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ABSTRACT 

The growth of big data analytics has led to the widespread use of data or information 
visualization (InfoVis) and storytelling in various industries, such as finance, sports, 
and education. This process involves turning data, information, and knowledge into 
interactive visual representations that can effectively communicate a meaningful story. 
Successful InfoVis reports in big data analytics should be both technically accurate and 
useful for decision-makers. Previous research has found that a person's personality can 
influence their preference for InfoVis. While InfoVis tools have become more user-
friendly over the years, they have often followed a one-size-fits-all approach, ignoring 
individual differences. There is limited research on how individual characteristics and 
visualization-type preferences for storytelling can be considered InfoVis tools. This 
study aims to explore the relationship between personality and preferences for different 
visual elements in visualizing and storytelling, such as hierarchical visualization, 
changes over time, and comparison visualization, among university students in one 
institution. These visual designs are commonly used in modern research and may be 
related to personality. The study will use a personality trait test to measure the 
participants' personalities and a questionnaire to assess their preferences in visualization 
types for information visualization and data storytelling. This study reveals a significant 
association between individual personality traits and the specific sorts of visualizations 
favored by users for narrative purposes. The results of this research may help to address 
the one-size-fits-all problem in InfoVis tools and provide insights that can be used in 
the design process to help analysts or designers select the best graphical visualizations 
for specific target groups, improving understanding and decision-making. 
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ABSTRACT IN ARABIC 
ABSTRACT IN ARABIC 

 لثم ،تاعانصلا فلتمخ في درسلا نفو (InfoVis) تامولعلما وأ ت1ايبلا روصتل عساو مادختسا لىإ ةيربكلا ت1ايبلا ليلتح ونم ىدأ دقل
 نىعم تاذ ةصق يكتح نأ اهنكيم ةيلعافت ةيئرم تلايثتم لىإ ةفرعلماو تامولعلماو ت1ايبلا ليوتح ةيلمعلا اذه نمضتت .ميلعتلاو ةضYرلاو ليومتلا
 ةديفمو ةينفلا ةيحانلا نم ةقيقد ةيربكلا ت1ايبلا ليلتح في (InfoVis) ت1ايبلا روصت في ةحجانلا ريراقتلا نوكت نأ بيج .لاعف لكشب
 روصت تاودأ نأ ينح في .)InfoVis( ت1ايبلا روصتل هليضفت في رثؤت نأ نكيم درفلا ةيصخش نأ ةقباسلا ثابحلأا ترهظأ .رارقلا عانصل
 تافلاتخلاا نع ةلهاجتم ،عيملجا بساني ادًحاو اجً� تعبتا ام ابًلاغ ا�أ لاإ ،يننسلا رم ىلع مادختسلاا في ةلوهس رثكأ تحبصأ ت1ايبلا
 فد� .InfoVis تاودأ في صصقلا درسل روصتلا عون تلايضفتو دارفلأا صئاصخ في رظنلا ةيفيك لوح ةدودمح ثابحأ كانه .ةيدرفلا
 ،يمرلها روصتلا لثم ،يصصقلا درسلاو روصتلا في ةفلتخلما ةيرصبلا رصانعلا تلايضفتو ةيصخشلا ينب ةقلاعلا فاشكتسا لىإ ةساردلا هذه
 ثابحلأا في عئاش لكشب ةيئرلما تاميمصتلا هذه مدختستُ .ةدحاو ةسسؤم في ةعمالجا بلاط ىدل ،ةنراقلما روصتو ،تقولا رورم عم تايرغتلاو
 مييقتل نايبتساو ينكراشلما تايصخش سايقل ةيصخشلا تامسلا رابتخا مادختس� ةساردلا موقتس .ةيصخشل� ةطبترم نوكت دقو ةثيدلحا
 روصتلا نم ةنيعم عاونأو ةيصخش تاسم ينب يربك طابترا نع ةساردلا هذه فشكت .ت1ايبلا درسو تامولعلما روصتل روصتلا في م�لايضفت
 تاودأ في "عيملجا بساني دحاو ساقم" ج� ةلكشم عم لماعتلا في ثحبلا اذه جئاتن دعاست دق .درسلا ضارغلأ ينمدختسلما يدل ةلضفلما

InfoVis تاعوم¤ ةيموسرلا تاروصتلا لضفأ رايتخا ىلع ينممصلما وأ ينلللمحا ةدعاسلم ميمصتلا ةيلمع في اهمادختسا نكيم ىؤر يرفوتو 
 .رارقلا ذاتخاو مهفلا نسيح امم ،ةددمح ةفدهتسم
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CHAPTER ONE 

INTRODUCTION 

1.1 INTRODUCTION 

The first chapter of this thesis explains the research issue, including the study's history 

and an explanation of the notion of data storytelling for information visualization. It 

also looks at the connection between personality qualities and information visualization. 

The chapter then covers the issue statement, research goals, research questions, research 

hypotheses, and the study's importance and limits. Finally, the chapter finishes with a 

summary of how the remainder of the thesis is organized. 

1.2 BACKGROUND OF THE STUDY 

In today's society, when the value of information is deemed similar to that of gold, the 

usage of information visualization has grown more crucial (Tripp, 2019). This approach 

is used in many fields, including business, education, engineering, and technology, and 

educational institutions must adopt it in order to adapt to the changing landscape of 

information communication and technology (Petrovich, 2020). Bakken (2007) defines 

information visualization as the gathering, analysis, and comparison of data in order to 

effectively explain complicated concepts and uncover relevant patterns. 

The ubiquitous availability of information has substantially risen in the digital 

age, prompting firms to take a data-driven strategy and often use visualization methods 

to present information (Knaflic, 2016). These efforts, however, may be ineffectual if 

the target audience does not comprehend the visualization or if it promotes bias via the 

use of colors or style. Understanding the users and their psychology is required to 

successfully interpret information offered via visualization (Zanan M. & Sheikh Abdul 

Aziz, 2022). This study looks at the user's personality and preferences in terms of 

visualization types, as well as the relationship between visualization and storytelling, as 

well as the effects of personality, to gain insight into how people with different 

personalities approach and interpret visual information. 
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Despite a lengthy history of information visualization research, few studies have 

looked at the association between personality qualities and information visualization 

(Gonc, 2020). The majority of personality study in this topic has taken place in other 

fields, such as engineering (Capretz & Ahmed, 2010; Cruz, Silva, & Capretz, 2015; 

Schmidt, Wittmann, & Wolff, 2019; Shameem, Kumar, & Chandra, 2017). For 

example, Russo and Stol (2020) used the HEXACO model, which is an updated version 

of the Five Factor Model (FFM) that incorporates an extra characteristic, Honesty-

Humility (Lynam & Crowe, 2020), to perform a survey research to evaluate gender 

differences in the personality traits of software engineers. The study's findings revealed 

that women scored higher in honesty and humility, a quality that is favorably associated 

to work and team performance, as well as Emotionality and Openness to Experience. 

These results may assist software firms forecast new employee job and team 

performance based on gender and personality, as well as advise judgements about 

whether personnel are most suited for new endeavors (Russo & Stol, 2020). Unlike 

earlier studies, this study looks at the link between users' personalities based on the FFM 

model and their preferences for information visualization and storytelling. 

A substantial amount of study has been conducted on personality and its 

influence on numerous sectors such as engineering, architecture, education, and others. 

These results, however, may be applicable to the domains of information visualization 

and narrative. Ferreira and Langerman (2014), for example, performed research on the 

link between personality type and individual performance on an information technology 

project. To investigate this association, they employed the Myers-Briggs Type Indicator 

(MBTI) personality evaluation and the Belbin Team Roles assessment instrument. The 

Belbin Team Roles evaluation yields findings based on responses to questions that 

highlight the strengths and weaknesses of individual team members (Vaida, 2019). 

According to the findings of the research, most business analysts have similar 

personality qualities, while developers have distinct ones. Business analysts and 

developers share comparable personality qualities in certain circumstances (Ferreira & 

Langerman, 2014). This study reveals that individuals have varied personality types 

depending on their work environment, but there may be certain common trends, such 

as business analysts being more extroverted and developers having distinct personality 

features, that are relevant to the current study. Another research was done to study the 
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relationship between players’ personality and game behavior (Wang, Sapienza, Culotta, 

& Ferrara, 2019). The research find out personality and behavior in role-base are heavily 

correlated with each other. 

Understanding users may help with information visualization analysis and the 

design of the narrative process. The ability to tell stories with data is becoming 

increasingly valuable in the world of data-driven decision-making, as effective 

information visualization can significantly influence the success of communication 

efforts such as presenting impactful research findings, raising funds for non-profit 

organizations to help the needy, or presenting data or information to a company board 

(Knaflic, 2016). Stories, in addition to being an efficient method of presenting facts, can 

offer an effective means of packaging knowledge and expertise in a manner that others 

can grasp (Kosara & MacKinlay, 2013). 

The purpose of this research is to investigate the relationship between people's 

personalities and their preferences in information visualization and data storytelling. 

Data storytelling enhances visualization by providing context, engaging in audience 

with relatable narratives, simplifying complex information and evoking emotions and 

understanding this link allows business intelligence tool software makers to better 

customize their offerings to various sorts of consumers. Furthermore, this study might 

help professionals and academics in psychology and data analytics understand how 

personality characteristics and preferences effect information visualization and 

storytelling. The findings of this research may also aid analysts in selecting the most 

effective graphical depiction for a certain audience in order to improve comprehension 

of the material. 

1.3 STATEMENT OF THE PROBLEM 

In order to quickly analyze and make decisions based on large amounts of information, 

data visualization has become increasingly popular due to the proliferation of data 

production (Gatto, 2015). However, in order to successfully transmit information, 

visualization must be adapted to the target audience. Poorly constructed visualizations, 

which may be deceptive or confusing owing to the usage of color schemes or layout, 

might obstruct the audience's comprehension of the contents being delivered. The 
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purpose of this study is to investigate the link between users' personalities and their 

preferences for visualization forms in order to better understand how various 

personalities approach and interpret visual information. 

Researchers have resorted to information visualization as a technique of 

efficiently presenting this information to people as the volume of digital information 

continues to expand (Tong et al., 2018). Toker et al. (2013) state that information 

visualization helps people grasp and make sense of enormous volumes of data, 

transforming it into knowledge and understanding. While there are numerous 

information visualization solutions on the market, these systems sometimes suffer from 

a "one-size-fits-all" approach that ignores diversity in user personalities (Gonc, 2020). 

This may result in a lack of customization for customers, the provision of unnecessary 

services, and the loss of custom design potential. Furthermore, the uniform approach 

sometimes overlooks the importance of personality in information visualization and 

narrative, resulting in a gap between consumers and designers. Personalized 

visualizations, on the other hand, offer the ability to mitigate some of the reported 

detrimental consequences of dashboards and visual analytics (Echeverria et al., 2018). 

According to research in this visualization field, individual users' cognitive styles and 

the kind of visualization are crucial aspects in determining its success (Ziemkiewicz et 

al., 2012). However, the use of individualized visualization tools is still in its early 

stages and has not been generally accepted. 

Previous research has attempted to address the issue of personalized 

visualization by studying the memorability of users' visualizations (Borkin et al., 2013, 

2016; Bryan et al., 2020) and using eye-tracking tools to classify users' characteristics, 

task difficulty, and visualization types (Blascheck et al., 2014; Bryan et al., 2020; 

Echeverria et al., 2018; Lallé et al., 2015; Toker et al., 2013). However, research on 

how personality preferences impact information visualization and narrative choices 

from a design standpoint is lacking. While performance measurements like speed and 

accuracy are crucial, human variables like personality are equally important since they 

persist throughout adulthood. Some intriguing studies on the association between 

personality characteristics and information visualization (Gonc, 2020) and narrative 

might be investigated further. 
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This study will look at how personality influences user preferences for different 

styles of information visualization and storytelling. This involves investigating the 

influence of personality on preferences for various forms of graphical representations, 

such as hierarchy, development through time, and comparison contexts, which have 

recently been extensively employed in research (Gonc, 2020; Liu et al., 2020). 

Furthermore, this work extends earlier research by investigating how narrative aspects 

might be included into graphical representations as a novel approach of visualizing 

knowledge. As a result, this study looks at a broader spectrum of visualization design 

approaches associated to narrative. 

1.4 RESEARCH QUESTION 

The research questions for this study are designed to help understand the differences in 

personality types of users and their preferences for visualization types in information 

visualization and storytelling reporting. These research questions are: 

1. What are the visualization types preferred by the users for information 

visualization and storytelling reporting? 

2. Do personality factors connect with user choices in information 

visualization and narrative reporting visualization types? 

3. How to create more compelling data visualization and narrative reporting 

for users? 

1.5 RESEARCH OBJECTIVES 

The primary purpose of this study is to look at the link between personality factors and 

user preferences for different styles of visualization in information visualization and 

storytelling. The goal is to discover how personality impacts preferences for 

meaningful, effective, and efficient visualizations and narrative reports that help people 

make informed choices.  

The specific objectives of this study are threefold: 

1. To discover the visualization types preferred by the users for information 

visualization and storytelling reporting. 
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2. To investigate the personality differences that may influence user 

preferences when choosing visualization types for information 

visualization and storytelling reporting. 

3. To provide a set of criteria for visualization designers to follow in order 

to create relevant information visualization and narrative reports for 

users. 

1.6 SIGNIFICANCE OF STUDY 

This study has the potential to solve the shortcomings of the "one-size-fits-all" approach 

that is now prevalent in many visualization tools. Personalization of information 

visualization has been found to increase user experience and satisfaction by adapting it 

to individual requirements, abilities, and preferences (Lallé & Conati, 2019). According 

to research, personality influences how people engage with visualizations (Gonc, 2020). 

This study may assist to incorporate personality-based customization into InfoVis and 

storytelling tools, boosting their efficacy and efficiency, by analyzing the link between 

personality and user preferences for visualization styles in information visualization and 

storytelling. 

This study may also lead to a better understanding of personality differences and 

user preferences for information visualization and narrative in the user interface (UI) 

design of visualization tools. This knowledge may be valuable to software developers 

from firms such as Microsoft Power BI and Tableau, as well as other visualization tool 

providers, in modifying their services to respond to the personality peculiarities of their 

consumers. Developers may make their software more versatile and avoid the "one-

size-fits-all" approach by offering a variety of features and settings that cater to diverse 

personalities. Because visualization is often used to help complicated thinking and 

decision-making, developing such flexible visualization systems may be difficult. A 

successful adaptive solution, on the other hand, may considerably increase a user's 

capacity to accomplish a range of activities (Liu et al., 2020). 

This study has the potential to bridge the gap between personality and 

visualization-type approaches, especially in terms of user preferences. It outlines many 

study gaps in personality type, information visualization, and data storytelling. Much of 
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the research in this area has been focused on other fields, such as engineering 

(Celiktutan & Eyben, 2014; Pieterse et al., 2018; Salleh et al., 2011; Yilmaz & 

O'Connor, 2012), management (Wu, Zhou & Chen, 2011), education (Alhathli et al., 

2017; Rocha et al., 2018; Yan, 2010), and gaming (B This research seeks to address this 

void by studying the link between personality type and new information visualization 

and storytelling methodologies, as well as how personality type influences choices 

while engaging with information visualization and storytelling activities. 

Finally, this study might have ramifications for design education. The 

interpretation of visualizations is critical to their effectiveness, and there is growing 

interest in the human factors of learning analytics visualizations, particularly given 

evidence that teachers may struggle to interpret them due to differences in perspective 

between designers and instructors. Learning dashboards have also been shown to be 

demotivating for students (Echeverria et al., 2017). Teaching and learning activities that 

use visualizations may be made more successful by knowing personality characteristics 

and preferences. Instructors, for example, may develop visualizations for teaching 

reasons that cater to the preferences of various personalities, and designers can include 

customization capabilities in their tools to assist instructors and students better 

comprehend visualizations and achieve meaningful outcomes.   

1.7 Limitations of the Study 

There are a multitude of possible restrictions inherent in this scientific endeavor. One 

notable limitation is the dearth of prior scholarly investigations pertaining to the subject 

matter. As previously stated, conventional visualization tools have always adhered to a 

uniform design paradigm, disregarding the inherent diversity in user personalities and 

preferences. Personality plays a significant role in influencing user conduct, and 

integrating personality traits into visualization tools might potentially address the issue 

of a standardized approach. Nevertheless, there exists a dearth of scholarly 

investigations pertaining to the correlation between personality traits, the field of 

information visualization, and the practice of storytelling. 

Another major constraint is the restricted availability of data. The ongoing 

COVID-19 epidemic has presented challenges in doing in-person data collecting, 



8 

necessitating a transition to online methodologies by researchers. This might potentially 

lead to some samples encountering challenges related to internet connectivity or 

communication while doing data collecting. Furthermore, it is plausible that the ongoing 

epidemic has had an impact on the behavior and preferences of the participants, thus 

introducing a confounding factor that might alter the outcomes of the study. 

1.8 MOTIVATION OF STUDY 

The existing body of literature on the correlation between users' personalities and their 

preferences for information visualization and narrative strategies is currently minimal. 

The comprehension of this correlation has the potential to yield significant ramifications 

for the human-computer interface (HCI) sector, enabling designers to develop 

visualization reports that are more efficacious in facilitating decision-making 

throughout diverse sectors, such as business and education. This study has significant 

potential for enhancing the businesses of mobile and web developers. Additional 

investigation in this domain has the potential to provide significant knowledge about 

the development of customized visualization tools that effectively address the specific 

requirements and inclinations of users. For instance, the government may use this study 

as a point of reference for their official web development endeavors, with the aim of 

tailoring the user experience to align with individual personalities. 

1.9 ORGANIZATION OF THE THESIS 

This thesis is divided into five chapters. Chapter 1 serves as an introductory section that 

elucidates the contextual framework of the study, while also expounding upon the 

research aims, research questions, and the consequential importance of the study. In 

Chapter 2, an extensive examination is conducted on the existing body of research 

pertaining to personality, specifically focusing on the Five-Factor Model (FFM). 

Additionally, the literature on information visualization and narrative is thoroughly 

reviewed. In Chapter 3, an account is provided of the study design and methodology 

used to examine the research hypothesis. This encompasses the sampling strategy, 

questionnaire development, data collecting procedures, and the technique adopted for 

data analysis. In Chapter 4, the focus is on the validation of the questionnaire and 

reliability testing, along with the procedures involved in data collecting and processing. 
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In Chapter 5, the findings of the data collection are presented and an analysis is 

conducted to examine the correlation between individual personality variations and the 

various styles of visualization. Additionally, the article addresses the constraints of the 

study and offers suggestions for future investigations.
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CHAPTER TWO 

LITERATURE REVIEW 

2.1 INTRODUCTION 

This chapter examines the relevant literature and research on personality using 

information visualization and narrative strategies. The chapter begins with a description 

on the information visualization, data storytelling and personality which further explain 

the Five-Factor Model (FFM) and the approaches employed in the prior study. 

2.2 INFORMATION VISUALIZATION 

Data are facts, statistics, and other bits of information that are gathered and evaluated 

to derive useful insights and guide decision-making. Data analysis, according to Fei 

(2017), entails using analytical approaches to identify possible hints, reliable facts, and 

probable results from data. The importance of data analytics in today's digital era has 

led to the creation of information visualization, which includes the graphical depiction 

of data and information (Zanan M., Sheikh Abdul Aziz, 2023). Examples of data 

visualization date back to ancient maps such as the Ptolemy map (200 AD) and the 

Homero map (900 BC) (Tripp, 2019). The use of visualization to transmit information 

can be traced all the way back to World War II, when propaganda operations in the form 

of comic books targeted young adults and teenagers with heroic characters such as 

Captain America, Superman, and Batman (Scott, 2007). 

Visualization is often used to improve analytical thinking via the introduction 

of interactive visual interfaces (Green & Fisher, 2010). In today's world, it is a 

commonly used technique with diverse applications in disciplines like as economics, 

education, and storytelling. Humans tend to put a high value on what they see, which 

leads to a belief in the veracity of visual information (Hepworth, 2016). As a 

consequence, the area of information visualization, which includes using powerful 

computer graphics to analyze and display complicated data sets through the human 

visual system, has grown in importance (Laramee, 2014). Furthermore, HCI research 
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has shown that personality factors may strongly impact people's choices for visual 

interface design (Ziemkiewicz, Ottley, Crouser, Chauncey, Su, & Chang, 2012). The 

findings reveal that the usefulness of visualization is affected by both the cognitive type 

of the person and the visual design. Cognitive characteristics such as perceptual skills, 

spatial abilities, linguistic ability, and working-memory capacity, which vary greatly 

across people, may have a substantial influence on reasoning. 

Information visualization provides four primary functions. The first is to convey 

a general knowledge of a dataset, so that the viewer is aware of what is and is not known 

about the data. Ziemkiewicz, Ottley, Crouser, Yauilla, Su, Ribarsky, and Chang (2013) 

investigated the association between visualization structure and locus of control, as well 

as other personality factors, in a study. Participants were instructed to explore and infer 

questions regarding data provided in four distinct hierarchical display frameworks. 

Participants with an internal locus of control performed slower on inferential tasks but 

just as quickly on search tasks as those with an external locus of control. The study has 

shown that visualization may be effective in distinguishing between internal and 

external locus of control, as well as the difficulties that people may have when utilizing 

various visualization interfaces. 

The second goal of information visualization is to find patterns in a dataset. 

