below this middle group: Seaborn inherits
good plotting defaults yet is limited by weaker customization and interactivity, while
D3 provides immense potential but is penalized for its demanding data preparation and
implementation effort, which constrains practical relation-seeking use for many users. At
the lower end, Vega-Lite, Chart.js, and especially ApexCharts show noticeably shorter
bars, driven mainly by reduced customization and interactive richness, implying that
although they can visualize relationships, they offer less depth and flexibility for nuanced
relation-seeking tasks compared with the leading libraries in this group.

Example charts generated during the evaluation can be seen in Figure |4.14. Without
any preprocessing, HoloViews gives the users a clear, interactive plot with good export
options, which can be seen in Figure |4.14a. HoloViews produces a clear, interactive
scatterplot that directly highlights players with PER above 25 without any additional
preprocessing and offers convenient export options.
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Figure 4.13: Scores of the visualization tools in Cluster 1 for Relation-seeking task.

D3 gives a correct and easy-to-read result, but it needs preprocessing and does not allow
for interactivity in the setup that was tested, shown in Figure D3 generates
a correct and easy-to-read scatterplot, but in the evaluated setup the data had to be
pre-aggregated and no interactive filtering or brushing was provided. ApexCharts needs
preprocessing, allows for some interactivity, but does not allow for much export, so it
gets a lower score, as depicted in Figurdd.14cl ApexCharts is able to display the relevant
players, but it requires manual preprocessing and offers only limited interaction.

Both high-level Cluster 1 and leading Cluster 0 tools do a great job of finding relation-
ships. When tools fail, the limiting factors are data-model constraints (aggregation) and
interaction/export coverage.
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Figure 4.14: Relation-seeking (Cluster 1) examples. Comparison between scatter plots in
HoloView, D3, and ApexCharts.

4.4.2 Synoptic Tasks

Synoptic tasks are defined by Andrienko and Andrienko [96] as tasks that involve subsets
or the entire dataset, such as summarizing, comparing, or finding patterns over many
elements at once.

Pattern Search

The Pattern Search tasks describes detecting temporal or spatial trends in the dataset.
When evaluating the visualization tools in Cluster 0, we could see that Tableau and
Plotly are receiving the highest score. The results are shown in Figure |4.15. Plotly and
Tableau lead the group with the highest scores. Tableau pays a small penalty on data
preparation effort compared with Plotly.

Flourish, Domo Charts, Power BI, and Sisense form a strong second tier. These tools
match the leaders on visual richness but show slightly lower totals because of more con-
strained customization or additional work required to build and configure pattern-oriented
views.

ThoughtSpot and ZOHO Analytics are located in the middle. These tools retain decent
visualization and creation scores but have lower customization and, in ZOHO’s case,
more demanding data preparation, which makes them somewhat less flexible for complex
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pattern discovery workflows. Excel and GoodData fall further behind, with shorter
bars driven by weaker visualization capabilities, more limited interactivity, and lower
ease-of-creation scores, suggesting they are serviceable but not ideal for exploratory
pattern search.

At the bottom, Looker Studio registers the lowest overall rating, indicating that its
combination of visualization features, interactivity, customization, and data handling
support is comparatively modest for users who need to search for intricate patterns in
their data.

Attributes Rating Criteria
M customization cptions

M data preparation required
W esse of crestion

M sutput and interactivity
M visualization capabilities
Plotly Table Flaurish DOMO Powerd Sisense ThoughtSpot  Z0HO Excel GoodData L

Sum of Rating Criteria

ablesu  Flourish ~ DOMO  Power8l  Sisens

ooker
Analytics Studio

Figure 4.15: Scores of the visualization tools in Cluster 0 for Pattern Search.

Example charts generated during the evaluation can be seen in Figure Figure
shows the chart generated with Tableau. Tableau fully support reference line, annota-
tion, and interaction. Flourish works well, but it needs some preprocessing, and the
visualization is shown in Figure Flourish can reproduce the required time-series
pattern and reference line, but it requires additional preprocessing of the data. Power BI
supports the reference line, but it does not have the evaluated reference-line labeling and
needs some cleaning steps, which lowers the score a little, as depicted in Figure
These results resulted in lower scores for Power BI for this task.
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Figure 4.16: Pattern Search (Cluster 0) examples. Comparison between area charts in
Tableau, Flourish, and PowerBI.

When analyzing the visualization tools in Cluster 1, we could see that Python-based
libraries like Seaborn did very well on all system criteria and get the highest scores.
The results are shown in Figure Bokeh, HoloViews, Matplotlib, and Pygal occupy
the top tier with equally good scores. Seaborn and ggplot2 follow closely behind: they
maintain strong visualization and solid interactivity but lose a little ground through
slightly lower ratings for customization or more involved data preparation, suggesting
that pattern search is powerful but demands more configuration or coding.

ggvis and D3 sit in the middle of the distribution. Both tools are visually expressive but
show reduced ease-of-creation and data-preparation scores, reflecting the extra imple-
mentation work required before analysts can iteratively search for patterns. Chart.js and
Vega-Lite fall into a lower tier, with shorter bars driven mainly by weaker customization
and somewhat more limited interactivity, which constrains how finely users can tune
views or combine multiple pattern-oriented displays.

In general, JavaScript-first libraries fall behind because they do not have all the features
they need or because they are harder to use in the evaluation setup. At the bottom,
ApexCharts has the lowest overall score despite decent visualization capabilities, because
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its comparatively modest customization and interaction support, together with less
favorable ease-of-creation and data-preparation ratings, make it less suitable for advanced,
exploratory pattern search.
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Figure 4.17: Scores of the visualization tools in Cluster 1 for Pattern Search.

Example charts generated during the evaluation can be seen in Figure Both area
charts shown in this Figure have been created with charting libraries.

Seaborn produces a clear time-series area/line chart with the required normalization and
reference line, and supports convenient styling and interaction in the evaluated setup.

The results generated with Seaborn are shown in Figure

ggvis works well, but it loses points for having more complicated creation steps and not
letting users change things as much as they want. ggvis can reproduce the required
time-series pattern, but creating the visualization requires more manual steps and the
available customization options are more limited.Results can be seen in Figure
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Figure 4.18: Pattern Search (Cluster 1) examples. Comparison between area charts in
Seaborn and ggvis.

Behavior Comparison

When performing a Behavior Comparison tasks, users try to contrast patterns across
groups in the dataset.

Examples for choropleth maps are shown in Figure In this case, Domo Charts
works well, but it needs to be preprocessed before geographic encoding, which lowers the
score a little. Domo Charts produces a visually convincing choropleth map that correctly
encodes average player height by country, but it requires substantial preprocessing before
geographic encoding. The map that comes out of it is still visually convincing, as visible
in Figure Looker Studio can generate a basic map for comparing average player
height across countries, but the evaluated configuration offers limited interactivity and
also depends on external preprocessing. Looker Studio gives the users a map that works
but is not as interactive. The result is shown in Figure 4.19b.

Behavior Comparison - Looker Studio

Behavior Comparison - DOMO

1 4K Sum of player_height

sare s 0 O
(a) Domo Charts (b) Looker Studio

Figure 4.19: Behavior Comparison (Cluster 0) examples. Comparison between choropleth
maps in Domo Charts and Looker Studio.
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When analyzing Cluster 0, we could see that, again, Tableau is the visualization tool
that scores best. The results are shown in Figure Tableau balances ease of use,
map clarity, customization, and interaction. Tableau appears at the top with the tallest
stacked bar, combining maximum visualization capabilities with strong customization
options, high ease of creation, and solid interactive output, while its only minor weakness
is a slightly higher data preparation effort.

Domo Charts and Plotly sit just below. Both tools provide robust visualization and
interactivity, but Domo Charts is penalized by more demanding data preparation. Plotly
trades some visualization strength for easier data handling and still offers rich customiza-
tion. Excel, Flourish, Power BI, Sisense, ThoughtSpot, and ZOHO Analytics cluster in
the middle. They show comparable total heights, indicating that they are generally com-
petent for behavior comparison but tend to sacrifice either customization, interactivity,
or ease of creation.

Looker Studio and GoodData occupy the lower end of the ranking with markedly shorter
bars, primarily due to weaker visualization and interaction scores along with less favorable
ease-of-creation ratings.