Individuals may uncover what they are looking for and perhaps find new insights by 

studying patterns, frequencies, and structures within the data. Doshi, Nadkarni, Ajmera, 

and Shah (2017), for example, used TweetAnalyzer to extract real-time Twitter data and 

show trending hashtags and active users on a bar graph in a research on Twitter trends. 

The findings demonstrated that the tool was capable of identifying patterns and trends 

in Twitter activity, which may be used to a variety of real-world situations such as news, 

job hunting, and career counselling (Doshi et al., 2017). 

The third goal of information visualization is to modify the degree of abstraction 

of a dataset in order to vary the angle from which it is seen. For example, previous study 

resulted in the development of ElectrAus, a tool that shows publicly available 

information from the Australian energy sector. According to the researchers, making 

complicated financial market data more understandable for the general public may make 
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it simpler for individuals to get knowledge and information (Lugmayr, Lim, Hollick, 

Chan, & Khuu, 2019). 

The fourth goal of information visualization is to connect the visual 

representation of a dataset with the viewer's mental model. This may be accomplished 

via the use of metaphors, which allow for a precise mapping of facts to the viewer's 

prior knowledge and understanding. Schreder, Windhager, Smuc, and Mayr (2016) 

discovered that political information visualization can potentially be misused to distort 

the interpretation of reality, beyond the well-known "lie factor" that measures the 

manipulation of data effects, in a study examining the theory of mental models and their 

implications for the design and development of InfoVis interfaces. Mental models, 

which are dynamic representations of a system's goal, form, function, and state (Jones 

et al., 2011), are used to define and explain domain-specific learning and understanding 

processes. They are not fixed, but rather allow for system prediction and explanation. 

Data exploration and analysis have been a key focus of visualization tools in 

recent years (Segel & Heer, 2010). Spreadsheet and visualization tools may aid in the 

analytical process and make visual encoding easier. Information visualization is often 

advertised for its capacity to reveal hidden insights and data tales, and it is intended to 

allow for a broad variety of findings and viewpoints. 

Previous research has largely focused on performance indicators such as speed 

and accuracy in the use of visualization tools, according to Alves, Ramalho, Goncalves, 

Gama, and Henriques-Calado (2020), but user preferences have also been identified as 

an important factor in improving visualization software interfaces (Alves et al. 2020). 

User preferences may be used by visualization tool developers to guide the design and 

setup of visualization interfaces (Ko & Liu, 2019). Alves et al. (2020) discovered that 

individuals with Neuroticism disliked line charts with points, whereas those with high 

and medium extraversion preferred sunburst visual designs in the hierarchy category in 

a study examining the relationship between user preferences and personality type 

concerning visual design. Those with high conscientiousness chose line charts with 

points, but those with low conscientiousness preferred sunburst charts. These results 

imply that including personality traits into the design of visualization frameworks might 

aid in the development of user-friendly interfaces. 
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Yang, Zhou, and Li did research in 2014 to create an automated visualization 

framework that assists users in combining numerous knowledge visualizations into an 

integrated perspective and serves as a basis for creating the system. The researchers 

collected data from 50 people in 10 distinct settings including varied combinations of 

data, topics, and factors via 10 online questionnaires, each having 4 pages and 3 pairs 

of open-ended questions. Crossbars were consistently ranked as the most preferred 

option, stacked bars were widely considered the least preferred, and nested lines were 

generally viewed as preferred (Yang et al., 2014). 

Lallé, Conati, and Carenini (2017) investigated the interaction between visual 

working memory, user expectations, and gaze behavior within the context of a real-

world information visualization framework designed to assist individuals in deciding 

how to engage. Visual working memory, which combines visual memory and working 

memory, is a cognitive quality that comprises, in addition to visual memory, spatial 

capacity, visual speed, and associative memory (Liu et al., 2020). Visual memory is the 

capacity to remember an object's shape, position, location, and alignment (Sperling, 

1963), while working memory is the ability to remember information for immediate 

application (Baddeley, 1992). The study's results revealed that individuals with greater 

visual working memory preferred charts over maps and focused more on the chart area 

(Lallé et al., 2017). Toker, Conati, Carenini, and Haraty (2012) discovered a statistically 

significant negative association between working memory and preferences for 

evaluating bar charts and radar plots in a separate investigation. Participants with 

superior visual memory preferred radar graphs, whereas those with worse visual 

memory chose bar graphs (Toker et al., 2012). These findings have aided visualization 

technologies in achieving high levels of usefulness and utilization, as well as improving 

people's knowledge of data and how to communicate via visualizations. They also 

emphasize the need of taking into account the constraints of a "one-size-fits-all" 

visualization interface, as well as the influence of human variation on the usage of 

information visualization systems (Liu et al., 2020). 

Visualization types in information visualization include the use of suitable 

photos, typography, space, style, and colour to improve the visual appeal and usability 

of a design or product (Guney, 2019). Understanding the link between visual aesthetics 

and personality may help designers modify the user interface to better meet the demands 
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of diverse users (Kennedy, 2020). Hierarchical, change with time, and comparative 

visual designs will be used in this research. These visual designs may be utilized to 

develop more adaptable and customised user interfaces that cater to diverse users' 

demands and preferences. 

Ottley, Yang, and Chang (2015) used an indented tree and a dendrogram in their 

research to evaluate the link between personality and hierarchical visual designs. An 

individual's view of whether they have control over events (internal LOC) or if they are 

controlled by external occurrences (external LOC) is referred to as their locus of control 

(LOC) (Ziemkiewicz et al., 2013). A dendrogram is a diagram that shows a hierarchical 

relationship between objects using a classic node-link structure, whereas an indented 

tree is an ontology visualization in which indentation is used to show super/sub-class 

relationships and there is only one path between any pair of nodes (Fu, Noy, & Storey, 

2013). External LOC users were almost twice as quick when using the indented tree as 

opposed to the dendrogram, according to the researchers (Ottley et al., 2015). The 

authors recruited 54 participants using the Mechanical Turk service to explore how 

LOC influences user search tactics. They discovered that external LOC users did better 

with the indented tree, whereas internal LOC users performed better with the 

dendrogram. This research contributes to a better understanding of how personality 

characteristics affect visualization use and how designers may construct visualizations 

that better correspond with users' cognitive demands. 

Green and Fisher (2010) investigated the impact of personality characteristics 

on user involvement and learning performance behaviors in an interactive visualization 

and a menu-driven online table. The visualization style utilized by the researchers was 

circular packing, and participants were required to perform many procedural learning 

tasks at each interface. The participants engaged with two interfaces: the web-based 

NCBI MapViewer for genetic information and the interactive data visualization (GVis) 

of genomic interactions. The research found that participants interacted more with the 

visualization than with the web table, and that internal LOC users interacted quicker 

with both the interactive and web-table interfaces. External LOC users, on the other 

hand, completed inferential tasks faster than internal LOC users (Green et al., 2010). 

This research demonstrates how intrinsic personality variations may impact 

engagement with visualization approaches, and it gives a platform for changing to 
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match user demands and preferences, as well as a foundation for recognising 

comparable variances within a community. 

Alves, Ramalho, Goncalves, Gama, and Henriques-Calado (2020) investigated 

if personality influences user choices for various forms of visualizations. According to 

the research, external LOC users chose a treemap type of visualization over a sunburst, 

whereas internal LOC users preferred a line chart with points (Gonc, 2020). This study 

expands on prior work by concentrating on several styles of information visualization 

and including a storytelling-reporting component. This study seeks to give insights into 

the impact of personality in visualization choices in order to assist designers construct 

more effective and user-friendly visualizations. 

2.2.1 Visualization Types Under Information Visualization 

With the advent of digitalization of everything and everything, the success of a website, 

application, or product is strongly reliant on the success of its visual design. It is critical 

to the success of any design project. A strong visual design may successfully 

communicate information while also eliciting the desired emotional reactions from 

customers (Bach et al., 2017). Visual design must be assessed based on its concepts and 

aspects, as well as the sort of design used. There are several design styles available, 

each with its own specific feature, such as maximalist, minimalist, and skeuomorphic 

design. The visualization type represents facts or information via information 

visualization. There are many other forms of visualizations, such as bar graphs, scatter 

plots, line charts, heat maps, and many more. The sort of visualization used is 

determined by the data being shown, the narrative being told by the data, and the 

audience being addressed. 

Hierarchy visualization is a sort of information visualization that uses a visual 

format to depict hierarchical data structures, such as an indented tree or a dendrogram. 

These visualizations are often used to show interactions between distinct elements or 

categories in fields such as computer science, biology, and social science (Fu, Noy, & 

Storey, 2013). One advantage of hierarchy visualization is that it helps users to quickly 

perceive the hierarchical connections between distinct entities, which may aid in 

understanding the underlying structure of the data and allowing them to make better 
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educated choices (Kennedy, 2020). A dendrogram, for example, may be used in a 

biological setting to show the evolutionary links between various species, letting 

researchers to observe how different species are connected to one another (Ottley et al., 

2015). However, there are significant drawbacks to employing hierarchical 

visualization. If the hierarchy is too deep or complicated, these visualizations might 

become crowded or difficult to read (Green & Fisher, 2010). Furthermore, depending 

on their personality features or cognitive style, certain users may prefer various sorts of 

visualizations (Lallé, Conati, & Carenini, 2017). External LOC users, for example, may 

prefer indented trees to dendrograms, but internal LOC users may prefer the converse 

(Ottley et al., 2015). 

Overall, hierarchy visualization is an effective technique for visualizing 

hierarchical data structures and comprehending connections between various 

components. However, while selecting an acceptable visualization style, designers must 

consider the constraints of various visualizations as well as the preferences of their 

target audience. 

 
Figure 2.1 Example of Hierarchical Visual Design, The Tree Map.  

The design shown the visualization of movie studios and their genres. The image 

above was an original design by the author of this thesis. 

Changes over time visualization is a sort of information visualization that 

depicts how data attributes and states change over time as well as the moments at which 
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data states abruptly shift (Fang, Xu, & Jiang, 2020). Line charts and area charts are 

examples of this style of visualization, which are widely used to highlight trends or 

patterns in data across time. In a previous study, Sheidin, Lanir, Conati, Toker, and 

Kuflik (2020) investigated the effects of six user characteristics on the effectiveness of 

these visualizations, which had not previously been investigated in the context of 

personalizing information visualization. Previous study on the effect of user variations 

on processing visualizations has mostly focused on non-temporal data visualizations 

such as basic and layered bar graphs, radar charts, hierarchical visualizations, tables, 

and others (Sheidin et al., 2020). The research involved 40 university students who 

performed tasks given to each visualization and scored their preferences for each 

visualization, using four separate data sets based on real-world data obtained from 

Twitter and discussing pertinent events from 2015. One of the six user attributes chosen 

was locus of control (LOC). The study's findings revealed that high-LOC users 

outperformed low-LOC users in stream visualization (Sheidin et al., 2020). This 

research backs up the necessity for customized and adaptable visualization, and the 

results may be used to design personalized and adaptive visualization systems that take 

such user preferences into account. 

One advantage of using changes over time visualization is that it allows users to 

quickly and easily see how data has changed over a specific time period, which can be 

especially useful for identifying trends or patterns that may not be immediately apparent 

in other types of visualizations (Sheidin et al., 2020). This is particularly valuable for 

decision-making because it enables users to understand the context in which the data 

was acquired and make better educated judgements based on that context. However, 

adopting change-over-time visualizations has significant drawbacks. One difficulty is 

that these visualizations might become crowded or difficult to read if there are too many 

data points or the period displayed is too lengthy (Green et al., 2010). Furthermore, user 

preferences for various kinds of changes over time visualizations might differ based on 

personality factors or cognitive style (Lallé et al., 2017). Sheidin et al. (2020), for 

example, discovered that high-LOC users did better with stream visualization, whilst 

other users may prefer alternative forms of changes over time visualizations. 

Overall, change-over-time visualization is an effective method for depicting 

data changes and detecting trends and patterns over time. However, while selecting an 
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acceptable visualization style, designers must consider the constraints of various 

visualizations as well as the preferences of their target audience. 

 
Figure 2.2 Visualization of Change Over Time Illustration.  

The population of Malaysia depicted on the graph. The author of this thesis is the 

image’s creator, and the information was taken from www.macrotrends.net 

Data comprehension and analysis benefit greatly from comparison visualization. 

It entails comparing values or quantities and identifying patterns or trends in data using 

graphical or visual representations. Comparison visualization is typically used to 

highlight the differences or similarities between groups or categories of data, and it may 

also be used to depict discrepancies or correlations between values at a finer level of 

detail. There are several comparison visualizations available, including bar charts, pie 

charts, scatterplots, and line graphs. Each style of visualization may be used to depict 

different sorts of information, with each type better suited to certain types of data. Pie 

charts, for example, are often used to illustrate percentages of a whole, and bar charts 

are regularly used to compare the values of multiple categories. Line graphs may be 

used to show trends over time, whilst scatterplots can be used to show correlations 

between two variables. 

Comparison visualization, according to Gonc (2020), is an excellent way for 

emphasizing differences or correlations between data at a certain degree of detail. Some 

examples of comparison visualization include pie charts, bar graphs, and word clouds. 
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Cashman et al. (2019) conducted an experiment to evaluate visualizations and visual 

analytics tools. The experiment featured six tasks, one of which was a control quest task 

and another for each visualization. The researchers examined two types of visualization, 

including a traditional cross-coordinated visualization for tabular data and 

visualizations for studying hierarchical data, and the findings were based on the users' 

mouse clicks or mouse movements. According to the researchers, inferential tasks are 

more complicated and may result in more encounters across longer durations of task 

completion. They observed that inferential activities led in more participant behaviors 

than data-collection tasks. In a research setting, the use of inferential tasks in 

comparative visualization may increase the community's ability for analysis and 

understanding. 

Additionally, a comparison visualization is a great tool for analyzing and 

evaluating data. It may be used to identify patterns and trends, as well as to highlight 

differences and correlations between values. The use of inferential tasks in comparison 

visualization may increase the community's understanding and analysis of visual 

analytics programmes, resulting in more interactions across longer job completion 

timeframes. 

 
Figure 2.3 Example of Comparison Visualization- Bar Chart.  

The population of Malaysia depicted on the graph. The image was created by the 

author of this thesis. 
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2.3 DATA STORYTELLING 

Data storytelling is the art of using data or statistics to tell a story in a way that helps 

the audience understand complex data. Graphs and charts are two prominent 

visualization approaches used to improve the story and assist the audience grasp the 

facts. In professional contexts, data storytelling has taken numerous forms, including 

posters, slide shows, and budget presentations. 

Data storytelling, according to Echeverria et al. (2018), is an excellent technique 

to employ information visualization since it may boost the communication potential of 

the information being presented. Data storytelling aids in bringing data to life and 

making it more relevant to the audience, allowing them to better grasp and recall the 

information offered. Individuals and organizations may successfully convey 

complicated concepts and data sets to a broad variety of people by using data 

storytelling approaches. 

Moretti, Chiara, and Napolitano (2018) performed study in Italy on the use of 

data storytelling to promote openness in the Italian government. The researchers aimed 

to make data sharing online more engaging and interactive in order to make it more 

accessible to the general audience. Although the government makes data accessible to 

the public, the aim of accountability has not yet been completely realized. This is due, 

in part, to a lack of established data distribution methods. The researchers observed that 

employing data storytelling allows a bigger audience to grasp complicated data by 

recognizing trends over time and showing patterns that would otherwise be hidden in 

tables of data. 

Moretti et al. (2018) contend that employing data storytelling approaches to 

create visual representations of data might assist overcome the constraints of both static 

human-readable versions of data and sophisticated machine-readable forms. The 

researchers think that by utilizing data visualization to deliver information in a more 

engaging and dynamic manner, they can promote openness in the public sector and 

make data more accessible to the public. 

There are five fundamental guidelines for excellent data storytelling, according 

to Echeverria et al. (2017). The first criterion is to define a specific aim for the 
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visualization. To produce good data storytelling, it is necessary to first understand the 

environment in which the visualization will be given, which includes the audience, their 

career, educational background, and perception of the presenter and the data 

visualization. The direction of the narration may be lost if there is no clear aim. 

Data visualization makes unseen data visible by using graphical representations. 

In order to successfully convey information via data visualization, it is critical to choose 

a representation that suits the data and is simple enough for the audience to grasp (Bach 

et al., 2017). The selected visualization should correctly depict the data and effectively 

explain the information being shown. By following these criteria, it is feasible to 

generate compelling and effective data storytelling that aids in the communication of 

complicated concepts and data sets to a broad variety of people. 

The second guideline of excellent data storytelling is to remove any superfluous 

information. To make the data visualization more understandable, any data that does 

not offer value or contribute to the overarching story should be removed. This might 

assist the reader in focusing their attention on the most relevant information inside the 

visualization. 

A pilot research investigating the use of data storytelling components in 

education discovered that removing extraneous information and decluttering 

visualizations might increase readability and attention on the tale, according to 

Echeverria et al. (2018). It is feasible to emphasize the most significant features and 

make the visualization more successful at expressing the desired message by deleting 

extraneous data. Overall, removing unneeded information is a critical step in developing 

great data storytelling that is simple to grasp and engaging for the reader. It is possible 

to produce clear and attractive visualizations that successfully represent complicated 

concepts and data sets by concentrating on the most relevant facts and avoiding 

distractions. 

The third guideline of good data storytelling is to utilize narrative sparingly. 

This entails carefully choosing and labelling material in order to clarify key points and 

show facts descriptively. It is critical to ensure that the visualization is consistent with 

the project's aims or objectives, as well as to offer clear direction on what must be 

conveyed and what may be left out. However, researchers and designers often make 
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blunders in this area. To build a successful data visualization that effectively delivers 

the desired message, it is critical to analyze the information being shown and how it fits 

into the larger story. It is feasible to produce clear and captivating data storytelling that 

helps the audience grasp and recall the information being given by employing narrative 

judiciously. 

The fourth criterion of good data storytelling is to direct the viewer's attention 

by using pre-attentive characteristics that highlight the most significant components of 

the visualization. Use design elements such as curves, forms, proportions, colors, and 

contrasts to call attention to crucial features of a certain emphasis. Digital and audio 

story components may also be employed to provide context and assist the viewer in 

interpreting the visual aspects. Narrative text may also be utilized to give further 

explanation and assist the audience in comprehending the facts being displayed. It is 

feasible to construct data storytelling that successfully conveys complicated concepts 

and data sets in a manner that is engaging and accessible to the audience by driving 

attention in this way. Overall, the purpose is to employ data visualization to direct the 

viewer's attention and aid in understanding and retention of the information given. 

The last guideline of great data storytelling is to motivate people to take action. 

It is critical to employ suitable colors, lines, and forms to direct the viewer's attention 

while creating a clear and simple visualization that successfully conveys the narrative 

to the audience. Some visualization approaches are more successful than others for 

different objectives. A linked scatterplot or a slope graph, for example, may not be 

appropriate for research but may be highly useful as a narrative tool (Kosara & 

MacKinlay, 2013). 

In order to successfully tell the narrative, it is critical to use the appropriate 

visualization approach for the desired goal. If the visualization is not done correctly, the 

spectator may get lost or confused when studying the data without understanding the 

narrative's emphasis. It is feasible to build compelling and accessible visualizations that 

help the viewer comprehend and recall the information being given by adhering to the 

guidelines of successful data storytelling. 

Understanding the context in which the data visualization will be presented is 

critical for effective data storytelling (Echeverria et al., 2017). This involves taking into 
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account audience characteristics such as their career, educational background, 

impression of the presenter, and data visualization. It is also critical to examine the 

precise information that the audience is looking for in order to develop a visualization 

that fits their requirements while successfully communicating the desired message. 

Bach (2017) proposes utilizing data comics to communicate information and 

data. Other visual styles that emphasize variation and sequence may be an effective 

technique to interest the audience and communicate complicated concepts via data 

visualization. It is possible to develop successful data storytelling that effectively 

conveys complicated concepts and data sets in a manner that is engaging and accessible 

to a broad variety of audiences by taking the context and audience characteristics into 

account. 

To produce successful data storytelling, consider the human component, which 

includes the efficacy of the visualization, the visual style, and the audience's degree of 

attractiveness and visualization literacy. Aesthetics, design principles, audience 

involvement, and visual discourse must all be balanced. 

Another critical part of effective data storytelling is the production assistance 

given, which includes visualization integration, templates, editing tools, and design 

patterns. By taking these variables into account and ensuring that the data visualization 

is at its best, it is possible to improve storytelling and successfully convey complicated 

concepts and data sets in an engaging and accessible manner to the audience. 

Storytelling is gaining popularity in the realm of visualization, especially when 

connecting with audiences. According to Chen et al. (2020), communicating complex 

information to viewers who lack sophisticated analytic abilities may be difficult, 

particularly when utilizing visualization approaches that combine extensive 

algorithmic, graphic, and interactive features. To solve this problem, the researchers 

presented a paradigm that connects information processing and result display through 

narrative synthesis. This entails creating and structuring narrative material in a 

systematic manner, as well as extracting discoveries from the source data and storing 

them in a dedicated workspace utilizing tools such as tale slices. 
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Analysts may bridge the gap between information visualization and storytelling 

by including a narrative synthesis step into the visual analytics process and integrating 

it to storytelling. This method broadens the visual analytics process and contributes to 

making complicated information more accessible and interesting to a broader audience. 

There are now five forms of narrative designs that are actively disputed in the 

area of data visualization, according to Aydin and Am (2020). The first is the magazine 

style, which includes combining data images with explanations written in flowing text 

in the manner of a magazine. In recent years, the magazine style has grown in popularity 

as a means of presenting static visualizations, since it is distinguished by the use of data 

visualizations supplemented with descriptive text that follows the structure of a typical 

journal or magazine (Aydin & Cam, 2020). This approach is often used in the 

development of data stories that are meant to be written by a particular person or group 

(Kwon, Stoffel, Jackel, & Lee, 2014). 

Magazines can readily provide information and entertainment to a big audience. 

They have been used in a variety of different research, including media impact studies, 

consumer behavior studies, and cultural studies. This style of storytelling, which is 

articulated as transmedia storytelling and feeds on the codes of the moment, allows 

consumers to change media material and media as they see fit by developing a 

sophisticated, broad, and engaging storyline, vocabulary, and narration model (Gürel, 

E., & Tl,., 2014). When opposed to previous eras, today's communication technologies, 

which are formed by postmodern imagery, signify more than merely being means for 

communication. 

Although this style is widespread in static visualization, it has not been used as 

extensively in interactive visualization (Segel & Heer, 2010). One possible difficulty 

with the magazine format is that readers may struggle to link the text and the 

visualization since visualizations may be provided without specific instructions, leaving 

it up to the reader to decide how to interpret them. To address this issue, Kwon et al. 

(2014) created a system that uses ordered visualization to offer readers with easy access 

to the authors' selected point of view while also enriching the visualization with features 

such as highlighting, annotation, and animation. According to Kwon et al.'s (2014) 
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research, this method enhances magazine-style articles and allows authors to go farther 

with their intended data narrative. 

 
Figure 2.4 Example of Magazine Styles – Sunglasses at night – nay or yay? 

Created by the author of this thesis.  

An annotated chart is a visualization in which particular data is highlighted or 

contextual annotations are included. Endnotes and summary boxes may be used to 

provide further information in the sentences or paragraphs that follow by annotating 

data in the chart (Aydin & am, 2020). Endnotes may assist presenters in explaining and 

emphasizing key ideas or features, while annotations urge the audience to concentrate 

on certain areas of the charts (Lee et al., 2013). The positioning of annotation boxes, by 

offering additional context, may also make the material simpler to interpret and enhance 

aesthetic appeal (Borkin et al., 2013). 
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The annotations enable presenters to emphasize and clarify significant points or 

information and assist viewers concentrate on certain areas of the charts. Annotation 

charts are often used to arrange and interpret data in qualitative research. They let 

researchers to find patterns and themes within a dataset by grouping comparable 

information and emphasizing key aspects. 

Current charting tools, on the other hand, only provide a few restricted 

frameworks for making annotations (Ren et al., 2017), and the visualization research 

community is unfamiliar with the role of annotation in information storytelling. To 

solve this problem, Ren and colleagues (2017) created a platform that allows users to 

quickly and simply add annotations to charts utilizing a variety of annotation 

interactions that support both manual and automated annotation. They established a 

design area for chart annotations based on a review of 106 annotated charts produced 

by six notable news visual departments. The researchers want to incorporate their 

annotation experiences into multiple charting platforms, and the tools offer a unique 

technique for discovering and using information annotations. 

 
Figure 2.5 Example of Annotated Charts.  

The image was created by the author of this thesis. 

Flowcharts-infographics is the third data storytelling design, which involves 

utilizing flowcharts to convey the tale of a system or machine on a hierarchical plane 

and infographics to graphically display data or numbers in a compact, accurate, and 
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substantive way (Aydin & am, 2020). Using flowchart-infographics, processes, 

workflows, or systems may be portrayed in a visually attractive and easy-to-understand 

format for the user and audience. Complex concepts, procedures, and data may be 

communicated simply and logically in domains such as business, education, and 

technology. 

Flowcharts are used in a variety of sectors to study, create, record, or manage 

processes or programmes (Ren & Tobias, 2017) and are a basic tool for conveying 

procedures and decision-making (Knaflic, 2016). To depict the tale schematically, they 

blend components connected to boxes and arrows. Infographics, on the other hand, are 

visual representations of facts or numbers that try to communicate information simply 

and effectively. They are typically used to convey complex material in a more 

accessible and exciting manner by merging text, graphics, and visual components to 

communicate the essential message. By combining flowcharts with infographics, it is 

possible to effectively convey complex information and processes in a manner that is 

easy for the audience to grasp and remember. 

 

Figure 2.6 Example of Flowchart-Infographics Style. 

 The image was created by the author of this thesis. 

The fourth data storytelling style incorporates the use of partitioned posters, a 

kind of infographic that is separated into many frames to display different but related 
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groupings of data (Aydin & Am, 2020). These posters are planned as a series of design 

frames, with the design area divided into at least two frames and the data interconnected 

(Segel & Heer, 2010). Partitioned posters enable the display of complicated data sets in 

a structured and understandable manner for the audience. It is feasible to deliver a clear 

and unified message to the audience by splitting the material into discrete frames and 

tying them together. This style is very effective for displaying enormous quantities of 

data in a succinct and aesthetically attractive manner. 

Partitioned posters serve as a venue for subject distribution and discussion, 

which helps users improve their presenting and communication abilities (Newsome, 

Miller, & Chesson, 2021). The poster is a recognized informative medium that is simple 

to interpret, ethically and artistically teaches the audience, and has an emotional and 

environmental influence on people without demanding any mental effort on his side 

(Vasilenko, E., Vasilenko, P., Pallotta, Barsukoba, & Sichkar, 2021). 

ith the global trend towards digitalization, the conventional poster has 

transformed into something more interactive. While the foundations of traditional 

poster design may seem to have remained unchanged, the variety brought forth by 

modern communication technologies has converted the poster into a platform for 

interactive digital displays (Köksal & Aluç, 2022). In a recent research, student chemists 

were asked to explain their perceptions on the use of posters as a teaching tool, as well 

as their preference for digital versus printed posters for presentation and review 

(Newsome, Miller, & Chesson, 2021). The researchers split the class into two cohorts 

by comparing the students' pre- and post-activity surveys. According to the results, 

digital posters are a more practical, cheap, and desirable presenting medium for 

pharmacy students than printed posters. 



29 

 
Figure 2.7 Example of Partitioned Poster Style.  

The author of this thesis created the image. 

The fifth and final design of data storytelling includes employing visual media 

with scene transitions similar to those found in fictional films or comic strips (Aydin & 

am, 2020). Comics enable the construction of tales via the use of cartoon depictions of 

scenes that combine both photographic and live animation aspects, allowing the visuals 

and text parts to portray the final narrative in a hierarchical sequence (Zhao et al., 2015). 

In today's media-rich society, comic books have the potential to be a visually captivating 

and cutting-edge teaching tool. For example, comics and animation may be used to 

educate patients about diseases such as cancer and AIDS while simultaneously 

promoting a healthy lifestyle (Muzumdar, 2016). 

Bach and colleagues (2016) did research on the use of graphic comics as a 

method for explaining changes in complicated networks, employing comics' visual 

eloquence and familiarity to introduce and show spatial dynamics in networks to an 

audience. The researchers generated three comics with graphics and comments and 
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invited respondents to report their thoughts and conclusions (Bach et al., 2016). The 

research discovered that when given little textual annotation and little training, the 

audience could quickly grasp dynamic temporal transitions using graph comics. 

Overall, using comics, cartoons, and animation to convey complicated information in a 

visually attractive and engaging manner may be helpful. It is feasible to deliver a clear 

and captivating story that is simple for the audience to grasp and follow by employing 

various mediums. 

  

Figure 2.8 Example of Animation Style.  

The author of this thesis created the image. 

2.4 PERSONALITY 

Personality is described by Kaushal and Patwardhan (2018) as "variations in human 

characteristic patterns of thought, feeling, and behavior" (p. 102). Personality is a 

complex and multifaceted concept that encompasses an individual's unique patterns of 

thought, emotion, and behavior. It has traditionally been studied in two main areas: the 

analysis of individual differences, particularly characteristics such as sociability or 

irritability, and the understanding of how an individual's various parts come together to 

form a whole. Personality is frequently defined by a person's individual actions, 

emotional states, temperament, and mental characteristics (Durupinar et al., 2011). 
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Personality is typically steady over time, yet it may alter to some degree when a 

person encounters new things, meets new people, and goes through new life events 

(Vaida, 2019). Numerous markers, such as the Myers-Briggs Type Indicator (MBTI), 

the Five-Factor Model (FFM), and the Enneagram of personality, have been established 

by researchers to assist them better understand personality. However, in the area of 

personality study, there is considerable disagreement over how many personality 

characteristics stay constant over time (Durupinar et al., 2011). These tools may assist 

people in better understanding their personalities. 

2.5 Five-Factor Model (FFM) 

The Five-Factor Model (FFM), also referred to as the Big Five, is an extensively 

recognized and extensively studied model of psychology that delineates five 

overarching aspects of personality: openness, conscientiousness, extraversion, 

agreeableness, and neuroticism (Costa, 2018). Each of these dimensions consists of a 

compilation of unique features that pertain to more intricate facets of personality. The 

Five-Factor Model (FFM) was selected as the personality indicator for this study due to 

its extensive establishment in the fields of research and clinical psychology. The Five-

Factor Model (FFM) utilizes the acronym OCEAN to denote the five expansive 

dimensions of personality, namely openness, conscientiousness, extraversion, 

agreeableness, and neuroticism. Additionally, it discerns three fundamental needs that 

align with these dimensions, specifically the need for influence, the need for security, 

and the need for tranquilly (Schmidt et al., 2019). 



32 

 

Figure 2.9 The Five-Factor Model.  

The image is an original design by the author. 

The first FFM element is openness to experience, which relates to an individual's 

desire to try new things and welcome change (Abyaa et al., 2018). Individuals with high 

openness tend to be curious, creative, and imaginative, and they are more likely to 

participate in a variety of activities rather than cling to a routine (Wang et al., 2019). 

Individuals with high degrees of openness may also make better judgements, both 

individually and as part of a team, according to research (Harb & Alhayajneh, 2019). In 

a research evaluating the relationship between personality, beliefs, and attitudes, it was 

discovered that software engineers with high degrees of openness were more inclined 

to assume responsibility for a whole project (Feldt et al., 2010). Low levels of openness, 

on the other hand, are marked by more conservative and traditional qualities (Peever et 

al., 2012). Individuals with low openness are practical, detest change, and prefer known, 

repeated actions and surroundings. They may be resistive to learning difficult or 

analytical concepts, as well as to new ideas (Abyaa et al., 2018). Salleh et al. (2011) 

discovered that openness had a substantial influence on academic performance of 

students who performed pair programming in higher education in their study on 

openness. Students with high degrees of openness were often regarded as "foresightful, 

intelligent, and resourceful" by the authors (Salleh et al., 2011). 
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"Conscientious people are highly organized and goal-oriented, and they value 

discipline and achievement in their work" (Salleh et al., 2010). They are well-known 

for their dependability and efficiency, often prioritizing their obligations and tasks 

(Mirza et al., 2015). Those with lesser conscientiousness, on the other hand, may show 

a lack of care or attention to detail and may be hostile to authority (Peever et al., 2012). 

This personality attribute has been associated to both academic accomplishment (Salleh 

et al., 2011) and success with corporate intelligence tools (Harb & Alhayajneh, 2019). 

As a result, it is not unexpected that conscientiousness is extensively evaluated in 

research and therapeutic contexts. Harb and Alhayajneh (2019) discovered that people 

with high degrees of conscientiousness were more inclined to actively seek out and use 

technologies that may improve their professional performance." Conscientiousness is 

often seen as a predictor of success in a variety of contexts, including academia and the 

workplace. According to a research done by Barrick and Mount (1991), conscientious 

persons had greater levels of work performance and job devotion than those with lower 

levels of conscientiousness. Furthermore, research has shown that conscientiousness is 

associated with improved physical and mental health outcomes, including a decreased 

chance of acquiring chronic illnesses (Furnham & Cheng, 2016). Conscientious people 

are also more likely to participate in healthy activities like frequent exercise and eating 

a nutritious diet (Furnham & Cheng, 2016). Conscientious people tend to be more 

structured, responsible, and driven, which leads to greater grades and academic success 

(Salleh et al., 2011). Overall, it is obvious that conscientiousness is an important 

personality attribute that may contribute to success in a variety of aspects of life. 

Extraversion, one of the five personality characteristics in the Five Factor Model 

(FFM), refers to a person's proclivity for sociability, assertiveness, and talkativeness 

(Acua et al., 2015). Extraverts are often gregarious, lively, and self-assured (Harb & 

Alhayajneh, 2019; Garrido, Bernard, & Davidson, 2013). They like being among other 

people and exhibiting pleasant sentiments (Hu & Pu, 2014). Individuals with high 

degrees of extraversion may be especially helpful in fields that demand contact with 

others and cooperation, such as engineering and architecture (Weilemann, 2019). Those 

with low levels of extraversion, on the other hand, tend to be more introverted, 

exhibiting attributes such as silence, shyness, and timidity. 
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Extraversion and academic and learning performance have a high association 

(Zeng et al., 2016). A research of medical university students indicated that individuals 

with greater extraversion scores had superior learning results (Zeng et al., 2016). This 

shows that FFM, of which extraversion is a component, is a significant issue for 

educators and other professionals. Extraversion has also been connected to good 

leadership (Judge & Bono, 2001). Judge and Bono discovered that people with high 

degrees of extraversion tend to be more successful leaders in a meta-analysis of over 

500 research. They are more aggressive and confident, which may inspire and drive 

their followers (Judge & Bono, 2001). Furthermore, extroverted leaders are frequently 

more at ease speaking with people and creating connections, which may aid in the 

development of a healthy work culture (Judge & Bono, 2001). 

Agreeableness, one of the five personality factors in the Five Factor Model 

(FFM), refers to a person's proclivity for cooperation and conscientiousness, as well as 

an understanding for the viewpoints of others (Gulati et al., 2016). People who are 

pleasant tend to be cheerful, kind, and compassionate (Costa & McCrae, 2018). They 

may be described as selfless and sympathetic, and they are often seen as friendly and 

concerned with the needs of others (Purdioux, 2016). Individuals with low levels of 

agreeableness, on the other hand, may be sceptical, aggressive, and egotistical, as well 

as viewed as disinterested in the needs or events of others (Peever et al., 2012). 

Agreeableness is often used to assess team performance and climate (Acua et 

al., 2015). Acua et al. (2015) discovered that high agreeableness was connected with 

more efficient teams in a research that looked at the connection between personality, 

team environment, product quality, and satisfaction in software development teams. 

This implies that agreeableness is a significant consideration in team dynamics and 

productivity. Relationship satisfaction and stability have also been connected to 

agreeableness (Kavanagh, Kenny, & Dolan, 2015). Kavanagh et al. discovered that 

people with high levels of agreeableness had more happy and stable relationships in a 

meta-analysis of over 100 research. They are more inclined to cooperate and regard 

their partner's wants and emotions, which helps promote a healthy and harmonious 

relationship (Kavanagh et al., 2015). 
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Neuroticism, one of the five personality factors in the Five Factor Model (FFM), 

refers to an individual's proclivity for negative emotions such as despair and anxiety 

(Ziemkiewicz et al., 2012). Those who have high degrees of neuroticism may be more 

emotionally reactive and struggle to deal in stressful circumstances (Wiesche & 

Krcmar, 2014). Individuals with low degrees of neuroticism, on the other hand, tend to 

be more emotionally stable, calm, confident, and secure (Wiesche & Krcmar, 2014). 

There has been much discussion on the effect of neuroticism in academic 

achievement and productivity. Some research, however, have revealed either little or no 

relationships between neuroticism and performance (Salleh et al., 2011). This implies 

that people with high degrees of neuroticism, such as those suffering from depression 

or anxiety, may be able to create high-quality work despite their mental instability. 

Physical health consequences have also been connected to neuroticism. According to a 

meta-analysis of over 300 research, people with high levels of neuroticism had worse 

physical health, including greater rates of cardiovascular disease, immune system 

dysfunction, and all-cause mortality (Furnham, Cheng, & Drennan, 2010). This might 

be attributed to the harmful consequences of prolonged stress on the body, since those 

with high neuroticism are more likely to experience stress and unpleasant emotions 

(Furnham et al., 2010). Furthermore, neuroticism is linked to drug abuse and addiction. 

A meta-analysis of more than 80 research showed that people with high levels of 

neuroticism are more likely to develop drug use disorders and are more likely to relapse 

following treatment (Slane, Tarter, Kirisci, & Reynolds, 2013). This might be because 

they are more vulnerable to stress and unpleasant emotions, which may prompt them to 

seek comfort via drug use (Slane et al., 2013). 

Table 2.1 The Summary of the FFM 

PERSONALITY TRAIT LOW SCORER HIGH SCORER 

OPENNESS Favors conservative 
values, and judges in 
conventional terms. 

Values intellectual 
matters, rebelling, non-
conforming 

CONSCIENTIOUSNESS Self-indulgent, engages 
in daydreams 

Behaves ethically, 
dependable, and 
responsible 
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PERSONALITY TRAIT LOW SCORER HIGH SCORER 

EXTRAVERSION Avoids close 
relationships, over-
control of impulses 

Talkative, socially poised, 
behave assertively 

AGREEABLENESS Critical, skeptical, 
behavior is 
condescending 

Sympathetic, considerate, 
warm, compassionate 

NEUROTICISM Calm, relaxed, satisfied 
with self 

Thin-skinned, anxious, 
irritable, guilt-prone 

 

2.6 MYERS BRIGGS TYPE INDICATOR (MBTI) 

The Myers-Briggs Type Indicator (MBTI) is a personality diagnostic instrument based 

on Carl G. Jung's philosophical theory (Wu, Zhou, & Chen, 2011). Jung felt that human 

conduct is predictable and follows certain patterns, and that different people receive 

information and make judgements in various ways (Gorla & Chiravuri, 2013). He 

defined four psychological functions that govern how individuals see and understand 

the world (Usman & Minhas, 2019). These functions are sensation, intuition, emotion, 

and reasoning. Based on the combination of these four functions, the MBTI divides 

people into 16 distinct personality types (Luo, Chiu, & Tsau, 2018). An ENFJ 

(Extroverted, Intuitive, Feeling, and Judging) personality type, for example, is defined 

by extroversion, intuition, feeling, and judging. An ISTP (Introverted, Sensing, 

Thinking, and Perceptive) personality type is defined by its introversion, sensing, 

thinking, and perception. Each personality type is distinct and shows distinct attitudes, 

actions, and worldviews. 

The MBTI has been extensively utilized in a broad range of contexts, including 

education, work, and therapy. It is often used in companies as a technique for self-

discovery and personal development, as well as team building and conflict resolution 

(Myers & McCaulley, 1985; Kostere & Ogunmokun, 2007; Lussier & Achua, 2010). 

The Five-Factor Model (FFM) will be used as the major assessment of 

personality in this study. The FFM, often known as the Big Five, is widely used in a 

number of sectors, including academic study on personality (Furnham, 1996). 

Extraversion (sociable vs. shy), neuroticism or emotional stability (secure vs. neurotic), 
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agreeableness (friendly vs. unfriendly), conscientiousness (organized vs. careless), and 

openness to experience (insightful vs. unimaginative) are the five bipolar scales 

assessed by the FFM (Celli & Lepri, 2018). These personality qualities may be 

classified as "bright" or "dark," with high scores indicating bright traits and low scores 

indicating dark ones (Russo & Stol, 2020). The FFM is a reliable and accurate measure 

of personality that has been frequently utilized in research. 

The Five-Factor Model (FFM) has been proven to be a reliable and accurate 

assessment of personality in a number of circumstances, in addition to its extensive 

usage and acceptance in academic research. The FFM has a good predictive value in 

predicting crucial outcomes such as work performance, academic success, and health 

behaviors, according to research (Digman, 1990). Individuals who score high in 

conscientiousness, for example, are more organized, responsible, and trustworthy, and 

have better levels of academic and vocational achievement (Furnham, Cheng, & 

McManus, 2016). Similarly, Gosling et al. (2003) found that extroverts had more 

favorable interactions with others and better levels of well-being. Agreeableness, which 

is defined by a proclivity for cooperation and empathy, has been connected to improved 

social connections and leadership abilities (Van Lange et al., 2013). 

According to studies, the Five-Factor Model (FFM) may be a more accurate 

personality predictor than tests like the Myers-Briggs Type Indicator (MBTI). This is 

because FFM ratings have superior control over class distribution and interpretation, 

making prediction tasks easier (Celli & Lepri, 2018). Furthermore, the FFM is 

statistically reliable, with each feature displaying significant "constructive validity," 

which means it fits Adam Grant's four requirements for a valid personality trait (David, 

2019). Unlike the MBTI, the FFM has been shown to have significant predictive value 

in a range of situations. Overall, the FFM has shown to be a reliable and accurate 

measure of personality, and its application in research and applied contexts has greatly 

improved our knowledge of individual variations and their influence on behavior and 

outcomes. 
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2.7 Chapter Conclusion 

In conclusion, personality, information visualization, and data narrative are all 

intertwined. Personality may affect how people approach and perceive data 

visualization and data storytelling, and the approaches used to visualize and tell stories 

can impact the efficacy of the information being given. 

According to research, using data visualization and data storytelling to convey 

complicated facts and ideas to audiences may be beneficial (Echeverria et al., 2017). It 

is possible to create compelling and effective data stories that are engaging and easily 

understood by the audience by following certain rules, such as stating a clear goal, 

eliminating unnecessary information, using narrative wisely, driving attention, and 

calling for action (Echeverria et al., 2018). 