Attributes Rating Criteria
W customization options
M dsts preparstion required
W ease ofcrestion

M outoutand intersctivity
B visualization capabilities
Plotly Excel Flourish  PowerB Sisense  ThoughtSpot  ZOHO Locker

Tableau DOMO

Sum of Rating Criteria

Figure 4.20: Scores of the visualization tools in Cluster 0 for Behavior Comparison.
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4.4. Task-Based Analysis

When analyzing visualization tools in Cluster 1, which contained exclusively charting
libraries, we could see that this task was a difficult job for charting libraries. The results
are shown in Figure Five charting libraries could not create the needed geographic
visualization under the evaluation conditions.

From the examples where it was possible (seen in Figure we can see that ggplot2
produces a correct choropleth map that encodes average player height by country with
appropriate colour mapping. Creating the visualization required multiple manual steps
and the result is static. The map is shown in Figure However, the chart is not
interactive and takes a lot of steps to make. HoloViews cannot create a heatmap-style
choropleth as requested. HoloViews is unable to generate the requested choropleth and
instead uses dots by coordinates, which does not match the target visualization idiom
and offers limited support for comparing spatial patterns. The generated chart is shown
in Figure

Attributes Rating Criteria
14 M customization options
. data preparastion required

. ease of creation

13

. output and interactivity
. visualization capabilities

2

9 ‘ ‘

g

S |

3

2

ggplotZ2 Matplotlib Seaborn D3 Vega-Lite HoloViews Apex Bokeh ChartlS agvis Pyga
Charts

- -

Sum of Rating Criteria
=
@ -

b

Figure 4.21: Scores of the visualization tools in Cluster 1 for Behavior Comparison.
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Behavior Comparison - HoloViews o

Average Player Height per Country A .
Behavior Comparison - ggplot2 ° e :ﬂ
< ° .owﬂ;‘.e '. .
;::8 .°'s () '
(a) ggplot2 (b) HoloViews

Figure 4.22: Behavior Comparison (Cluster 1) examples. Comparison between choropleth
maps in ggplot2 and HoloViews.

Applications still have an edge when it comes to comparing geospatial behavior because
they come with built-in geocoding and map layers. Libraries, on the other hand, need
additional setup and extensions to provide the same level of cartographic functionality.

4.5 User Guidelines

The task-based analysis in Section 4.4 revealed differences in the visualization tools for
different tasks. We then used this information to map tasks to user groups. For user
groups, we used the study by Gunklach et al. [I04]. They used job advertisements and
skill tables to identify nine different roles in data science. The roles are described in
Section |3.4. Each role is categorized by different skills. Skills can be technical related to
computer science (e.g., programming, software development, database management) or
domain-specific (e.g., domain knowledge, process knowledge). In many cases statistics
skills like probability, statistical modeling, and optimization are needed.

For creating guidelines, we mapped the skills required for every role to visualization
tasks. For example, business-oriented skills like domain knowledge are rather related
to quick tasks like Lookup or Comparison. More technical skills require more complex
tasks like Pattern Search or Relation-seeking. From the compiled list of skills, we derived
the importance of certain tasks for different user groups. The results can be seen in
Table 4.6. The relevance of tasks for different user roles is quite diverse. We could identify
some tasks, like Lookup and Behavior Comparison, that are of interest for multiple user
roles. For two user roles, Software Developers and Data Science Architects, we could not
identify any task that would fit their described skills.

The tasks Lookup and Comparison are primarily relevant for Business Users, Business
Analysts, and Data Analysts. Relation-seeking, Pattern Search, and Behavior Comparison
are of interest for Applied and Research Data Scientists, ML Engineers, Data Engineers,
and Data Science Architects. The latter require stronger modeling, engineering, and
architectural skills on top of analytic and domain knowledge.



Die approbierte gedruckte Originalversion dieser Diplomarbeit ist an der TU Wien Bibliothek verfligbar

The approved original version of this thesis is available in print at TU Wien Bibliothek.