Magazine style, annotated charts, flowcharts, infographics, partitioned posters, 

comics, cartoons, and animation are all examples of data storytelling techniques (Aydin 

& am, 2020). Each approach has advantages and disadvantages and may be employed 

successfully in various settings, based on the audience's requirements and preferences 

as well as the aims of data storytelling. 

Overall, personality, information visualization, and data storytelling are all 

interrelated and play important roles in communicating complicated information and 

ideas. It is feasible to successfully transmit data-driven tales and engage people in 

meaningful ways by recognizing these links and using relevant strategies. 

This chapter examined all of the essential topics and theoretical literature in 

personality characteristics, data visualization, and data storytelling. This review 

influenced the formulation of the study technique and how to collect data for the next 

chapter. 



39 

CHAPTER THREE 

RESEARCH METHOD 

3.1 INTRODUCTION 

The emphasis of this chapter will be on outlining the methodology used in the research. 

There are four parts in this chapter. The first part will offer a summary of the study's 

research design. The second portion will go through the study's demographic and 

sample. The third portion will define the methodologies and processes used, and the 

fourth section will discuss the data analysis process. Additionally, the ethical issues and 

actions taken to assure the study's trustworthiness will be presented. 

3.2 DEFINITION OF METHOD 

According to Polit and Hungler (2013), the term "method" refers to how data is 

collected, organized, and evaluated. The method employed in a study may differ based 

on the research issue being addressed. The word "method" in this study refers to the 

actions performed and the logical sequence in which the research was carried out. For 

example, Moustakas (2011) observes that a research aimed at exploring and describing 

the experiences of registered nurses who have participated in abortion operations would 

most likely use a qualitative method. 

A study's approach encompasses the design, setting, sample, methodological 

constraints, and data gathering and analysis tools. The technique is described by the 

framework of ideas and concepts on which methods and processes are founded. 

3.3 RESEARCH DESIGN 

Akhtar (2016) posits that the research design serves as the comprehensive framework 

or structure that directs the acquisition and analysis of data inside a research endeavor. 

The concept may be conceptualized as the cohesive element that unifies all the 

constituent parts of the investigation. The research design serves the purpose of 



40 

assessing the suitability of the research topic, offering a comprehensive depiction of the 

investigation, and formulating anticipations about the research procedure. There are two 

primary categories of research designs, namely qualitative and quantitative. The 

selection of a research design is contingent upon the particular aims and objectives of 

the study, as well as the nature of the data that is being gathered and examined. 

 

Figure 3.1 Flow Chart of the Overall Research. 
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Figure 3.2 Flow Chart of Quantitative Research 

In this study, a quantitative research technique was used. Quantitative research 

entails the collecting and analysis of numerical data, which is often accomplished via 

the use of surveys, questionnaires, or statistical analyzes of pre-existing data (Ingham-

Broomfield, 2014). One of the primary advantages of this technique is that it allows for 
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the investigation of cause-and-effect interactions between variables as well as the 

assessment of the link between independent and dependent variables within a 

population (Polit and Hungler, 2013; Moxham, 2012). A quantitative technique also 

allows for a more extensive study with a larger number of participants, boosting the 

generalizability of the findings, and offering better objectivity and accuracy in the 

research. 

A similar sort of quantitative study employing the Myers-Briggs sort Indicator 

(MBTI) personality test, but with a different emphasis on investigating the link between 

Judging and Perceiving, two of the MBTI's four dichotomies (Li, Shih, & David, 2018). 

However, in the proposed study, the researcher intends to employ the Five Factor Model 

(FFM) as the key personality indicator rather than the MBTI. The MBTI is a popular 

personality assessment that assesses four cognitive functions: sensing, intuition, 

reasoning, and emotion (Usman & Minhas, 2019). However, for this research, the FFM 

was selected over the MBTI because it has better control of class distribution and more 

interpretable prediction tasks (Celli & Lepri, 2018). Furthermore, the FFM has good 

statistical validity, with each feature displaying high "constructive validity" and 

predictive power (David, 2019). Descriptive research design is a style of study that 

seeks to describe and summarize phenomena, often utilizing numerical and graphical 

approaches to display data (Dangal, 2021). This method is effective for presenting an 

accurate and thorough description of a specific occurrence and for exploring patterns, 

trends, and linkages in data. Descriptive research is often undertaken through surveys, 

observations, or other data gathering techniques, and it may be conducted using either 

qualitative or quantitative methodologies. 

In descriptive research designs, survey research is a frequent approach. It entails 

gathering information from a sample of people using a structured questionnaire or 

survey instrument (Müller, Sedley, & Ferrall-Nunge, 2014). Surveys may be done in a 

number of methods, including online, via phone, or in person, and are effective for 

assessing attitudes, beliefs, behaviors, and other aspects of a population. Surveys are 

often used in descriptive research because they are a simple and efficient approach to 

gather data from a large number of individuals and may be beneficial for establishing 

an overall perspective of a population or making temporal comparisons. 
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Finally, the study's research design and procedure are critical for assuring the 

reliability and validity of the findings. A well stated research design and technique give 

a clear and transparent knowledge of how the research was carried out and enable others 

to duplicate the study if necessary. The research design and technique used will be 

determined by the precise aims and objectives of the study, as well as the sort of data 

being gathered and processed. Descriptive research designs, such as surveys, are often 

used to offer an accurate and thorough account of a certain occurrence and may be 

carried out using either qualitative or quantitative methodologies (Dangal, 2021). 

Survey research, in particular, is an effective approach for evaluating a population's 

attitudes, beliefs, behaviors, and other traits, and it may be conducted in a number of 

forms (Müller, Sedley, & Ferrall-Nunge, 2014). To give a clear and transparent picture 

of the research process, it is critical to thoroughly analyze and define the research design 

and technique employed in a study. 

3.4 POPULATION AND SAMPLE 

In a research study, the population refers to the group of persons or organisations that 

the researcher is interested in examining (Babbie, 2017). Creswell and Creswell (2018) 

define the sample as a subset of the population chosen to participate in the research. The 

sample size is an essential factor to consider in research since it might impact the 

reliability and validity of the findings. 

The population for this study included undergraduate students from a nearby 

institution. The sample size was 112 people. The choice to concentrate on 

undergraduate students as the target sample was designed to decrease sample variability 

owing to educational level variations, reduce administrative expenses, and maybe 

reduce response bias. This method enables the researcher to concentrate on a more 

homogenous and easier-to-study group (Babbie, 2017). 

When establishing the optimal sample size for a study, numerous aspects must 

be considered, including the size and characteristics of the population, the research 

aims, the accuracy of the estimates needed, and the available resources (Trochim, 2006). 

To guarantee the generalizability of the findings, it may be required in certain 

circumstances to pick a sample that is typical of the population (Yin, 2014). To 
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guarantee the validity and reliability of the study results, the sample size and selection 

method must be carefully considered. 

This study included a non-probability sampling strategy as well as convenience 

sampling approaches. Convenience sampling is a non-probability sampling approach in 

which participants are chosen based on their availability or accessibility (Babbie, 2017). 

When a researcher is unable or unwilling to commit the time and resources required to 

pick a sample using a probability sampling technique, this strategy is often utilized. 

When a researcher has limited resources or time and wants to collect data quickly, 

convenience sampling is often employed. The major benefit of convenience sampling 

is that it is quick and simple to execute, but it may be biassed since the sample may not 

be representative of the population (Babbie, 2017). 

Non-probability sampling is a sample approach in which the researcher does not 

use a random or systematic process to pick participants from a community (Babbie, 

2017). As a consequence, the sample may not be representative of the total population, 

and the study's findings may not be generalizable to a wider group. Purposive sampling, 

convenience sampling, and snowball sampling are all examples of non-probability 

sampling approaches. 

This method has been employed in personality study and with undergraduate 

students. Ismail, Basharirad, and Ismail (2018), for example, employed convenience 

sampling to identify undergraduate students who were having trouble deciding on a 

university curriculum. The researchers employed the Myers Briggs Type Indicator 

(MBTI) to investigate the elements that impacted the students' decision-making process, 

and the sample was chosen based on availability and accessibility. 

Another research, Li, Shih, and David (2019), employed convenience sampling 

to choose a sample of 421 undergraduate students to investigate the link between 

Judging and Perceiving, two components of the Myers-Briggs Type Indicator (MBTI). 

The sample was chosen based on availability and accessibility, and the researchers 

employed the MBTI to assess the individuals' personality characteristics. 
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3.5 INSTRUMENTATION 

3.5.1 The Questionnaire 

Participants were recruited among undergraduate students. Before the experiment, 

participants were told of the objectives of the research and the number of surveys to be 

completed. They can also leave the survey session at any time. 

3.5.1.1 The International Personality Item Pool) IPI-NEO 

The FFM IPIP-NEO form was used to evaluate the five personality traits (Goldberg, 

1999). This test was used to assess the kids' personalities. The questionnaire findings 

offered estimations of the individual's level of each of the five FFM personality 

categories, including their subdomains (McCrae & Costa, 2008). In the extraversion 

domain, for example, subdomains include friendliness (the extent to which an individual 

genuinely likes and projects positive feelings towards others), gregariousness (the 

extent to which an individual genuinely enjoys the company of others), assertiveness 

(the extent to which an individual exhibits leadership and confidence when interacting 

with others), and activity level (the extent to which an individual leads an active and 

busy life versus a more passive life). 

The IPIP-NEO was given in a truncated version of 120 items in this research. 

According to the instrument's website (Goldberg, 1999), the abridged version was 

created to measure the same personality traits as the full version but with fewer items 

for efficiency. Despite this, the website claims that the original, complete version is 

more trustworthy. The shorter version was selected for use in this research to eliminate 

possible concerns with participant boredom and attention span, as well as owing to time 

restrictions. 

It should be noted that using shorter versions of personality tests may result in 

decreased reliability and validity when compared to complete versions (McDonald, 

2015). Because shorter versions may not effectively capture the complete range of 

qualities and features being assessed, the findings will be less accurate. When 

determining the version of a personality assessment to utilize in research, it is critical to 

carefully analyze the trade-off between efficiency and accuracy (McDonald, 2015). The 
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use of a reduced version of the IPIP-NEO, such as the 120-item form used in this study, 

may be more practical and efficient to administer in research settings (Goldberg, 1999). 

This is particularly valuable when time or resources are limited, or when a large number 

of participants must be evaluated. Shorter versions of personality tests may also be more 

attractive to participants since they take less time and effort to complete (Goldberg, 

1999). This may result in better participation rates and more representative samples. 

Furthermore, the possible influence of participant characteristics on the outcomes of 

personality tests should be considered. Individuals who are more intellectually capable, 

for example, tend to score higher on measures of openness to experience and lower on 

measures of conscientiousness (Furnham, Cheng, & Cheng, 2015).  

Participants in this research were needed to input their nickname or a made-up 

name, sex, and age on the website to complete the personality evaluation. It is vital to 

highlight that the assessment replies are fully secret, albeit they may be stored in a 

database for the purpose of developing the instrument. As a result, participants were 

cautioned not to use their full name as a nickname. Following the disclosure of this 

information, participants were given a 120-item personality test. Participants completed 

the first 60 tasks before going on to the second set of 60 items. The poll employed a 

five-point Likert scale ranging from "very inaccurate" to "very accurate," and 

participants were asked to identify themselves using words like "I would never cheat on 

my taxes." 1999 (Goldberg). 
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Figure 3.3 The Website Page of IPIP-NEO Test Including Some of the Questions. 

3.5.1.2 User Preference on Visualization and Storytelling Questionnaire 

The questionnaire utilized in this research was based from a study conducted by Gonc 

et al. (2020) on the influence of user preferences on idioms used for hierarchy, 

development through time, and comparative contexts. The questionnaire provided 

visual samples of several visual designs organized into three settings, and participants 

were asked to rank their preferences for each design on a seven-point Likert scale, with 

one being the least preferred and seven being the most preferred. Participants were 

asked to read the questions and then complete the Likert scale to indicate their 

preferences for the visual designs. 
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This research employed a modified version of the questionnaire since it would 

contain a new part on data narrative techniques that will meet this thesis aim. User 

context, typeface, buttons, and icons; information density; navigation bar location; 

hierarchy visualization; change over time visualization; comparison visualization; and 

narrative style options were all included in the revised version. Participants were asked 

to identify which category their score fits into for each of the five key personality 

characteristics (Extraversion, Agreeableness, Conscientiousness, Neuroticism, and 

Openness to Experience) in the user context section. For example, if a person scored 45 

on the extraversion scale, their score would lie between 40 and 59. In the user context 

section, there were two extra questions concerning the participants' favorite gadgets and 

whether or not they were colorblind. 

Participants were prompted to choose their desired font style and size in the font 

section. The section on buttons and icons asked participants to choose their favorite kind 

of information button. Participants were asked to score their preferences for the density 

of information regarding the screen size of each interface in the information density 

section. Participants were able to choose their desired location for the navigation bar in 

the navigation bar position area. 

Participants were asked to pick their favorite form of visualization to depict 

movie studios and the amount of films produced by each studio depending on genre in 

the hierarchy visualization section. Data about movie studios and their films was 

gathered from numerous sources and utilized to build visualizations in the 

questionnaire's hierarchy visualization section. The data on movie companies and their 

films may have been used to investigate trends or patterns in the film business, such as 

genre distribution or the productivity of various studios. To acquire a more thorough 

picture of the film business, data on movie studios and their films may have been 

evaluated in combination with other factors such as audience score or profitability. 
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Figure 3.4 Hierarchy Visualization Data 

Film Genre Lead Studio Audience score % Profitability Rotten Tomatoes % Worldwide Gross Year
27 Dresses Comedy Fox 71 5.3436218 40 160.308654 2008
(500) Days of Summer Comedy Fox 81 8.096 87 60.72 2009
A Dangerous Method Drama Independent 89 0.44864475 79 8.972895 2011
A Serious Man Drama Universal 64 4.382857143 89 30.68 2009
Across the Universe Romance Independent 84 0.652603178 54 29.367143 2007
Beginners Comedy Independent 80 4.471875 84 14.31 2011
Dear John Drama Sony 66 4.5988 29 114.97 2010
Enchanted Comedy Disney 80 4.005737082 93 340.487652 2007
Fireproof Drama Independent 51 66.934 40 33.467 2008
Four Christmases Comedy Warner Bros. 52 2.022925 26 161.834 2008
Ghosts of Girlfriends Past Comedy Warner Bros. 47 2.0444 27 102.22 2009
Gnomeo and Juliet Animation Disney 52 5.387972222 56 193.967 2011
Going the Distance Comedy Warner Bros. 56 1.3140625 53 42.05 2010
Good Luck Chuck Comedy Lionsgate 61 2.36768512 3 59.192128 2007
He's Just Not That Into You Comedy Warner Bros. 60 7.1536 42 178.84 2009
High School Musical 3: Senior Year Comedy Disney 76 22.91313646 65 252.044501 2008
I Love You Phillip Morris Comedy Independent 57 1.34 71 20.1 2010
It's Complicated Comedy Universal 63 2.642352941 56 224.6 2009
Jane Eyre Romance Universal 77 85 30.147 2011
Just Wright Comedy Fox 58 1.797416667 45 21.569 2010
Killers Action Lionsgate 45 1.245333333 11 93.4 2010
Knocked Up Comedy Universal 83 6.636401848 91 219.001261 2007
Leap Year Comedy Universal 49 1.715263158 21 32.59 2010
Letters to Juliet Comedy Summit 62 2.639333333 40 79.18 2010
License to Wed Comedy Warner Bros. 55 1.9802064 8 69.307224 2007
Life as We Know It Comedy Independent 62 2.530526316 28 96.16 2010
Love & Other Drugs Comedy Fox 55 1.817666667 48 54.53 2010
Love Happens Drama Universal 40 2.004444444 18 36.08 2009
Made of Honor Comedy Sony 61 2.64906835 13 105.962734 2008
Mamma Mia! Comedy Universal 76 9.234453864 53 609.473955 2008
Marley and Me Comedy Fox 77 3.746781818 63 206.073 2008
Midnight in Paris Romance Sony 84 8.744705882 93 148.66 2011
Miss Pettigrew Lives for a Day Comedy Independent 70 0.2528949 78 15.173694 2008
Monte Carlo Romance 20th Century Fox 50 1.9832 38 39.664 2011
Music and Lyrics Romance Warner Bros. 70 3.64741055 63 145.896422 2007
My Week with Marilyn Drama The Weinstein Company 84 0.8258 83 8.258 2011
New Year's Eve Romance Warner Bros. 48 2.536428571 8 142.04 2011
Nick and Norah's Infinite Playlist Comedy Sony 67 3.3527293 73 33.527293 2008
No Reservations Comedy 64 3.307180357 39 92.60105 2007
Not Easily Broken Drama Independent 66 2.14 34 10.7 2009
One Day Romance Independent 54 3.682733333 37 55.241 2011
Our Family Wedding Comedy Independent 49 14 21.37 2010
Over Her Dead Body Comedy New Line 47 2.071 15 20.71 2008
P.S. I Love You Romance Independent 82 5.103116833 21 153.093505 2007
Penelope Comedy Summit 74 1.382799733 52 20.741996 2008
Rachel Getting Married Drama Independent 61 1.384166667 85 16.61 2008
Remember Me Drama Summit 70 3.49125 28 55.86 2010
Sex and the City Comedy Warner Bros. 81 7.221795791 49 415.253258 2008
Sex and the City 2 Comedy Warner Bros. 49 2.8835 15 288.35 2010
She's Out of My League Comedy Paramount 60 2.4405 57 48.81 2010
Something Borrowed Romance Independent 1.719514286 60.183 2011
Tangled Animation Disney 88 1.365692308 89 355.08 2010
The Back-up Plan Comedy CBS 47 2.202571429 20 77.09 2010
The Curious Case of Benjamin Button Fantasy Warner Bros. 81 1.78394375 73 285.431 2008
The Duchess Drama Paramount 68 3.207850222 60 43.305978 2008
The Heartbreak Kid Comedy Paramount 41 2.129444167 30 127.76665 2007
The Invention of Lying Comedy Warner Bros. 47 1.751351351 56 32.4 2009
The Proposal Comedy Disney 74 7.8675 43 314.7 2009
The Time Traveler's Wife Drama Paramount 65 2.598205128 38 101.33 2009
The Twilight Saga: New Moon Drama Summit 78 14.1964 27 709.82 2009
The Ugly Truth Comedy Independent 68 5.402631579 14 205.3 2009
Twilight Romance Summit 82 10.18002703 49 376.661 2008
Twilight: Breaking Dawn Romance Independent 68 6.383363636 26 702.17 2011
Tyler Perry's Why Did I get Married Romance Independent 47 3.7241924 46 55.862886 2007
Valentine's Day Comedy Warner Bros. 54 4.184038462 17 217.57 2010
Waiting For Forever Romance Independent 53 0.005 6 0.025 2011
Waitress Romance Independent 67 11.0897415 89 22.179483 2007
WALL-E Animation Disney 89 2.896019067 96 521.283432 2008
Water For Elephants Drama 20th Century Fox 72 3.081421053 60 117.094 2011
What Happens in Vegas Comedy Fox 72 6.267647029 28 219.367646 2008
When in Rome Comedy Disney 44 15 43.04 2010
You Will Meet a Tall Dark Stranger Comedy Independent 35 1.211818182 43 26.66 2010
Youth in Revolt Comedy The Weinstein Company 52 1.09 68 19.62 2010
Zack and Miri Make a Porno Romance The Weinstein Company 70 1.747541667 64 41.941 2008
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In the change over time visualization section, participants were asked to choose 

their preferred type of visualization to represent data on the number of mass shootings. 

The data on the number of mass shootings in the United States from 1980 to 2021 was 

used to create visualizations in the change over time visualization section of the 

questionnaire. The data on mass shootings may have been used to explore trends or 

patterns in the incidence of mass shootings over time, such as any changes in frequency 

or severity, analyzed in conjunction with other variables, such as the location or motive 

for the shootings, to gain a more comprehensive understanding of this issue and to 

inform policy or advocacy efforts related to gun violence prevention. 

 

Figure 3.5 Change Over Time Visualization Data.  

Sources from Statista.com 

Participants were invited to pick their favorite visualization methods to depict 

data on the number of World Cup victories for eight different nations in the comparative 

visualization section: England, Italy, France, Brazil, Argentina, Germany, Spain, and 

Uruguay. The data on World Cup victories may have been used to investigate patterns 

or trends in various nations' performance in this international football competition, such 

as the dominance of specific countries or the rise and fall of different teams over time. 

To acquire a more full knowledge of the World Cup, the comparative visualizations 

may have been evaluated in combination with other factors such as the performance of 

particular players or the tactics utilized by various teams. 
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Table 3.1 Comparison visualization. The number of World Cups won by FIFA. 

Country Number of World Cup win 

Argentina 2 

Brazil 5 

England 1 

France 2 

Germany 4 

Italy 4 

Spain 1 

Uruguay 2 

In the storytelling styles preferences section, participants were asked to choose 

their preferred type of visual storytelling design. This may have included various 

options for the layout, organization, and presentation of information in a visual format, 

such as using charts, graphs, maps, or infographics. The selected storytelling styles may 

have been used to communicate complex or nuanced information in a more engaging 

and accessible way or to highlight specific patterns or trends in the data. 

The author completed the design on the Canva website in the context of the 

current study, which used the magazine style. The information for the magazine-style 

presentation was from the World Health Organization’s website, with the focus being 

on the global COVID-19 pandemic. 
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Figure 3.6 Magazine Style Visual Type.  

The image was created by the author and the information in the image was obtained 

from the World Health Organization (WHO) website. 