[ 3ibliothek,
Your knowledge hub

4.5. User Guidelines

Table 4.6: Data science roles mapped to the visualization tasks identified in this study.
Red = high relevance, Yellow = middle relevance, Blue = low relevance.
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In summary, when mapping the relevance to the results of the task-based analysis in
Section 4.4, we can summarize the following suggestions for tool usage for the different
user groups. The suggestions are ranked according to the scores they received in the
task-based analysis:

Business Users

1. Tableau (application)
2. Power BI (application)

3. Domo Charts (application), Sisense (application), ZOHO Analytics (application),
ThoughtSpot (application)

4. Flourish (application)

5. Excel (application)

Business Analysts

—_

. Tableau (application)

2. Power BI (application)

w

. Plotly (charting library)

W

. Flourish (application)
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4. RESULTS

Data Analysts

1. Tableau (application)

2. Plotly (charting library)

3. Power BI (application)

4. Matplotlib (charting library), Seaborn (charting library), ggplot2 (charting library)

5. Bokeh (charting library), HoloViews (charting library), Pygal (charting library)
Applied Data Scientists

1. Matplotlib (charting library), Seaborn (charting library), ggplot2 (charting library)
2. Plotly (charting library)
3. Bokeh (charting library), HoloViews (charting library)

4. Tableau (application)
Research Data Scientists

1. Matplotlib (charting library), Seaborn (charting library), ggplot2 (charting library)
2. Plotly (charting library)
3. Bokeh (charting library), HoloViews (charting library), Pygal (charting library)

4. D3 (charting library)

Data Engineers

No strong relevance for tasks or tools. According to the middle relevance for Compari-
son, Pattern Search, and Behavior Comparison tasks, visualization tools like Power BI
(application) or Tableau (application) can be recommended.

ML Engineers

1. Matplotlib (charting library), Seaborn (charting library), ggplot2 (charting library)
2. Plotly (charting library)
3. Bokeh (charting library), HoloViews (charting library), Pygal (charting library)

4. Tableau (application), Power BI (application)
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4.5. User Guidelines

Software Developers

No strong relevance for tasks or tools. According to the middle relevance for Pattern
Search tasks, visualization tools like Tableau (application) or Plotly (charting library)
can be recommended.

Data Science Architects

No strong relevance for tasks or tools. According to the middle relevance for Comparison
tasks, visualization tools like Plotly (charting library) or HoloViews (application) can be
recommended.
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CHAPTER

Discussion and Conclusion

In this thesis, we showed how the world of Visual Analytics has changed in the recent
years, with many visualization tools offering different functionalities, use-cases, and
possibilities to visualize data and to transform it into something meaningful. It can be
expected that in the upcoming years this field will grow much more, especially in the field
of LLM. Dashboards generated from the natural language will probably become more
prevalent (such as the ones currently employed in Sisense), and the process of introducing
the non-technical users will become easier than it has ever been.

5.1 Alignment with Research Questions and Goals

The thesis was based on three research question, and the aim to deliver four goals. The
research questions and goals were outlined in Section [1.2| and Section [1.3. In this section,
the results are aligned with the intended research directions.

5.1.1 RQ1: What is the current landscape of visualization tools?

We evaluated 22 visualization tools in the study. 10 were applications and 12 were charting
libraries. Taken together, Tableau and Plotly could be identified as the current high-end
application and charting library on the market. Other higher rated visualization tools
were Bokeh (charting library), HoloViews (application), Matplotlib (charting library),
and Pygal (charting library). The Python charting libraries clearly outstand in contrast
to other, e.g., JavaScript-based libraries.

The field of mid-tier tools is larger than the top field. Mid-tier tools include Power BI
(application), Flourish (application), Domo Charts (application), Sisense (application),
ZOHO Analytics (application), Excel (application), ggplot2 (charting library), Seaborn
(charting library), ggvis (charting library), and D3 (charting library). These tools
typically excel in one or two dimensions (e.g., visual expressiveness or ease of creation),
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while lagging in others, especially customization convenience, interaction, and required
preprocessing.

At the lower end, tools such as Looker Studio (application), GoodData (application),
ThoughtSpot (application), Chart.js (charting library), Vega-Lite (charting library), and
ApexCharts (charting library) can handle basic charting and simple exploratory questions.
These tools offer less flexibility, weaker interaction, or more limited visual encodings.

In summary, the landscape is still bimodal. Applications focus on end-to-end workflows
(connectors, data preparation, collaboration), while charting libraries focus on expressive-
ness, programmability, and close integration with analytical code ecosystems. There are
hybrid tools, but most of the time, clusters still behave like two separate things.