A flowchart-infographic is a visual representation that incorporates components 

from both flowcharts and infographics. Flowcharts employ boxes and arrows to 

illustrate the flow of information inside a system or process, while infographics use 

graphic visualizations to communicate data or information in a succinct and correct 

manner (Aydin & Cam, 2020). 

In the present investigation, a flowchart-infographic depicting the connections 

between several characters was built utilizing material from the 1983 film Star Wars: 

Return of the Jedi. The author created the flowchart-infographic, which included 

endnotes and summary boxes, which are annotated charts that give extra context and 

explain the information provided in the graphs. Smith, Lee, and Kazi (2013).  
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Figure 3.7 Flowchart-Infographic Visualization of Star Wars Characters’ 

Relationship. The image is an original design by the author. 

In this research, the author designed the partitioned poster, and the contents were 

taken from the equilibrium concept. 
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Figure 3.8 Visualization of Partition Equilibrium.  

The image is an original design by the author. 

The data for the annotated chart was taken from Statista.com and showed the 

unemployment rate in the United States from 2000-2020. 

 
Figure 3.9 Annotated Chart Visualization of the US Unemployment Rate.  

The image is an original design by the author 
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The comics and animation used in this research are based on information about 

China's investments in India over the years. The illustrations for the comic and 

animation were created using drawing software and designed by the author. 

 

Figure 3.10 Comic and Animation Visualization Type of China Investment in 

India. The image is an original design by the author. 

3.6 CONTENT VALIDATION AND RELIABILITY 

The questionnaire used to gather information on user preferences for visualization types 

was divided into two categories: information visualization and storytelling techniques. 

The items included in the questionnaire were based on a review of relevant literature 

and adapted from an existing questionnaire created by Gonc et al. (2020). 
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Figure 3.11 The Flowchart of Development and Validation of User Preferences on 

Visualization and Storytelling Techniques Questionnaire. 

The process of developing and validating the User Preference on Visualization 

and Storytelling questionnaire, which aims to investigate the relationship between 

personality traits and user preferences for visualization types in terms of effective, 

efficient, and meaningful visualization and storytelling, is depicted in Figure 1. The 

questionnaire was modified from one produced by Gonc et al. (2020), which focused 

on the influence of user preferences on the usage of idioms in the hierarchy, their 
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progression over time, and comparative settings (Gonc, Alves, Ramalho, & Gama 

2020). The questionnaire also contained a section on several styles of narrative 

visualization. 

The poll contained visual samples of several design styles, which were 

organized into categories. Participants were asked to read the questions and then use a 

7-point Likert scale to indicate their preferences for each design type, with 1 being the 

lowest and 7 being the greatest. 

3.6.1 Validity Test 

The content validity index (CVI) and inter-rater reliability tests were conducted on each 

item in the questionnaire to assure its accurate and adequate measurement of the 

intended notion. The concept of content validity pertains to the degree to which a 

measurement tool encompasses a representative subset of the overall domain of the 

specific attribute being assessed (Venkitachalam, 2003). In order to assess the content 

validity of the questionnaire, a panel consisting of seven specialists specializing in data 

analysis and visualization from both academic and industrial backgrounds was 

convened. The experts assessed the pertinence and inclusiveness of each topic using a 

Likert scale that ranged from 0 (indicating lack of relevance) to 4 (indicating high 

relevance). The questionnaire underwent revision in accordance with the suggestions 

provided by the panel, and subsequent analysis of the panel's raw scores was conducted 

using Microsoft Excel. The researchers manually computed the item-level content 

validity index (I-CVI), scale-level content validity index (S-CVI), universal agreement 

calculation method (S-CVI/UA), and averaging calculation methodology (S-CVI/Ave) 

in order to assess the overall content validity of the questionnaire. 

Ebeling and Nitzl (2019) argue that content validity has significant importance 

in the context of measuring instruments, since it guarantees the true representation of 

the intended notion. Prior to using the instrument for data collection, it is vital to verify 

content validity, as it serves to guarantee the reliability and validity of the obtained 

findings (Messick, 1989). 

The content validity index (CVI) may be categorized into two distinct types: 

item-level CVI (I-CVI) and scale-level CVI (S-CVI). There are two ways available for 
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calculating the Scale Content Validity Index (S-CVI). The first approach involves 

obtaining the average of the Item Content Validity Index (I-CVI) scores for all items on 

the scale, which is referred to as S-CVI/Ave. The second method involves determining 

the percentage of items on the scale that get a relevant value of 3 or 4 from all experts, 

known as S-CVI/UA (Yusoff, 2019). In order to compute the CVI, it is necessary to 

document the relevance ratings as either 1 (indicating a relevance scale of 3 or 4) or 0 

(indicating no relevance, on a relevance scale of 1 or 2) (Mohamad Marzuki et al., 

2018). The data presentation takes into account both individual item judgements and 

the average of each item. The inclusion of the supplementary calculation for universal 

agreement serves to evaluate the degree of consistency among raters, known as inter-

rater dependability. The calculation of S-CVI/Ave may be performed by using the 

following formulas: 

I-CVI = (agreed item) / (number of raters) 

S-CVI/Ave = (summation of all I-CVI) / (number of items) 

There are two ways to calculate S-CVI/Ave. The first method entails adding up 

all I-CVI values and dividing them by the number of elements. The second method is 

to compute the average percentage of agreement for each rater. S-CVI/UA is determined 

by dividing the total number of items in the domain by the number of things with 100% 

agreement. According to Mohamad Marzuki et al. (2018), for a measuring instrument 

to be regarded satisfactory in terms of content validity, it must attain at least 80% 

agreement. 

The constancy of a measurement device over time is referred to as its reliability. 

It assesses how well an instrument score represents an individual's genuine talents or 

qualities (Price, Jhangiani, & Chiang, 2015). For example, if a set of students regularly 

performs well on two English language exams given by the same teacher over the course 

of a term, this would imply that the test questions are reliable assessments of the 

students' English language ability. In other words, the student's test results are a good 

predictor of their genuine English language ability. 

Reliability testing is essential because it evaluates the consistency of items 

inside a measuring device (Huck, 2007). The scale is considered to have strong internal 
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consistency and reliability if the items on it measure the same concept and are 

consistently connected to each other. The Cronbach's Alpha coefficient is the most often 

used internal consistency metric. Cronbach's Alpha is regarded as the best acceptable 

measure of reliability when employing a Likert scale (Taherdoost, 2018). This test 

entails computing the average of all correlations between all conceivable combinations 

of the instrument's divided halves. This exam may use instruments with multiple-choice 

questions. Cronbach's Alpha is a number between 0 and 1, with 0.7 deemed good (Heale 

& Twycross, 2015). 

The questionnaire's content validity was tested from July 5th to July 14th, 2021. 

For the testing, seven specialists were recruited: four from business and three from 

academics. Initially, 15 specialists were sought, but only seven accepted the offer. For 

content validation, the non-face-to-face technique was employed, which included 

giving an online content validation form to the experts along with explicit instructions 

to aid the procedure. When a systematic follow-up is in place to raise the response rate 

and duration, the non-face-to-face technique may be extremely efficient (Yusoff, 2019). 

An online poll was used to conduct the expert evaluation procedure. 

The questionnaire has 39 questions. The validation form contained instructions 

and a grading scale to assist verify that the intended respondents (the panel of experts) 

understood the questionnaire and had clear expectations for completing it. 

 
Figure 3.12 The Validation Form for the Experts 
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After reviewing the domain and items, the experts provided scores for each item 

individually using the provided scale. Once all items had been scored, the experts 

submitted their responses to the researcher. The results of the content validation process 

are presented below. 

 
Figure 3.13 The Original Content Validation Data 

Based on the data presented, it appears that the questionnaire did not meet the 

threshold for content validity. The acceptable value of 0.83 for a panel of six to eight 

experts according to Lynn (1986) is below the S-CVI/Ave score of 0.79. To improve 

the content validity of the questionnaire, the researcher removed the sections on colors 

(items 7-9) and storytelling tactics (items 32–34), resulting in an improved CVI score 

of 0.84. 

Item/Expert Expert 1 Expert 2 Expert 3 Expert 4 Expert 5 Expert 6 Expert 7 Expert in Agreement I-CVI UA
Q1 1 1 1 1 0 1 1 6 0.86 0
Q2 1 1 1 1 1 1 1 7 1 1
Q3 1 1 1 1 1 1 1 7 1 1
Q4 1 1 1 1 0 1 1 6 0.86 0
Q5 1 1 1 1 0 1 1 6 0.86 0
Q6 1 1 1 1 1 1 1 7 1 1
Q7 0 1 1 0 1 0 0 3 0.43 0
Q8 1 0 1 0 0 1 0 3 0.43 0
Q9 0 1 0 1 0 0 0 2 0.29 0
Q10 1 1 1 1 1 0 0 5 0.71 0
Q11 1 1 0 1 0 1 1 5 0.71 0
Q12 1 1 0 1 0 1 1 5 0.71 0
Q13 1 1 1 1 0 1 1 6 0.86 0
Q14 1 1 1 1 1 1 1 7 1 1
Q15 1 1 1 1 0 0 1 5 0.71 0
Q16 1 1 0 1 1 1 1 6 0.86 0
Q17 1 1 1 1 0 1 1 6 0.86 0
Q18 1 1 1 0 0 0 1 4 0.57 0
Q19 1 1 1 0 0 0 1 4 0.57 0
Q20 1 1 1 1 0 0 1 5 0.71 0
Q21 1 1 1 1 0 1 1 6 0.86 0
Q22 1 1 1 1 0 1 1 6 0.86 0
Q23 1 1 1 1 1 0 1 6 0.86 0
Q24 1 1 0 1 0 1 1 5 0.71 0
Q25 1 1 0 1 1 1 1 6 0.86 0
Q26 1 0 1 1 1 1 1 6 0.86 0
Q27 1 1 1 1 1 1 1 7 1 1
Q28 1 1 1 1 0 1 1 6 0.86 0
Q29 1 1 1 1 1 1 1 7 1 1
Q30 1 1 1 1 1 1 1 7 1 1
Q31 1 1 1 1 1 1 1 7 1 1
Q32 1 0 1 1 1 1 1 6 0.86 0
Q33 0 1 0 0 0 1 1 3 0.43 0
Q34 1 1 0 1 0 0 1 4 0.57 0
Q35 1 1 1 1 0 1 1 6 0.86 0
Q36 1 1 1 1 1 1 1 7 1 1
Q37 1 1 1 1 0 0 0 4 0.57 0
Q38 1 1 1 1 0 0 1 5 0.71 0
Q39 1 1 1 1 0 1 1 6 0.86 0

Propotion Relevance 0.92 0.92 0.79 0.87 0.41 0.72 0.87 S-CVI/Ave 0.79
Sum of Proportion 5.5 S-CVI/UA 0.230769
S-CVI/Ave 0.79



61 

 
Figure 3.14 The New Data After Removing Not Relevant Sections 

3.6.2 Reliability Test 

Reliability testing was carried out with the help of 12 target users who completed the 

questionnaire online through a URL link. The majority of the intended users were 

Malaysian university students with at least a bachelor's degree. 

  

Item/Expert Expert 1 Expert 2 Expert 3 Expert 4 Expert 5 Expert 6 Expert 7 Expert in Agreement I-CVI UA
Q1 1 1 1 1 0 1 1 6 0.86 0
Q2 1 1 1 1 1 1 1 7 1 1
Q3 1 1 1 1 1 1 1 7 1 1
Q4 1 1 1 1 0 1 1 6 0.86 0
Q5 1 1 1 1 0 1 1 6 0.86 0
Q6 1 1 1 1 1 1 1 7 1 1
Q10 1 1 1 1 1 0 0 5 0.71 0
Q11 1 1 0 1 0 1 1 5 0.71 0
Q12 1 1 0 1 0 1 1 5 0.71 0
Q13 1 1 1 1 0 1 1 6 0.86 0
Q14 1 1 1 1 1 1 1 7 1 1
Q15 1 1 1 1 0 0 1 5 0.71 0
Q16 1 1 0 1 1 1 1 6 0.86 0
Q17 1 1 1 1 0 1 1 6 0.86 0
Q18 1 1 1 0 0 0 1 4 0.57 0
Q19 1 1 1 0 0 0 1 4 0.57 0
Q20 1 1 1 1 0 0 1 5 0.71 0
Q21 1 1 1 1 0 1 1 6 0.86 0
Q22 1 1 1 1 0 1 1 6 0.86 0
Q23 1 1 1 1 1 0 1 6 0.86 0
Q24 1 1 0 1 0 1 1 5 0.71 0
Q25 1 1 0 1 1 1 1 6 0.86 0
Q26 1 0 1 1 1 1 1 6 0.86 0
Q27 1 1 1 1 1 1 1 7 1 1
Q28 1 1 1 1 0 1 1 6 0.86 0
Q29 1 1 1 1 1 1 1 7 1 1
Q30 1 1 1 1 1 1 1 7 1 1
Q31 1 1 1 1 1 1 1 7 1 1
Q35 1 1 1 1 0 1 1 6 0.86 0
Q36 1 1 1 1 1 1 1 7 1 1
Q37 1 1 1 1 0 0 0 4 0.57 0
Q38 1 1 1 1 0 0 1 5 0.71 0
Q39 1 1 1 1 0 1 1 6 0.86 0

Propotion Relevance 1 0.97 0.85 0.94 0.42 0.76 0.94 S-CVI/Ave 0.84
Sum of Proportion 5.88 S-CVI/UA 0.272727
S-CVI/Ave 0.84
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Table 3.2 Listwise Deletion Based on All Variables in the Procedure. 

  N % 

Cases Valid 12 100.0 

 Excludeda 0 .0 

 Total 12 100.0 

Table 3.3 Cronbach’s Alpha value 

Cronbach's Alpha N of Items 

.910 33 

Table 3.4 Item Statistics 

 Mean 
Std. 

Deviation N 

1. Arial 6.08 1.165 12 

2. Calibri 5.58 1.443 12 

3. Calibri Light 5.08 1.782 12 

4. Small font size 3.08 1.505 12 

5. Medium font size 4.33 1.303 12 

6. Large font size 5.58 1.165 12 

10. Button with icon only. 4.17 1.697 12 

11. Button with text 4.58 1.084 12 

12. Button with icon and with text 4.42 1.881 12 

13. Low density 4.75 1.545 12 

14. Average density 5.00 1.206 12 



63 

 Mean 
Std. 

Deviation N 

15. High density 5.08 1.443 12 

16. Top position of the navigation bar 5.33 1.497 12 

17. Bottom position of the navigation bar 4.50 1.834 12 

18. Right position of the navigation bar 3.75 2.006 12 

19. Left position of the navigation bar 3.67 1.826 12 

20. Representation through a Treemap. 4.83 1.115 12 

21. Representation through a Circular 
Packing diagram. 4.58 1.240 12 

22. Representation through a Sunburst. 4.83 1.992 12 

23. Representation through a Radial diagram 3.83 1.850 12 

24. Representation through a Line chart. 4.58 .900 12 

25. Representation through a Line chart, with 
points. 4.92 1.782 12 

26. Representation through an Area chart. 5.08 1.621 12 

27. Representation through a Radar chart 5.25 1.288 12 

28. Representation through a Word Cloud 4.67 1.435 12 

29. Representation through a horizontal bar 
chart 4.83 .937 12 

30. Representation through a vertical bar 
chart 5.33 .985 12 

31. Representation through a Pie Chart. 5.33 1.723 12 

36. Magazine Style 5.17 .937 12 

37. Annotated Chart 5.25 1.485 12 

38. Flowchart-Infographic 5.67 1.155 12 

39. Partitioned Poster 4.75 1.288 12 

40. Comic &amp; Animation 5.58 .996 12 
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Table 3.5 Total Items Statistics 

 

Scale Mean 
if Item 
Deleted 

Scale 
Variance if 

Item Deleted 

Corrected 
Item-Total 
Correlation 

Cronbach's 
Alpha if 

Item Deleted 

1. Arial 153.42 559.356 .794 .904 

2. Calibri 153.92 549.902 .775 .903 

3. Calibri Light 154.42 527.902 .896 .900 

4. Small font size 156.42 584.083 .249 .911 

5. Medium font size 155.17 584.515 .290 .910 

6. Large font size 153.92 578.992 .430 .908 

10. Button with icon 
only. 

155.33 637.152 -.415 .922 

11. Button with text 154.92 575.356 .537 .907 

12. Button with icon 
and with text 155.08 546.447 .619 .905 

13. Low density 154.75 573.659 .384 .909 

14. Average density 154.50 570.636 .562 .907 

15. High density 154.42 554.265 .708 .904 

16. Top position of 
the navigation bar 154.17 561.424 .575 .906 

17. Bottom position 
of the navigation bar 155.00 558.909 .486 .908 

18. Right position of 
the navigation bar 155.75 538.932 .660 .904 

19. Left position of 
the navigation bar 

155.83 553.242 .557 .906 

20. Representation 
through a Treemap. 154.67 587.697 .287 .910 

21. Representation 
through a Circular 
Packing diagram. 

154.92 580.083 .382 .909 
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Scale Mean 
if Item 
Deleted 

Scale 
Variance if 

Item Deleted 

Corrected 
Item-Total 
Correlation 

Cronbach's 
Alpha if 

Item Deleted 

22. Representation 
through a Sunburst. 

154.67 546.788 .576 .906 

23. Representation 
through a Radial 
diagram 

155.67 537.515 .740 .903 

24. Representation 
through a Line chart. 

154.92 576.629 .625 .907 

25. Representation 
through a Line chart, 
with points. 

154.58 561.720 .468 .908 

26. Representation 
through an Area 
chart. 

154.42 545.174 .748 .903 

27. Representation 
through a Radar chart 154.25 568.568 .557 .907 

28. Representation 
through a Word 
Cloud 

154.83 598.152 .060 .914 

29. Representation 
through a horizontal 
bar chart 

154.67 597.697 .128 .911 

30. Representation 
through a vertical bar 
chart 

154.17 596.152 .153 .911 

31. Representation 
through a Pie Chart. 154.17 558.879 .523 .907 

36. Magazine Style 154.33 569.697 .757 .906 

37. Annotated Chart 154.25 561.841 .574 .906 

38. Flowchart-
Infographic 153.83 591.606 .205 .911 

39. Partitioned Poster 154.75 590.023 .204 .911 
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Scale Mean 
if Item 
Deleted 

Scale 
Variance if 

Item Deleted 

Corrected 
Item-Total 
Correlation 

Cronbach's 
Alpha if 

Item Deleted 

40. Comic &amp; 
Animation 

153.92 585.902 .364 .909 

IBM SPSS was used to perform the reliability analysis. Table 3.1 presents the 

outcomes of listwise deletion, demonstrating the impact of removing cases with missing 

values across all variables in the research procedure. In Table 3.2, Cronbach's Alpha 

values are showcased, providing an indication of the internal consistency reliability of 

the research instrument. Table 3.3 delves into the item statistics, offering insights into 

the performance of individual items in the research instrument and their contribution to 

overall reliability. Table 3.4 outlines the total-items statistic, summarizing key 

reliability metrics and providing a comprehensive view of the overall reliability of the 

research instrument. The questionnaire is trustworthy, according to Table 3.2, with a 

Cronbach's Alpha value of 0.91 for 33 questions, which is more than the minimum 

acceptable value of 0.7 (Mohamad Marzuki et al., 2018; Taherdoost, 2018; 

Venkitachalam, 2003). Finally, the researcher employed content validity to evaluate the 

questionnaire and Cronbach's Alpha to assess its reliability. The questionnaire was 

confirmed to be valid after being revised based on the content validation findings, with 

a CVI value of 0.84, which satisfies the acceptable CVI value of 0.83. The questionnaire 

was also determined to be trustworthy, with a Cronbach's Alpha score of 0.91, which is 

more than the acceptable threshold of 0.7. 

3.7 PILOT STUDY 

A pilot test was carried out on June 7, 2021, utilizing the WhatsApp programme. The 

researcher created a WhatsApp group and all instructions were given there. The pilot 

test entailed administering a small-scale version of the full survey to eight persons aged 

25 and above from various origins, education levels, and genders. The researcher sent 

the survey link through a WhatsApp group and discussed the project's goals and 

processes, as well as the quantity of participants required for the study. 
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The individuals were asked to participate in the research and given enough time 

to determine whether or not to participate. They were then given the questionnaire, 

which sought information on personality characteristics and user preferences in 

information visualization and narrative reporting visualization forms. The measuring 

instrument (a questionnaire) asked participants to complete it on their own. The 

questionnaire's comprehensibility, appropriateness, and consistency of question 

wording and presentation were also reviewed throughout the pilot test. 

There were three components to the questionnaire: user context, information 

visualization, and narrative. The questionnaire took participants an average of 10-15 

minutes to complete, with one person spending 20 minutes. All feedback from the pilot 

test were taken into account, and problems were fixed. 

Some participants gave comments and recommendations for enhancing the 

questionnaire during the pilot test. The size of the check boxes on the personality test 

was complained about by four out of eight participants, and it was suggested that the 

questionnaire be completed on a computer rather than a mobile device for a better 

experience. The directions for filling in scores were perplexing to all participants, thus 

the researcher changed the format from adding scores to picking a range for personality 

ratings. Participants were asked to choose which groups their scores belonged to after 

obtaining their results for each personality trait and aspect. One participant complained 

that the questionnaire (which included both the personality test and questions on user 

preferences) had too many questions. 

 
Figure 3.15 The New Format of the Score 
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3.8 SURVEY COLLECTION PROCEDURES 

The survey was carried out online with the use of a web-based survey application. This 

approach will describe how to recruit participants, distribute the survey, and manage 

the data gathering process. 

This survey's participants were drawn from a pool of undergraduate students 

from a nearby institution. Social media platforms such as Facebook, Twitter, Telegram, 

and WhatsApp are used in the recruiting process. The proper survey instrument was 

employed, which enables for online data gathering. The authors additionally verified 

that the survey was operational and that all questions were legitimate. 

The survey tool's gathered replies were exported into a spreadsheet. The 

information was validated for completeness and correctness. This document's online 

survey collecting technique is intended to verify that the data obtained is trustworthy 

and legitimate. The authors expect that by following these protocols, they can reduce 

possible sources of bias and guarantee that the data obtained delivers relevant insights 

into this study.. 

3.9 DATA ANALYSIS PROCEDURES 

The Statistical Package for the Social Sciences (SPSS) was used to analyze the data 

gathered in this research. Pearson's correlation approach was utilized to investigate the 

association between personality traits and user preferences. This approach is often used 

to evaluate the strength and direction of linear relationships between two continuous 

variables (Field, 2009). The degree to which personality traits were connected to user 

preferences might be determined using Pearson's correlation approach. It should be 

noted that Pearson's correlation approach is best suited when the variables under 

consideration are continuous and regularly distributed (Hinkle, Wiersma, & Jurs, 1988). 

Furthermore, Pearson's correlation coefficient is susceptible to the existence of outliers, 

which may affect the analysis's conclusions (Zhang & Ying, 2011). To solve this 

problem, it may have been essential to eliminate extreme scores or alter the data in order 

to limit the impact of outliers (Zhang & Ying, 2011). 
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The descriptive analysis approach was then used to get a better understanding 

of the link between personalities, information visualization, and narrative preferences. 

The purpose of descriptive statistics was to identify the mean and standard deviation of 

each variable and to investigate variations in personality and visualization kinds (Russo 

& Stol, 2020). At this point, a correlation between the variables was also evaluated to 

assess the degree and direction of any relationships. Descriptive analysis may give 

useful insights into the properties of the data and the connections between variables, 

which can help understand the findings and lead additional research (Russo & Stol, 

2020). 

Following the completion of the descriptive study, frequency and chi-square 

analyzes were performed to better understand the link between personalities, 

information visualization, and narrative preferences. Frequency analysis, which entails 

counting the number of occurrences of each category or value inside a variable, may 

give insights into the data's distribution and relative proportions (Field, 2009). Chi-

square analysis, on the other hand, is used to examine the link between two categorical 

variables and may reveal if the variables have a significant correlation (Field, 2009). 

Both frequency analysis and chi-square analysis may give useful insights into the 

properties of the data and the connections between variables, which can help understand 

the findings and lead additional study (Field, 2009). 

3.10 ETHICAL CONSIDERATION 

The participants were given information about the research both verbally and in writing, 

and their participation was entirely voluntary. The research only included students who 

provided informed consent. The surveys for the FFM and user preferences were 

conducted anonymously. The participants had the option to leave the study at any time. 

3.11 CHAPTER CONCLUSION 

This chapter outlines the methodological aspects of this study, including the design of 

the research, the population, the study sample, the data collection process, the data 

analysis, and the ethical considerations. 
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CHAPTER FOUR 

RESULTS 

4.1 INTRODUCTION 

This chapter covers the results of the data analysis, which is divided into four sections. 

The first section discusses the questionnaire's validity and reliability. The pilot study is 

discussed in the second section. The third section explains the data gathering procedure, 

while the last section offers data analysis techniques such as correlation and descriptive 

statistics. 

4.2 DATA ANALYSIS 

4.2.1 Frequency Analysis 

Frequency analysis was used to view the demographic distribution of the personalities 

and the visual designs. Frequency analysis is used to predict how often certain values 

of a variable phenomenon may occur and to assess the reliability of the predictions 

(Oosterbaan, 2002). Frequency analysis is useful to see the class division for each piece 

of data presented (Sutrisno et al., 2020). 

According to the figure 4.1, the majority of the individuals exhibit low or 

moderate extraversion. People with low extraversion tend to be more reserved and 

consider things over before speaking. Low and moderate scores had 36 and 35 

frequencies. With 4 frequencies the lowest score is extremely strong extraversion.  
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Figure 4.1 Horizontal Bar of Extraversion Personality Trait 

In figure 4.2, individuals with moderate to high agreeableness ratings is the 

highest number. People with a high agreeableness score care deeply about other people 

and love assisting and contributing to their pleasure. Both moderate and high scores had 

35 frequencies. With 9 frequencies, the lowest agreeableness score is quite high. 

 
Figure 4.2 Horizontal Bar of Agreeableness Personality Trait 

According to the figure 4.3, the highest number of participants have a high 

conscientiousness score with 36 frequencies. People with a high level of 
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conscientiousness tend to be organized and mindful of details. A very high 

conscientiousness score is the lowest, with 10 frequencies. 

 

Figure 4.3 Horizontal Bar of Conscientiousness Personality Trait 

Figure 4.4 reveals that the highest number of individuals had a moderate 

neuroticism score of 39 frequency points. Sadness, moodiness, and emotional instability 

are characteristics of neuroticism. In terms of emotions and mental health, the 

participants are fairly balanced. A very low neuroticism score is the lowest, with 4 

frequencies. 

 
Figure 4.4 Horizontal Bar of Neuroticism Personality Trait 
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The highest number of individuals had a low openness score with 29 

frequencies, as shown in Figure 4.5. Participants with low openness detest change and 

are resistant to new ideas. With 16 frequencies the lowest openness score is quite high. 

 

Figure 4.5 Horizontal Bar of Openness Personality Trait 

Figure 4.6 show the highest number of the individual’s exhibit moderate to low 

extraversion, moderate to high agreeableness, high conscientiousness, moderate 

neuroticism, and low openness. The findings indicate that the individuals are more 

guarded towards themselves and prefer a life of seclusion. They are also resistive to 

new ideas and usually oppose them. They do, however, like assisting those in need and 

have empathy and compassion for others. They are also thoughtful, have strong impulse 

control, and engage in goal-directed behavior. They also have a moderate emotional 

capability. Their mood may change significantly based on the day and their state of 

mind, making them a realist. Figure 4.7 show the lowest frequency of the personality 

among the participants. 
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Figure 4.6 Highest Frequencies for Each Personality. 

 
Figure 4.7 Lowest Frequencies for Each Personality. 

Figure 4.8 shows that the majority of participants chose the highest preference 

using Arial font with a 30 frequency, while somewhat preferring options with a 29 

frequency, which comes in second. With 3 frequencies, the lowest preferences and low 

preferences are the least popular options. 
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Figure 4.8 Vertical bar of Arial Font 

 

Figure 4.9 Image of Arial font 

Figure 4.10 reveals that the majority of participants (33 frequencies) prefer the 

Calibri typeface. The low preference choice has the lowest frequency, only 1 out of all 

participants picking it.  
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Figure 4.10 Vertical bar of Calibri Font 

 

Figure 4.11 Image of Calibri font 

 

According to Figure 4.12, the majority of participants used Calibri Light at 33 

frequencies to choose their top choices. The choice with the lowest preferences is the 

least popular. 
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Figure 4.12 Vertical bar of Calibri Light Font 

 

Figure 4.13 Image of Calibri Light font 

Figure 4.11 shows that the majority of participants chose low preferences using 

small font sizes with 34 frequencies. High preferences and highest preferences options 

are the least popular, with only six frequencies each. 
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Figure 4.14 Vertical bar of Small Font Size 

 

Figure 4.15 Image of small font 

Figure 4.16 demonstrates that the majority of participants picked fairly low 

preferences with a 28 frequency using a medium text size. With a frequency of 5 

respectively, the alternatives of low preferences and lowest preferences are the least 

popular. 
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Figure 4.16 Vertical bar of Medium Font Size 

 

Figure 4.17 Image of Medium Font Size 
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Figure 4.18 shows that the majority of participants (32 percent) chose the largest 

font sizes. With 3 frequencies, the reject and lowest preference options are the least 

popular.  

 
Figure 4.18 Vertical Bar of Big Font Size 

 

Figure 4.19 Image of Big Font Size 
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Figure 4.20 shows the majority of participants selecting the greatest preference 

choice using buttons with 25 frequencies. The lowest preference alternatives are the 

least prevalent, with a frequency of 7 respectively.  

 
Figure 4.20 Vertical Bar of a Button with Icons 

 

Figure 4.21 Image of Button with Icons 

Figure 4.22 reveals that the majority of participants had no preference for 

utilizing simply text buttons at 24 frequencies. However, with 23 frequencies each, 

alternatives with relatively high preferences, high preferences, and highest preferences 

are second in number. With three occurrences of all participants, the low preference 

choice is the least prevalent. 
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Figure 4.22 Vertical Bar of a Button with Text 

 

Figure 4.23 Image of Button with Text 

According to Figure 4.16, the majority of participants (41 frequencies) selected 

the greatest preferences using buttons with icons and text. The fairly low preference 

choice is the least popular, with a frequency of 5. 
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Figure 4.24 Vertical Bar of a Button with Icon and Text 

 

Figure 4.25 Image of Button with Icon and Text 

Figure 4.26 shows that the majority of the participants have no preferences for 

using low-density information with 27 frequencies. However, the somewhat high 

preference option comes in second with 26 frequencies. Lowest preferences and low 

preference options are the least with 5 frequencies. 
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Figure 4.26 Vertical Bar of Low-Density Information 

 

Figure 4.27 Image of Low-Density Information 

According to Figure 4.28, the majority of participants, prefer utilizing average 

density information with 35 frequencies. The lowest preference alternatives are the least 

common, accounting for only 1 participant. 
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Figure 4.28 Vertical Bar of Average-Density Information 

 

Figure 4.29 Image of Average-Density Information 

 

Figure 4.30 shows that the majority of the participants, neither reject nor prefer 

using high-density information with 20 frequencies. However, high- and low-

preference options come in second with 19 frequencies. The lowest preference is the 

least, with 8 frequencies. 
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Figure 4.30 Vertical Bar of High-Density Information 

 

Figure 4.31 Image of High-Density Information 

Figure 4.20 shows that the majority of the participants, chose the highest 

preferences using the top position of the navigation bar with 45 frequencies. Low 

preferences are the least common, with 3 frequencies. 
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Figure 4.32 Vertical Bar of the Top Position of the Navigation Bar 

 

Figure 4.33 Image of Top Position of the Navigation Bar 

Figure 4.34 shows that the majority of the participants, chose high preferences 

using the bottom position of the navigation bar with 23 frequencies. Low preferences 

are the least common, with 10 frequencies. 
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Figure 4.34 Vertical Bar of the Bottom Position of the Navigation Bar 

 

Figure 4.35 Image of Bottom Position of the Navigation Bar 

According to figure 4.36, the majority of participants, selected the lowest 

preferences utilizing the right position of the navigation bar with 39 frequencies. With 

7 frequencies the highest preference is the least. 
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Figure 4.36 Vertical Bar of the Right Position of the Navigation Bar 

 

Figure 4.37 Image of Right Position of the Navigation Bar 

Figure 4.38 shows that the majority of the participants, chose the lowest 

preferences using the left position of the navigation bar with 31 frequencies. Somewhat 

high preferences are the least with 5 frequencies. 



90 

 
Figure 4.38 Vertical Bar of the Left Position of the Navigation Bar 

 

Figure 4.39 Image of Left Position of the Navigation Bar 

Figure 4.40 demonstrates that utilizing a Treemap with 22 frequencies, the 

majority of participants, selected rather high preferences. With 11 frequencies, those 

with quite low preferences are the fewest. 
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Figure 4.40 Vertical Bar of the Tree Map 

 

Figure 4.41 Image of Tree Map 

According to Figure 4.42, the majority of participants, selected high preferences 

using the circular packing model with 24 frequencies. The somewhat higher preference 

choice, on the other hand, comes in second with 23 frequencies. Low preferences are 

the least prevalent, accounting for 4 frequencies. 
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Figure 4.42 Vertical Bar of a Circular Packing 

 

Figure 4.43 Image of Circular Packing 
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Figure 4.44 shows that the majority of the participants, chose somewhat high 

preferences using Sunburst with 28 frequencies. Low preferences are the least with 8 

frequencies. 

 
Figure 4.44 Vertical Bar of Sunburst 

 

Figure 4.45 Image of Sunburst 
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Figure 4.46 shows that the majority of the participants, chose the lowest 

preferences using a Radial diagram with 24 frequencies. The highest preference is the 

least, with 6 frequencies. 

 
Figure 4.46 Vertical Bar of a Radial Diagram 

 

Figure 4.47 Image of Radial Diagram 
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Figure 4.48 shows that the majority of the participants, chose somewhat high 

preferences using a line chart with 30 frequencies. The lowest preference is the least 

with a frequency. 

 
Figure 4.48 Vertical Bar of a Line Chart 

 

Figure 4.49 Image of Line chart 
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Figure 4.50 demonstrates that utilizing a line chart with points with 31 

frequencies, picked rather high preferences. The least preferred option has 5 

frequencies. 

 
Figure 4.50 Vertical Bar of a Line Chart with Points 

 

Figure 4.51 Image of Line Chart with Points 
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Figure 4.52 shows that the majority of the participants, chose high preferences 

using an area chart with 26 frequencies. However, the highest preference option comes 

in second with 25 frequencies. Low preference is the least with 4 frequencies. 

 
Figure 4.52 Vertical Bar of Area Chart 

 

Figure 4.53 Image of Area Chart 
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Figure 4.54 shows that the majority of the participants, 27.7% of the total group, 

chose somewhat high preferences using a radar chart with 31 frequencies. Low 

preference is the least with 4 frequencies and 3.6% of the total participants. 

 
Figure 4.54 Vertical Bar of Radar Chart 

 

Figure 4.55 Image of Radar Chart 
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Figure 4.56 shows that the majority of the participants, chose the lowest 

preferences using a word cloud with 27 frequencies. The highest preference is the least, 

with 6 frequencies. 

 
Figure 4.56 Vertical Bar of a Word Cloud 

 

Figure 4.57 Image of Word Cloud 
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Figure 4.58 shows that the majority of the participants, chose the highest 

preferences using the horizontal bar chart with 36 frequencies. The low preference is 

the least, with 0 frequencies. 

 
Figure 4.58 Vertical Bar of the Horizontal Bar Chart 

 

Figure 4.59 Image of Horizontal Bar Chart 
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Figure 4.60 reveals that the vertical bar chart with 44 frequencies was chosen by 

the highest preferences of participants. The low choice has the lowest frequency with 0 

participant. 

 
Figure 4.60 Vertical Bar of Vertical Bar Chart 

 

Figure 4.61 Image of Vertical Bar Chart 
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Figure 4.62 shows that the majority of the participants, chose the highest 

preferences using a pie chart with 48 frequencies. The lowest preference is the least, 

with 2 frequencies. 

 
Figure 4.62 Vertical Bar of Pie Chart 

 

Figure 4.63 Image of Pie Chart 
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Figure 4.64 shows that the majority of the participants, chose the highest 

preferences using magazine style, with 31 frequencies. The lowest and lowest 

preferences are the least, with 4 frequencies each. 

 
Figure 4.64 Vertical Bar of Magazine Style 

 

Figure 4.65 Image of Magazine Style 



104 

Figure 4.67 shows that the majority of the participants, chose somewhat high 

preferences using the annotated chart with 27 frequencies. The lowest preference is the 

least, with 6 frequencies. 

 
Figure 4.66 Vertical Bar of the Annotated Chart 

 

Figure 4.67 Image of Annotated Chart 
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Figure 4.68 shows that the majority of the participants, chose the highest 

preferences using the flowchart-infographic, with 40 frequencies. Low preference is the 

least with 3 frequencies. 

 
Figure 4.68 Vertical Bar of Flowchart-Infographic 

 

Figure 4.69 Image of Flowchart-Infographic 
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Figure 4.70 shows that the majority of the participants, chose somewhat high 

preferences using the partitioned poster with 30 frequencies. Low preference is the least 

with 5 frequencies. 

 
Figure 4.70 Vertical Bar of Partitioned Poster 

 

Figure 4.71 Image of Partitioned Poster 
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Figure 4.72 shows that the majority of the participants, chose the highest 

preferences using comics and animation, with 46 frequencies. The lowest and low 

preferences are the least with 1 frequency each. 

 
Figure 4.72 Vertical Bar of Comic and Animation 

 

Figure 4.73 Image of Comic and Animation 
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Table 4.1 shows the summary of the highest number of participants’ personality 

trait. Table 4.2 shows the summary of the lowest number of participants’ personality 

trait. Figure 4.41 shows the heat map of the summary of the highest number of 

participants’ visualization type preferences. 

Table 4.1 Summary of the Highest Number of Participants’ Personality Trait 

Variables 

Values 

Frequencies  
( out of 112) Percentage (%) 

Low Extraversion 36 32.1 

Moderate Extraversion 35 31.3 

Moderate Agreeableness 35 31.3 

High Agreeableness 35 31.3 

High Conscientiousness 36 32.1 

Moderate Neuroticism 39 34.8 

Low Openness 29 25.9 

Table 4.2 Summary of the Lowest Number of Participants’ Personality Trait 

Variables 

Values 

Frequencies 
 ( out of 112) Percentage (%) 

Very high Extraversion 4 3.6 

Very high Agreeableness 9 8.0 

Very high Conscientiousness 10 8.9 

Very low Neuroticism 4 3.6 

Very high Openness 16 14.3 



 

 

109 

Figure 4.74 Summary of the Majority of Participant’s Visualization Types Choices. 
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4.2.2 Descriptive Analysis 

Descriptive analysis was used in this research to determine the level of personality of 

the respondents. The purpose of descriptive analysis is to identify broad trends in the 

interests of a population (Loeb et al., 2017). Tables of descriptive data for both 

personality and visual type are provided below. 

Table 4.3 Descriptive Statistic for Personality 

 N Minimum Maximum Mean 
Std. 

Deviation 

Extraversion 112 1 5 2.76 1.033 

Agreeableness 112 1 5 3.05 1.146 

Conscientiousness 112 1 5 3.02 1.215 

Neuroticism 112 1 5 3.46 1.073 

Openness 112 1 5 2.79 1.359 

On what device are you 
filling out this 
questionnaire? 

112 1 3 2.22 .956 

Do you have color 
blindness? 

112 1 2 1.97 .162 

Valid N (listwise) 112     

Table 4.4 Descriptive Statistic for Visualization Types Elements 

 N Minimum Maximum Mean 
Std. 

Deviation 

1. Arial 112 1 7 5.17 1.530 

2. Calibri 112 1 7 5.42 1.393 

3. Calibri Light 112 1 7 4.96 1.847 
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 N Minimum Maximum Mean 
Std. 

Deviation 

4. Small font size 112 1 7 2.90 1.781 

5. Medium font size 112 1 7 4.37 1.616 

6. Big font size 112 1 7 5.26 1.552 

7. Button with icon 
only. 

112 1 7 4.77 1.855 

8. Button with text only 112 1 7 4.95 1.615 

9. Button with icon and 
with text 

112 1 7 5.10 2.022 

10. Low density 112 1 7 4.63 1.594 

11. Average density 112 1 7 4.98 1.185 

12. High density 112 1 7 4.30 1.888 

13. Top position of the 
navigation bar 

111 1 7 5.56 1.639 

14. Bottom position of 
the navigation bar 

112 1 7 4.24 2.059 

15. Right side 
positioning of the 
navigation bar. 

112 1 7 3.04 1.984 

16. Left side 
positioning of the 
navigation bar. 

112 1 7 3.52 2.152 

17. Representation 
through a Treemap. 

112 1 7 4.17 1.999 

18. Representation 
through a Circular 
Packing diagram. 

112 1 7 4.49 1.836 

19. Representation 
through a Sunburst. 

112 1 7 4.57 1.819 

20. Representation 
through a Radial 
diagram 

112 1 7 3.47 1.850 
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 N Minimum Maximum Mean 
Std. 

Deviation 

21. Representation 
through a Linechart. 

112 1 7 5.21 1.479 

22. Representation 
through a Linechart, 
with points. 

112 1 7 4.89 1.678 

23. Representation 
through an Area chart. 

112 1 7 5.08 1.617 

24. Representation 
through a Radar chart 

112 1 7 4.89 1.662 

25. Representation 
through a Word Cloud 

112 1 7 3.46 1.888 

26. Representation 
through a horizontal bar 
chart 

112 1 7 5.55 1.381 

27. Representation 
through a vertical bar 
chart 

112 1 7 5.81 1.263 

28. Representation 
through a Pie Chart. 

112 1 7 5.81 1.379 

29. Magazine Style 112 1 7 5.15 1.589 

30. Annotated Chart 111 1 7 4.78 1.708 

31. Flowchart-
Infographic 

111 1 7 5.32 1.815 

32.  Partitioned Poster 112 1 7 5.09 1.680 

33. Comic &amp; 
Animation 

112 1 7 5.91 1.212 

Valid N (listwise) 109     

The table shows the number of participants (N), the minimum and maximum, 

which are markers for the personality and visualization type preference scores; the 

minimum is the lowest score, and vice versa; the mean; and the standard deviation. 
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According to the results, the sample as a whole has a modest degree of 

extraversion (M = 2.76, SD = 1.03). In addition, the sample had average to high levels 

of agreeableness, conscientiousness, and neuroticism (M = 3.05, SD = 1.15; M = 3.02, 

SD = 1.22; M = 3.46, SD = 1.07, respectively). The results revealed a low degree of 

openness, with a mean of 2.79 (SD = 1.34). When completing this questionnaire, the 

sample mostly utilizes tablets and phones (M = 2.22, SD = 0.96). The majority of 

subjects do not have colour blindness (M = 1.97, SD = 0.16). 