With the complete review of the tool landscape, the goal G1: General picture of the
visualization tool landscape could be fulfilled.

5.1.2 RQ2: What commonalities and differences exist between
visualization tools?

The clustering method we created proved that tools can be really divided into 2 groups -
a no-code, drag-and-drop Business Applications, and the code-dependent, highly config-
urable charting libraries. Understanding their differences is crucial when picking which
kind of tool is needed for the certain visualization. Even though Plotly was predicted as
Business Application, which is not true, another study relevant to this thesis also got the
same results, so we can interpret this charting library as an anomaly. Clustering and
PCA show a clear divide between tools that focus on presentation and those that focus
on code. The first principal component is related to how easy it is to use and interact
with something, and the second is related to how customizable and extensible it is.

Applications and Plotly (Cluster 0) work best in situations where the output’s aesthetic
appeal is important and where a high degree of interactivity can greatly improve the
user experience. These kinds of tools work especially well for storytelling, presentations,
and exploratory analysis, where dynamic, captivating visuals can encourage audience
participation and deeper understanding. Charting libraries (Cluster 1), on the other
hand, are more appropriate for situations that call for more intricate analytical features
and smooth integration into pre-existing digital environments, like websites or unique
applications. For developers and analysts looking to incorporate sophisticated visualiza-
tions into more comprehensive data-driven solutions, their adaptability, scalability, and
compatibility with a range of programming frameworks make them a pragmatic option.

With the comparative analysis, the goal G2: Analysis and comparison of visualiza-
tion tool features could be fulfilled.

The task-based analysis revealed differences when focussing on specific tasks. Lookup
tasks are broadly well covered, since most tools and libraries could retrieve and display
specific values or items. The main differences came from how easily users can customize
the view and how interactive the lookup experience is. Comparison tasks are similarly
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5.1.  Alignment with Research Questions and Goals

well supported, but here richer customization and more expressive visual encodings
start to matter more. The Relation-seeking task placed higher demands on interactivity
(filtering, linking, brushing) and on the ability to combine multiple variables in a single or
coordinated view. As a result, general-purpose applications and lighter-weight charting
libraries slip behind, while tools that provide strong interaction models and multivariate
views stand out. The Pattern Search task was well suited for tools that make it easy to
iterate quickly over many views and handle more elaborate data preparation pipelines,
which tended to favor the more powerful applications. Behavior Comparison sits somewhat
between Comparison and Pattern Search, since this task required comparing how measures
evolve across time, categories, or scenarios. Tools that can easily create and customize
small multiples, layered time series, or trend views achieved higher scores. To summarize:

¢ Lookup and Comparison: Well covered by the tools. Applications get polished
outputs faster, while charting libraries are better at controlling specifications and
(for Comparison) often get the highest system scores.

o Relation-seeking: Gaps where tools force aggregation or limit interactivity and
export.

o Pattern Search: Almost well covered. Differences in data preprocessing and anno-
tation.

e Behavior Comparison: Applications as clear leaders, because they have integrated
geospatial pipelines. Libraries often need extra packages or custom code to be
equal.

With the comparative analysis, the goal G3: Task-based evaluation of visualization
tools could be fulfilled.

5.1.3 RQ3: What evidence-based guidelines can be developed to
support users in integrating visualization tools into their
analytical workflows?

We aligned data science roles and their skills with the visualization tasks we used in the
study. Based in the analysis we can conclude that Business Users and Business Analysts
should primarily work in applications, since they offer more intuitive front-ends. More
technical roles like Data Scientists, ML Engineers, and Data Engineers, should center
their work in charting libraries, primarily Plotly or other Python libraries. Applications
can be used for publishing layers. Data Engineers, Software Developers, and Data Science
Architects, who work very closely on the technical data infrastructure, will hardly benefit
from the usage of visualization tools.

With the user-based analysis, the goal G4: Guidelines for visualization tool usage
could be fulfilled.
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5.2 Discussion and Limitation

An extensive study on visualization tools also has limitations. First of all, the scope of
this thesis was inherently constrained by the choice of visualization tools, visualization
types, and dataset employed. These components do not adequately represent the variety
of methods, strategies, and datasets found in the larger visual analytics ecosystem, even
though they were chosen to guarantee methodological clarity and viability. This means
that while the results offer valuable and useful information about the effectiveness and
usability of the systems under evaluation, they might not be universally applicable to all
user types, application domains, or data complexity levels. This restriction emphasizes
the necessity of exercising caution when extrapolating the findings to situations outside
of the scope of this thesis.