The font type test findings demonstrate that all three varieties have considerable 

preferences. Participants prefer Arial and Calibri font types (M = 5.17, SD = 1.53; M = 

5.42, SD = 1.39, respectively), whereas Calibri Light font type (M = 4.96, SD = 1.85) 

is neither preferred nor rejected. The font size sample demonstrates variances between 

all three font sizes. Participants oppose adopting a tiny font size (M = 2.90, SD = 1.85). 

Participants neither like nor reject medium font size (M = 4.37, SD = 1.62) and prefer 

large font size (M = 5.26, SD = 1.55). 

Participants do not favor or reject the use of both buttons with icons and buttons 

with simply text (M = 4.77, SD = 1.86; M = 4.95, SD = 1.62, respectively). Participants, 

on the other hand, prefer buttons with both icons and text (M = 5.10, SD = 2.02). The 

information density type result demonstrates that the participant does not favor or reject 

any of the three types: low density (M = 4.63, SD = 1.59), average density (M = 4.98, 

SD = 1.18), and high density (M = 4.30, SD = 1.89). There are variances in the location 

of the navigation bar in all positions. Participants prefer to utilize the top navigation bar 

position (M = 5.56, SD = 1.64), rather than the right and left side navigation bar 

locations (M = 3.04, SD = 1.98; M = 3.52, SD = 2.15, respectively). Meanwhile, 

participants (M = 4.24, SD = 2.06) neither favor nor oppose utilizing the bottom location 

of the navigation bar. 

The participant does not favor or reject utilizing the tree map, circular packing 

diagram, or sunburst for hierarchical visual components (M = 4.17, SD = 2.00; M = 

4.49, SD = 1.84; M = 4.57, SD = 1.82, respectively). However, the radial graphic is 

rejected by the participants (M = 3.47, SD = 1.85). Participants prefer line charts and 

area charts for the change over time visual element (M = 5.21, SD = 1.485; M = 5.08, 

SD = 1.62, respectively), whereas the line chart with a point was neither liked nor 
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rejected (M = 4.89, SD = 1.68). Participants preferred horizontal bar charts and vertical 

bar charts for comparison visual components (M = 5.55, SD = 1.38; M = 5.81, SD = 

1.26, respectively). The participant opposed utilizing a word cloud (M = 3.46, SD = 

1.89) and neither liked nor opposed using a radar graphic (M = 4.89, SD = 1.66). 

Participants choose magazine style (M = 5.15, SD = 1.59), flowchart-infographic (M = 

5.32, SD = 1.82), partitioned poster (M = 5.09, SD = 1.68), and comic animation (M = 

5.91, SD = 1.21) for the narrative visual element. Using the annotated chart, participants 

did not favor or reject (M = 4.78, SD = 1.71).  

 
Figure 4.75 Heat Map of General Preferences on Visualization Type 

4.2.3 Correlation Analysis 

A Pearson correlation was calculated to analyze the relationship between the five 

personality qualities based on the FFM (extraversion, agreeableness, conscientiousness, 

neuroticism, and openness) and the visual design typeface. The findings in table 4.5  

show a substantial, positive link between extraversion qualities and the Calibri light font 

type, with r(110) =.19 and p =.042. The openness attribute and Arial font type have a 
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substantial, positive connection of r(110) =.22, p = 0.19. All font styles had no link with 

agreeableness, conscientiousness, or neuroticism. Meanwhile, Calibri does not seem to 

be related to all personality characteristics. 

Table 4.5 Correlation Between Personality and Font Style 

 Arial Calibri Calibri light 

Extraversion r = .177 
p = .218 

r = .121 
p = .204 

r = .193 
p = .042 

Agreeableness r = -.067 
p = .483 

r = -.026 
p = .789 

r = .069 
p = .468 

Conscientiousness r = -.016 
p = .866 

r = .107 
p = .260 

r = -.012 
p = .903 

Neuroticism r = -.020 
p = .834 

r = -.087 
p = .363 

r = -.026 
p = .785 

Openness r = .221 
p = .019 

r = -.066 
p = .487 

r = .125 
p = .188 

The following results in table 4.6 reveal a substantial, positive relationship 

between the openness characteristic and tiny font size, r(110) =.19, p =.042. Small font 

sizes show no link with extraversion, agreeableness, conscientiousness, or neuroticism. 

There is no relationship between medium font size and all personality qualities. 

Table 4.6 Correlation Between Personality and Font Size 

 Small font size Medium font size Big font size 

Extraversion r = .105 
p = .273 

r = .053 
p = .577 

r = .118 
p = .216 

Agreeableness r = -.020 
p = .832 

r = -.016 
p = .871 

r = .012 
p = .897 
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 Small font size Medium font size Big font size 

Conscientiousness r = -.030 
p = .754 

r = .084 
p = .380 

r = -.007 
p = .940 

Neuroticism r = -.104 
p = .277 

r = .048 
p = .612 

r = .085 
p = .370 

Openness r = .192 
p = .042 

r = .126 
p = .184 

r = .074 
p = .441 

The findings in table 4.7 indicate a statistically significant and positive 

relationship between extraversion and buttons designed with a text-only style (r(110) 

=.31, p =.001). There exists a notable and positive link between conscientiousness and 

button text style, as shown by the statistical analysis (r(110) =.24, p =.010). The findings 

of the study indicate a statistically significant and positive association between the 

openness attribute and the button with text style (r(110) = .28, p = .003). The qualities 

of agreeableness and neuroticism exhibit no association with the button with text style. 

Conversely, both the button with icon and button with icon and text styles show no 

correlation with any of the personality traits. 

Table 4.7 Correlation Between Personality and Button Style 

 Button with icon 
only 

Button with text 
only 

Button with icon 
and text 

Extraversion r = .182 
p = .055 

r = .311 
p = .001 

r = .102 
p = .285 

Agreeableness r = -.041 
p = .670 

r = -.062 
p = .518 

r = .169 
p = .075 

Conscientiousness r = -.050 
p = .600 

r = .244 
p = .010 

r = -.041 
p = .667 

Neuroticism r = -.014 
p = .881 

r = .090 
p = .347 

r = .000 
p = 1.00 

Openness r = .037 
p = .696 

r = .278 
p = .003 

r = .050 
p = .598 
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The result in table 4.8 shows a significant, positive correlation between the 

extraversion trait and high density, r(110) =.21, p =.024. The other four personality traits 

have zero correlation with high information density. There is no correlation between 

low information density and average information density for all personality traits. 

Table 4.8 Correlation Between Personality and Information Density 

 Low density Average density High density 

Extraversion r = .088 
p = .355 

r = .144 
p = .131 

r = .204 
p = .031 

Agreeableness r = .006 
p = .951 

r = .001 
p = .994 

r = .026 
p = .788 

Conscientiousness r = -.145 
p = .126 

r = .082 
p = .393 

r = .2037 
p = .699 

Neuroticism r = .130 
p = .172 

r = -.071 
p = .454 

r = -.171 
p = .071 

Openness r = .092 
p = .332 

r = -.058 
p = .541 

r = .141 
p = .137 

In table 4.9, the association between openness and the right location of the 

navigation bar is substantial and positive (r(110) =.23, p =.016), but the correlation 

between extraversion, agreeableness, conscientiousness, and neuroticism is zero. There 

is no discernible association between the top and left placements of the navigation bar 

and any specific personality characteristics. A statistically significant and positive 

connection was observed between extraversion and the use of the bottom navigation bar 

(r(110) =.19, p =.042). 
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Table 4.9 Correlation Between Personality and Position of The Navigation Bar 

 Top 
navigation 

bar 

Right 
navigation 

bar 

Bottom 
navigation 

bar 

Left 
navigation 

bar 

Extraversion r =- .067 
p = .488 

r = .023 
p = .811 

r = .193 
p = .042 

r = .049 
p = .611 

Agreeableness r = .074 
p = .443 

r = -.116 
p = .223 

r = -.097 
p = .308 

r = -.059 
p = .538 

Conscientiousness r = -.051 
p = .599 

r = -.146 
p = .124 

r = .059 
p = .533 

r = -.093 
p = .329 

Neuroticism r = .013 
p = .893 

r = .181 
p = .056 

r = -.079 
p = .410 

r = .174 
p = .067 

Openness r = -.121 
p = .205 

r = .228 
p = .016 

r = .180 
p = .058 

r = .165 
p = .083 

In hierarchy visual style, tree map and circular packing styles have zero 

correlation with all five personality traits in table 4.10. The findings demonstrates a 

substantial, positive link between extraversion and sunburst visual style, r(110) =.20, p 

=.032. The openness characteristic and the radial diagram likewise have a substantial, 

positive connection, r(110) =.21, p =.030. In the sunburst and radial diagrams, there is 

no link between agreeableness, conscientiousness, and neuroticism. 

Table 4.10 Correlation Between Personality and Hierarchy Visual Elements 

 Tree map Circular 
Packing 

Sunburst Radial 
diagram 

Extraversion r = .046 
p = .629 

r = -.056 
p = .559 

r = .203 
p = .032 

r = .178 
p = .060 

Agreeableness r = -.094 
p = .322 

r = -.034 
p = .722 

r = -.101 
p = .288 

r = -.004 
p = .970 

Conscientiousness r = -.024 
p = .806 

r = .000 
p = .999 

r = -.037 
p = .697 

r = -.036 
p = .708 
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 Tree map Circular 
Packing 

Sunburst Radial 
diagram 

Neuroticism r = -.049 
p = .608 

r = .018 
p = .850 

r = -.098 
p = .306 

r = .090 
p = .344 

Openness r = -.119 
p = .211 

r = .068 
p = .477 

r = .072 
p = .452 

r = .206 
p = .030 

In terms of visual style change over time, area charts and line charts with points 

have zero correlation with all five personality traits in table 4.11. Results show a 

significant, positive correlation for both extraversion and openness with a line chart: 

r(110) =.31, p =.001, and r(110) =.23, p =.013 respectively. There is zero correlation 

between agreeableness, conscientiousness, and neuroticism on a line chart.  

Table 4.11 Correlation Between Personality and Change Over Time Visual 
Elements 

 Line chart Line chart with 
point 

Area chart 

Extraversion r = .305 
p = .001 

r = .073 
p = .443 

r = .001 
p = .992 

Agreeableness r = -.134 
p = .158 

r = .069 
p = .472 

r = .046 
p = .628 

Conscientiousness r = .108 
p = .257 

r = -.132 
p = .167 

r = -.134 
p = .160 

Neuroticism r = -.130 
p = .171 

r = .022 
p = .815 

r = -.037 
p = .700 

Openness r = .234 
p = .013 

r = .183 
p = .053 

r = .106 
p = .265 

All five personality qualities show no link with horizontal bar charts, vertical 

bar charts, or pie charts when compared to visual style in table 4.12. Extraversion and 

radar have a substantial positive association, r(110) =.19, p =.047, according to the 

findings. There is no link between agreeableness, conscientiousness, neuroticism, and 
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openness on a horizontal bar chart. The association between agreeableness and word 

cloud is substantial and favorable, r(110) =.20, p =.040. In a word cloud, there is no 

association between extraversion, conscientiousness, neuroticism, and openness. 

Table 4.12 Correlation between Personality and Comparison Visual Elements 

 Radar 
Chart 

Word 
Cloud 

Vertical 
bar chart 

Horizontal 
bar chart 

Pie chart 

Extraversion r = .188 
p = .047 

r = .146 
p = .126 

r = .170 
p = .073 

r = .076 
p = .429 

r = .132 
p = .164 

Agreeableness r = -.115 
p = .226 

r = -.195 
p = .040 

r = .027 
p = .780 

r = .044 
p = .642 

r = .035 
p = .715 

Conscientiousness r = -.119 
p = .210 

r = -.070 
p = .461 

r = .005 
p = .960 

r = .026 
p = .788 

r = .072 
p = .451 

Neuroticism r = -.003 
p = .977 

r = -.065 
p = .494 

r = .072 
p = .453 

r = .004 
p = .969 

r = -.155 
p = .103 

Openness r = -.034 
p = .720 

r = .159 
p = .095 

r = .121 
p = .202 

r = .123 
p = .195 

r = .113 
p = .235 

In the context of data narrative visual style, it can be seen that there is no 

significant link between the five personality types and the use of annotated charts, 

flowchart-infographics, comics, and animation in table 4.13. The findings indicate a 

statistically significant inverse relationship between agreeableness and partitioned 

posters (r(110) =.20, p =.035). There is no discernible association seen between the 

personality traits of extraversion, conscientiousness, neuroticism, and openness as 

shown on partitioned boards. The findings of the study show demonstrate a statistically 

significant inverse relationship between conscientiousness and magazine style (r(110) 

= -.24, p =.010). There is no discernible association seen between extraversion, 

agreeableness, neuroticism, and openness as shown in magazine-style content 
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Table 4.13 Correlation between Personality and Storytelling Visual Elements 

 Magazine 
style 

Annotated 
Chart 

Flowchart-
Infographic 

Partitioned 
Poster 

Comic & 
Animation 

Extraversion r = -.098 
p = .303 

r = .100 
p = .298 

r = -.151 
p = .114 

r = -.065 
p = .494 

r = -.017 
p = .856 

Agreeableness r = .000 
p = .996 

r = -.049 
p = .612 

r = -.060 
p = .531 

r = -.199 
p = .035 

r = .049 
p = .609 

Conscientiousness r = -.244 
p = .010 

r = -.080 
p = .403 

r = -.100 
p = .296 

r = -.054 
p = .574 

r = -.017 
p = .857 

Neuroticism r = .112 
p = .238 

r = -.064 
p = .508 

r = .057 
p = .553 

r = -.003 
p = .977 

r = -.059 
 = .540 

Openness r = .028 
p = .772 

r = .176 
p = .065 

r = -.125 
p = .190 

r = .-181 
p = .056 

r = -.505 
p = .600 

Table 4.14 Summary Correlation Between Personality and Storytelling Visual 
Elements 

Visualization types with personality Correlation value 

Calibri Light with Extraversion r(110) =.29, p =.042 

Arial with Openness r(110) =.22,  p =.019 

Small font size with openness r(110) =.19,  p =.042 

Button with text, with extraversion  r(110) = .31, p = .001 

Button with text, with conscientiousness r(110) = .24, p = .010 

Button with text, with openness r(110) = .28, p = .003 

High density with extraversion r(110) = .21, p = .024 

Bottom navigation bar with extraversion r(110) = .19, p = .042 

Right navigation bar with openness r(110) = .23, p = .016 

Sunburst with extraversion , r(110) = .20, p = .032 

Radial diagram with openness r(110) = .21, p = .030 
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Visualization types with personality Correlation value 

Line chart with extraversion , r(110) = .31, p = .001 

Line chart with openness r(110) = .23, p = .013 

Radar chart with extraversion  r(110) = .19, p = .047 

Word Cloud with agreeableness r(110) = .20, p = .040 

Partitioned poster with agreeableness r(110) = .20, p = .035 

Magazine style with conscientiousness r(110) = -.24, p = .010 

 

4.2.4 Chi-Square Analysis 

The Chi-square test was used to uncover personality differences in user preferences for 

visualization styles. There are some notable links between personality factors and user 

preferences for visualization kinds of components, according to the correlation study. 

The chi-square test may be used to investigate the particulars of each connection and to 

find the differences in personality characteristics for each visual design element. 

Because the variables in this study are ordinal, the linear-by-linear association statistic 

is used. 

The questionnaire employs a 7-likert scale, with the number on the scale 

representing participants' degree of favorability for the chosen visual style. Lowest 

preferences (1), low preferences (2), relatively low preferences (3), no preferences (4), 

somewhat high preferences (5), high preferences (6), and highest preferences (7) are 

among the options. A number scale was used to categorise the personality attribute into 

five levels. There are five options: 1 (very low), 2 (low), 3 (average), 4 (high), and 5 

(very high). For example, a person with level 5 extraversion has a very high degree of 

extraversion.  

To investigate the association between the openness personality characteristic 

and Arial typeface, a chi-square test was used in figure 4.43 and table 4.15. These 

factors had a significant relationship: X2  (1, N = 112) = 5.4, p =.020. The image above 

depicts the association between the Arial font style and openness personality qualities. 
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The majority of participants (30) picked Arial as their preferred font type; both the 

lowest and lowest alternatives have the same lowest number of participants, which is 3, 

respectively. The table also shows that the highest, high, and somewhat high preferences 

options have more participants (30, 17, and 29 participants, respectively) than the 

somewhat low, low, and lowest preferences options, indicating that the majority of 

participants prefer the idea of using Arial as a font style. The chart above reveals that 

the majority of participants in the highest preference choice have very high openness 

characteristics, with 8 individuals, while players with very low and low openness levels 

are in the minority, with 4 participants for each option. Participants with low openness 

levels, on the other hand, had the largest preference for utilizing the Arial typeface, with 

either no or moderately high preferences. 

 

Figure 4.76 Crosstab Table Between Openness and Arial Font Style 

Table 4.15 Chi-Square Tests of Arial Font with Openness Personality Trait 

 Value df 

Asymptotic 
Significance 

(2-sided) 

Pearson Chi-Square 33.499a 24 .094 

Likelihood Ratio 39.499 24 .024 

Linear-by-Linear Association 5.440 1 .020 

N of Valid Cases 112   
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To investigate the association between extraversion personality qualities and the 

Calibri Light typeface, a chi-square test was used in figure 4.44 and table 4.16. These 

factors had a significant relationship: X2  (1, N = 112) = 4.1, p =.042. According to the 

table above, the majority of participants picked Calibri Light as a font style with 33 

participants, while the lowest preferred choice had the fewest participants with 5 

participants. The table also shows that the highest, high, and somewhat high options 

have more participants, with 33, 19, and 17 participants, respectively, than the 

somewhat low, low, and lowest options, indicating that the majority of participants 

prefer the idea of using Calibri Light as a font style. According to the graph above, 

individuals with an average extraversion level (3) make up the majority, with 13 people 

choosing the highest preferred choice. 

 
Figure 4.77 Crosstab Table Between Extraversion and Calibri Light Font Style 

Table 4.16 Chi-Square Tests of Calibri Light Extraversion Personality Trait 

 Value df 

Asymptotic 
Significance 

(2-sided) 

Pearson Chi-Square 21.912a 24 .585 

Likelihood Ratio 28.852 24 .226 

Linear-by-Linear Association 4.116 1 .042 

N of Valid Cases 112   

To investigate the association between openness personality qualities and tiny 

text size, a chi-square test was used in figure 4.45 and table 4.17. These factors had a 
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significant relationship: X2(1, N = 112) = 4.1, p =.043. The table above indicates that 

the majority of participants (34 in total) picked the low preference option to utilize a 

tiny font size, while both the highest and high preference selections had the fewest 

participants (6 in total). The table also shows that the lowest, low, and somewhat low 

preference options have more participants (27, 34, and 17 respectively) than the 

somewhat high, high, and highest preference options, indicating that the majority of 

participants oppose the use of a small font size. The chart above reveals that people with 

the low openness trait (2) outnumber those with the low preferences option by a factor 

of ten.  

 
Figure 4.78 Crosstab Table Between Openness and Small Font Size 

Table 4.17 Chi-Square Tests of Small Font Size with Openness Personality Trait 

 Value df 

Asymptotic 
Significance 

(2-sided) 

Pearson Chi-Square 49.661a 24 .002 

Likelihood Ratio 44.852 24 .006 

Linear-by-Linear Association 4.106 1 .043 

N of Valid Cases 112   

A chi-square test was used to investigate the link between extraversion 

personality characteristics and text-only buttons in figure 4.46 and table 4.18. These 

factors had a significant relationship: X2  (1, N = 112) = 10.7, p =.001. The table above 

reveals that the majority of participants (24 participants) picked the no preference option 
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to utilize the button with text alone, while the low preference option had the fewest 

participants (3 people). The table also reveals that the highest, high, and somewhat 

preferred alternatives, each with 23 participants, have more participants than the 

somewhat low, low, and lowest desired options, showing that the majority of 

participants favor the notion of utilizing the button with text alone. The chart above 

demonstrates that people with the low extraversion characteristic (2) outnumber those 

with no preferences by a factor of ten.  

 

Figure 4.79 Crosstab Table Between Extraversion and Button with Text Only 

Table 4.18 Chi-Square Tests of Button with Text Only with Extraversion 
Personality Style 

 Value df 

Asymptotic 
Significance 

(2-sided) 

Pearson Chi-Square 26.647a 24 .321 

Likelihood Ratio 31.553 24 .138 

Linear-by-Linear Association 10.712 1 .001 

N of Valid Cases 112   

A chi-square test was used to investigate the link between the conscientiousness 

personality characteristic and the text-only button in figure 4.47 and table 4.19. These 

factors had a significant relationship: X2  (1, N = 112) = 6.6, p =.010. The table above 

reveals that the majority of participants (24 participants) picked the no preference option 

to utilize the button with text alone, while the low preference option had the fewest 
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participants (3 people). The table also reveals that the highest, high, and somewhat 

preferred alternatives, each with 23 participants, have more participants than the 

somewhat low, low, and lowest desired options, showing that the majority of 

participants favor the notion of utilizing the button with text alone. The chart above 

demonstrates that people with moderate conscientiousness trait (2) outnumber those 

with no preferences by a factor of ten. Participants with a high degree of 

conscientiousness (4) made up the majority, with 10 choosing the highest preferred 

choice. 