Additionally, even though reproducibility is emphasized in the experimental design, some
factors might still have an impact on the consistency of results over time. Potential
variability in replication efforts is introduced by subjective aspects of grading as well
as the ongoing development of the chosen tools and their features. Furthermore, it
is impossible to completely rule out the possibility of bias resulting from participants’
past familiarity with the systems under evaluation, since this familiarity may affect
performance or perception in ways that are not evenly distributed throughout the sample.
These factors emphasize how crucial it is to interpret the findings within the precise
methodological and contextual parameters established by this investigation.

5.3 Future Work

Future work may expand the range of tools examined in this thesis. The selection in this
study was limited to a feasible number of visualization applications and charting libraries
that were actively maintained and available during the research period. Because the
ecosystem is changing so quickly, it would be helpful to update the final list every now
and then to include new tools and major version changes to old ones. Additionally, later
research may incorporate more specialized tools, such as domain-specific visualization
systems in healthcare, finance, or geospatial analysis, to examine whether the identified
patterns extend beyond general-purpose applications and charting libraries. A long-term
view could then show how capabilities, user guidance, and analytic integration change
over time.

There are a number of methodological extensions that could be made. The comparative
feature analysis in this thesis utilized binary coding of functionalities and employed
unsupervised clustering techniques, specifically K-Means and PCA, for exploratory
purposes. Future endeavors may incorporate more nuanced feature representations,
including ordinal or weighted encodings that differentiate between fundamental and
sophisticated implementations of the same function, or between native and workaround-
based support. To see how strong the tool groups are, future work could also try different
clustering and embedding methods, like hierarchical clustering or non-linear dimensionality
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5.3. Future Work

reduction. Additionally, semi-automated feature extraction from documentation, APIs,
or configuration files could diminish manual labor and potential bias in coding.

Finally, the evaluation based on tasks could be made more comprehensive and thorough.
This thesis examined five representative elementary and synoptic tasks implemented
on a singular NBA dataset, assessed from the viewpoint of an expert user replicating
visualizations. Future work may integrate diverse task categories (e.g., collaboration,
narrative construction, or model guidance), various datasets spanning multiple domains,
and regulated user studies involving participants from specific target demographics,
including data scientists, business analysts, and lay decision-makers. Researchers would
be able to link feature-level capabilities more directly to user performance, error rates,
and subjective experience. Together, these extensions would give a better and more
detailed picture of how modern visualization tools help with real-world analytical work.
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CHAPTER

Overview of Generative Al Tools

Used

I am declaring that GenAl (Perplexity, ChatGPT) was used to familiarize myself with
a syntax and quick examples of generating visualizations from the tools that I had not
used before writing the thesis.
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task-based analysis.| . . . . . . ... oo

Visualization support. Binary matrix showing, for each visualization tool,
whether it natively supports the indicated visualization types. The visualiza-
tion techniques used here in the evaluation have been described in detail in
Section 2.1.1L | . . . . . .

Automatic analysis. Binary matrix showing the availability of built-in features
for automatic analysis in each visualization tool, such as basic statistical
summaries and model-based methods (e.g., regression or trend estimation).
Charting libraries were left out, since the visualization libraries do not provide
any automatic analysis features at all. . . . . . . . ... ... ... ...
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4.4

4.5

4.6

User guidance, perception, and cognition support. Binary overview of whether
visualization tools offers guidance features that directly assist users during
analysis, such as visualization recommendations, basic workflow guidance,
tutorials, manuals, and community support. . . . . . . ... ...

Cluster assignments of the assessed visualization tools derived from the K-
Means analysis of their feature profiles. There are two groups of tools: Cluster
0, which contains mostly applications, and Cluster 1, which contains exclusively
charting libraries. Even though Plotly was identified as a charting library, it
shows up in the application-dominated cluster (Cluster 0). . . . . . . . ..

Data science roles mapped to the visualization tasks identified in this study.
Red = high relevance, Yellow = middle relevance, Blue = low relevance. .
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