 

Figure 4.80 Crosstab Table Between Conscientiousness and Button with Text Only 

Table 4.19 Chi-Square Tests of Button with Text Only with Conscientiousness 
Personality Trait 

 Value df 

Asymptotic 
Significance 

(2-sided) 

Pearson Chi-Square 40.966a 24 .017 

Likelihood Ratio 45.208 24 .006 

Linear-by-Linear Association 6.591 1 .010 

N of Valid Cases 112   

A chi-square test was used to investigate the link between the openness 

personality characteristic and the text-only button in figure 4.48 and table 4.20. These 

factors had a significant relationship: X2  (1, N = 112) = 8.6, p =.003. The table above 

reveals that the majority of participants (24 participants) picked the no preference option 
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to utilize the button with text alone, while the low preference option had the fewest 

participants (3 people). The table also reveals that the highest, high, and somewhat 

preferred alternatives, each with 23 participants, have more participants than the 

somewhat low, low, and lowest desired options, showing that the majority of 

participants favor the notion of utilizing the button with text alone. The chart above 

demonstrates that persons with low, moderate, and high openness characteristics 

outnumber those with no preferences by a factor of six. Participants with high openness 

levels, on the other hand, constitute the majority with 8 participants, which is the 

majority among other relationships between personality characteristics level and 

preferences choice for the highest preferences option. 

 

Figure 4.81 Crosstab Table Between Openness and Button with Text Only 

Table 4.20 Chi-Square Tests of Button with Text Only with Openness Personality 
Trait 

 Value df 

Asymptotic 
Significance 

(2-sided) 

Pearson Chi-Square 28.823a 24 .227 

Likelihood Ratio 32.506 24 .115 

Linear-by-Linear Association 8.577 1 .003 

N of Valid Cases 112   

The association between extraversion personality characteristics and 

information density was investigated using a chi-square test in figure 4.49 and table 
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4.21. These factors had a significant relationship: X2  (1, N = 112) = 4.6, p =.032. 

According to the table above, the majority of participants picked no preference choice 

to utilize high density, with 20 people engaged, while the lowest preference option has 

the fewest individuals, with 8 participants involved. The table also shows that the 

highest, high, and somewhat high options have more participants (17, 19, and 18 

participants, respectively) than the somewhat reject, reject, and strongly reject options, 

indicating that the majority of participants prefer the idea of using high-density 

information. The chart above shows that individuals with low extraversion qualities 

outnumber those with high extraversion traits by a factor of eight for the no preference 

option.  

 

Figure 4.82 Crosstab Table Between Extraversion and Information Density 

Table 4.21 Chi-Square Tests of Information Density with Extraversion Personality 
Trait 

 Value df 

Asymptotic 
Significance 

(2-sided) 

Pearson Chi-Square 24.694a 24 .423 

Likelihood Ratio 29.976 24 .186 

Linear-by-Linear Association 4.625 1 .032 

N of Valid Cases 112   

A chi-square test was performed to examine the relationship between the 

extraversion personality trait and the bottom position of navigation in figure 4.50 and 
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table 4.22. These factors had a significant relationship: X2  (1, N = 112) = 4.1, p =.042. 

The table above reveals that the majority of participants, 23 in total, picked the high 

preference option to utilize the bottom location of the navigation bar, while the reject 

preference option had the fewest participants, 10 in total. The table also shows that the 

highest, high, and somewhat high preferred options have 17, 23, and 17 participants, 

respectively, compared to the somewhat low, low, and lowest preferred options, 

indicating that the majority of participants prefer the bottom position of the navigation 

bar. The chart above shows that individuals with moderate extraversion characteristics 

outnumber those with high extraversion traits, with 9 people choosing the high preferred 

choice 

 

Figure 4.83 Crosstab Table Between Extraversion and Bottom Position of 

Navigation Bar 

Table 4.22 Chi-Square Tests of Bottom Position of Navigation with Extraversion 
Personality Trait 

 Value df 

Asymptotic 
Significance 

(2-sided) 

Pearson Chi-Square 22.467a 24 .551 

Likelihood Ratio 22.059 24 .576 

Linear-by-Linear Association 4.124 1 .042 

N of Valid Cases 112   



 

131 

A chi-square test was used to investigate the link between openness personality 

qualities and the proper navigation position in figure 4.51 and table 4.23. These factors 

had a significant relationship: X2  (1, N = 112) = 5.7, p =.017. According to the table 

above, the majority of participants (39 participants) picked the lowest preference choice 

to utilize the right location of the navigation bar, while the maximum preference option 

had the fewest participants (7 people). The table also shows that the lowest, low, and 

somewhat low preference options have 39, 15, and 12 participants, respectively, 

compared to the somewhat high, high, and highest preference options, indicating that 

the majority of participants oppose using the right position of the navigation bar. The 

bulk of individuals had poor openness qualities, with 12 choosing the lowest preferred 

choice.  

 

Figure 4.84 Crosstab Table Between Openness and Right Position of Navigation 

Bar 

Table 4.23 Chi-Square Tests of Right Position of Navigation with Openness 
Personality Trait 

 Value df 

Asymptotic 
Significance 

(2-sided) 

Pearson Chi-Square 47.134a 24 .003 

Likelihood Ratio 51.204 24 .001 

Linear-by-Linear Association 5.748 1 .017 

N of Valid Cases 112   
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The association between extraversion personality qualities and the sunburst 

visual style was investigated using a chi-square test in figure 4.52 and table 4.24. These 

factors had a significant relationship: X2  (1, N = 112) = 4.6, p =.032. The table above 

reveals that the majority of participants, with 28 people, have a rather high preference 

for adopting the sunburst visual style, while the low preference choice has the fewest 

participants, with 8 individuals. The table also shows that the highest, high, and 

somewhat high preference options have more participants (19, 18, and 28 participants, 

respectively) than the somewhat low, low, and lowest preference options, indicating 

that the majority of participants prefer the idea of using the sunburst visual style. The 

majority of individuals had very moderate extraversion qualities, with 9 people each for 

the fairly high preference and no preference alternatives. 

 

Figure 4.85 Crosstab Table Between Extraversion and Sunburst Visual Style 

Table 4.24 Chi-Square Tests of Sunburst with Extraversion Personality Trait 

 Value df 

Asymptotic 
Significance 

(2-sided) 

Pearson Chi-Square 24.224a 24 .449 

Likelihood Ratio 28.215 24 .251 

Linear-by-Linear Association 4.590 1 .032 

N of Valid Cases 112   

 The association between the openness personality characteristic and the radial 

diagram was investigated using a chi-square test in figure 4.53 and table 4.25. These 
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factors had a significant relationship: X2   (1, N = 112) = 4.7, p =.030. The table above 

reveals that the majority of participants (24 people) picked the lowest preference choice 

to employ the radial visual style, while the greatest preference option had the fewest 

participants (6 participants). The lowest, low, and somewhat low preference alternatives 

had more participants (24, 15, and 17 respectively) than the somewhat high, high, and 

highest preference options, showing that the majority of participants oppose utilizing 

the radial graphic. The bulk of individuals had extremely low and moderate openness 

features, with 7 people for the lowest preference choice. Individuals with poor openness 

(7 individuals) picked the fairly high preference choice as well.  

 
Figure 4.86 Crosstab Table Between Openness and Radial Diagram 

Table 4.25 Chi-Square Tests of Radial Diagram with Openness Trait 

 Value df 

Asymptotic 
Significance 

(2-sided) 

Pearson Chi-Square 26.666a 24 .320 

Likelihood Ratio 30.515 24 .168 

Linear-by-Linear Association 4.692 1 .030 

N of Valid Cases 112   

To investigate the association between the extraversion personality 

characteristic and the line charts, a chi-square test was used in figure 4.54 and table 

4.26. These factors had a significant relationship: X2 (1, N = 112) = 10.4, p =.001. The 

table above reveals that the majority of the participants picked a high preference for 
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using the line-chart visual style, with 30 individuals participated, while the lowest 

preference choice had the fewest participants, with just one participant. The table also 

shows that the highest, high, and somewhat high preference options have more 

participants (28, 22, and 30 respectively) than the somewhat low, low, and lowest 

options, indicating that the majority of participants prefer the idea of using the line chart. 

The bulk of individuals had moderate extraversion qualities, with nine opting for the 

fairly high preference choice. The biggest number of individuals, however, had a 

moderate extraversion characteristic for the high preference choice, with 10 people. 

 
Figure 4.87 Crosstab Table Between Extraversion and Line Chart 

Table 4.26 Chi-Square Tests of line Chart with Extraversion Trait 

 Value df 

Asymptotic 
Significance (2-

sided) 

Pearson Chi-Square 27.897a 24 .264 

Likelihood Ratio 33.771 24 .089 

Linear-by-Linear Association 10.344 1 .001 

N of Valid Cases 112   

a. 25 cells (71.4%) have expected count less than 5. The minimum expected count is 
.04. 

To investigate the association between the openness personality characteristic 

and the line chart, a chi-square test was used in figure 4.55 and table 4.27. These factors 

had a significant relationship: X2 (1, N = 112) = 6.1, p =.014. According to the table 
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above, the bulk of the participants picked rather high preferences to utilize the line chart, 

with 30 individuals participated, while the lowest preference choice had the fewest 

participation, with just one participant. The data also reveals that the highest, high, and 

somewhat high alternatives had more participants (28, 22, and 30 respectively) than the 

somewhat low, low, and lowest options, showing that the majority of participants favor 

the notion of utilizing the line chart. The majority of individuals had very low or very 

high openness qualities, with 7 persons each for the slightly high choice. Participants 

with a high openness attribute, on the other hand, are the majority overall, with 9 picking 

the highest preference choice. 

 

Figure 4.88 Crosstab Table Between Openness and Line Chart 

Table 4.27 Chi-Square Tests of Line Chart with Openness Trait 

 Value df 

Asymptotic 
Significance (2-

sided) 

Pearson Chi-Square 23.464a 24 .493 

Likelihood Ratio 28.314 24 .247 

Linear-by-Linear Association 6.066 1 .014 

N of Valid Cases 112   

A chi-square test was performed to examine the relationship between the 

extraversion personality trait and the radar chart in figure 4.56 and table 4.28. These 

factors had a significant relationship: X2 (1, N = 112) = 3.9, p =.047. The table above 

reveals that the majority of participants (31 people) picked rather high preferences to 
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utilize the line chart, while the low preference choice had the fewest participation (4 

persons). The table also reveals that the highest, high, and somewhat high alternatives 

had more participants (23, 19, and 31 respectively) than the somewhat low, low, and 

lowest options, showing that the majority of participants favor the notion of utilizing 

the radar map. The bulk of individuals had high and moderate extraversion qualities, 

with 10 people each for the moderately high choice. The bulk of individuals had low 

openness qualities, with 10 picking the highest preference choice. 

 

Figure 4.89 Crosstab Table Between Extraversion and Radar Chart 

Table 4.28 Chi-Square Tests of Radar Chart with Extraversion Trait 

 Value df 

Asymptotic 
Significance 

(2-sided) 

Pearson Chi-Square 29.671a 24 .196 

Likelihood Ratio 23.296 24 .502 

Linear-by-Linear Association 3.935 1 .047 

N of Valid Cases 112   

A chi-square test was conducted to investigate the association between the 

agreeableness personality trait and the word cloud in figure 4.57 and table 4.29. 

Significant correlation existed between these variables: X2 (1, N = 112) = 4.2, p =.040. 

According to the table above, 27 people participated in the choice with the lowest 

preference for using the word cloud, while just 6 people participated in the option with 

the greatest preference. The table also reveals that there are more participants (16, 12 
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and 27 respectively) on the somewhat low, low, and lowest alternatives than on the 

somewhat high, high, and highest options, suggesting that the majority of participants 

are opposed to the use of the word cloud. With 10 participants for each option with the 

lowest preference, persons with strong agreeableness qualities predominate.  

 
Figure 4.90 Crosstab Table Between Agreeableness and Word Cloud 

Table 4.29 Chi-Square Tests of Radar Chart with Agreeableness Trait 

 Value df 

Asymptotic 
Significance 

(2-sided) 

Pearson Chi-Square 21.930a 24 .583 

Likelihood Ratio 25.172 24 .396 

Linear-by-Linear Association 4.213 1 .040 

N of Valid Cases 112   

To investigate the association between the agreeableness personality 

characteristic and the partitioned posters, a chi-square test was used in figure 4.58 and 

table 4.30. The following factors had a significant relationship: X2 (1, N = 112) = 4.4, 

p =.036. The table above reveals that the partitioned poster was chosen by the majority 

of the participants with 20 participants, while the low preference option had the fewest 

participants with 5 individuals. The table also shows that the somewhat high, high, and 

highest options have more participants (30, 27, and 25 respectively) than the somewhat 

low, low, and lowest options, indicating that the majority of participants prefer the idea 
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of using the partitioned poster. The majority of individuals had moderate agreeableness 

features, with 11 persons each for the fairly high preference choice.  

 
Figure 4.91 Crosstab Table Between Agreeableness and Partitioned Poster 

Table 4.30 Chi-Square Tests of Partitioned Poster with Agreeableness Trait 

 Value df 

Asymptotic 
Significance 

(2-sided) 

Pearson Chi-Square 25.476a 24 .380 

Likelihood Ratio 30.448 24 .170 

Linear-by-Linear Association 4.403 1 .036 

N of Valid Cases 112   

The association between the conscientiousness personality trait and magazine 

style was investigated using a chi-square test in figure 4.59 and table 4.31. These factors 

had a significant relationship: X2 (1, N = 112) = 6.6, p =.010. The chart above reveals 

that the majority of participants (31 people) picked high preference to utilize the 

magazine style, while the lowest and lowest preference alternatives had the fewest 

participants (4 individuals each). The table also shows that the somewhat high, high, 

and highest preference options have more participants (26, 31, and 24 respectively) than 

the somewhat low, low, and lowest options, indicating that the majority of participants 

prefer the idea of using the magazine style. The bulk of individuals had high 

conscientiousness qualities, with 9 people each for the high preference choice. 
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Participants with high conscientiousness are likewise in the majority, with 11 selecting 

fairly high preferences. 

 

Figure 4.92 Crosstab Table Between Conscientiousness and Magazine Style 

Table 4.31 Chi-Square Tests of Magazine Style with Conscientiousness Trait 

 Value df 

Asymptotic 
Significance 

(2-sided) 

Pearson Chi-Square 47.501a 24 .003 

Likelihood Ratio 42.906 24 .010 

Linear-by-Linear Association 6.604 1 .010 

N of Valid Cases 112   

Table 4.32 Summary of Chi-Square Tests Between Personality and Visualization 
Types Element 

Visualization types with personality Preferences N P 

Calibri Light with Extraversion Highest 33 .042 

Arial with Openness Highest 30 .020 

Small font size with openness Low 34 .043 

Button with text, with extraversion No preference 24 .001 
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Visualization types with personality Preferences N P 

Button with text, with  
conscientiousness No preference 24 .010 

Button with text, with openness No preference 20 .003 

High density with extraversion No preference 20 .024 

Bottom navigation bar with 
extraversion High 23 .042 

Right navigation bar with openness Lowest 33 .017 

Sunburst with extraversion Somewhat high 28 .032 

Radial diagram with openness Lowest 24 .030 

Line chart with extraversion Somewhat high 30 .001 

Line chart with openness Somewhat high 30 .013 

Radar chart with extraversion  Somewhat high 31 .047 

Word Cloud with agreeableness Lowest 27 .040 

Partitioned poster with agreeableness Somewhat high 20 .035 

Magazine style with conscientiousness High 31 .010 

Table 4.33 Level of Personality Trait and Number of Participants Choosing 
Visualization Types Element 

Visualization types  Preferences Personality N 

Calibri Light Highest Average E 13 

Arial Highest Low O 8 

Small font size Low Low O 10 

Button with text No preference Low E 10 

Button with text No preference Ave C 10 
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Visualization types  Preferences Personality N 

Button with text No preference Low, Ave & 
High O 6 

High density  No preference Low E 8 

Bottom navigation bar  High Ave E 9 

Right navigation bar  Lowest Low O 12 

Sunburst  High Ave E 9 

Radial diagram  Lowest Very Low & ave 
O 7 

Line chart  Somewhat high Ave E 9 

Line chart Somewhat high Very low & Very 
high O 7 

Radar chart  Somewhat high Ave & High E 10 

Word Cloud  Lowest High A 10 

Partitioned poster  Somewhat high Ave A 11 

Magazine style  High High C 9 
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Figure 4.93 Heat Map of Visualization Type and Correspondent Personality Traits 

 Table 4.33 and figure 4.93 shown the summary of the findings in chi-square 

analysis. The A,E,O, and C are the acronym of the personality traits (Agreeableness, 

Extraversion, Openness and Conscientiousness respectively) and the words “ave” is a 

shortened form of “Average”. 

4.3 CHAPTER’S CONCLUSION 

This chapter elucidates the outcomes derived from data analysis, employing various 

methodologies such as frequency analysis, descriptive statistics, Pearson correlation, 

and chi-square analysis. The findings provide detailed insights into the correlation 

between personality traits and visualization types, shedding light on the general 

preferences for visualization types within the studied population.
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CHAPTER FIVE 

DISCUSSION AND CONCLUSION 

5.1 INTRODUCTION 

The results of this study are provided in the concluding chapter. This study establishes 

a connection between the data analysis and conclusions of previous researchers with the 

research goals and queries. This chapter also examines the potential industrial 

implications of the findings. This chapter also addresses the limits of the study and 

proposes strategies for mitigating these limitations in future studies. 

5.2 DISCUSSION ON FINDINGS 

This research examines the relationship between user preferences for various forms of 

visualizations and the personality factors outlined in the Five-Factor Model (FFM). The 

findings of this study provide support for individuals in choosing a visually engaging 

and narrative-driven report that is pertinent, impactful, and expedient, so enabling 

individuals to make educated judgements. This part will provide a discussion of the 

findings derived from the data analysis, and will afterwards compare and contrast these 

findings with the study questions. 

The present study has generated three distinct research aims and corresponding 

research questions. The findings of this study have effectively tackled three research 

inquiries in addition to fulfilling the research goals. This part will provide a detailed 

analysis of each study subject, as well as an examination of how the findings of this 

inquiry are connected to each issue. 
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Research Question 1: 

What are the visualization types preferred by users in making meaningful 

information visualization and storytelling reports?  

The first inquiry pertained to the consumers' preferences about types of 

visualizations. The findings of the investigation indicate a significant correlation 

between individuals' personality qualities and their favorite forms of visualizations. 

The font styles used by users include Arial and Calibri Light. Both font 

demonstrate a significant association between the personality qualities of extraversion 

and openness. The correlation coefficient for the first study is r(110) = .21, with a p-

value of .027. In the second study, the correlation coefficient is r = .30. The preference 

of users was mostly inclined towards using small font sizes, as shown by the correlation 

between the attribute of openness and the correlation coefficient of r(110) = 0.19, which 

was found to be statistically significant at p = 0.046. The findings indicate significant 

associations between extraversion (r = .29, p = .002), conscientiousness (r = .27, p = 

.005), and openness (r = .30, p = .001) qualities, respectively, and users' preference for 

buttons with text styles. The results of the study indicate a significant positive 

correlation (r = .21, p = .024) between the extraversion characteristic and the preference 

for high information density style among users. In terms of the location of the navigation 

bar, there exists a statistically significant positive association (r =.21, p =.024) with the 

openness attribute. This suggests that the majority of users tend to choose the right 

position for the navigation bar. 

Among the many visual styles, it has been shown that sunburst and radial 

diagrams are particularly favored by users. This preference is supported by statistical 

evidence, as indicated by a correlation coefficient of r(110) =.19, p =.044 for 

extraversion trait and r(110) =.20, p =.033 for openness trait. The users exhibit a 

preference for line charts and line charts with points in the context of change over time 

visual style. The correlation coefficients indicate a moderate positive relationship 

between extraversion and openness traits (r =.30, p =.001) for the line chart, and a weak 

positive relationship between openness trait and line chart with points (r =.20, p =.037). 

Additionally, the line chart with extraversion trait shows a weak positive relationship (r 

=.20, p =.026). When comparing the different types of charts, it is evident that the 
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horizontal bar chart is the most favored by users. This conclusion is supported by a 

correlation coefficient of r(110) = .187 and a p-value of .047, indicating a significant 

relationship between the usage of horizontal bar charts and the extraversion 

characteristic. The user exhibits a preference for partitioned poster and magazine styles 

in the context of data narrative visual style. This preference is supported by a correlation 

coefficient of r(110) = .20, p = .032 for agreeableness trait, and a correlation coefficient 

of r(110) = -.25, p = .008 for conscientiousness trait. 

Research Question 2: 

Do personality traits correlate with user preferences in visualization types for 

information visualization and storytelling reporting? 

The second question sought to ascertain which personality feature might impact 

the user's choice for visual style. This question delves further into the personality 

attribute and their preferences for visualization kinds. Each personality feature will have 

varied preferences for a certain visual design. 

Users that have a high level of openness like buttons with text and line charts 

with sharp visual styles. Users with low openness levels like Arial font style, line charts 

with points, and radial diagrams. However, they severely oppose tiny font sizes and the 

form of the right-side navigation bar, and they neither like nor oppose radial diagrams. 

The radial diagram is severely rejected by users with extremely low and moderate 

openness levels. 

Meanwhile, people with high conscientiousness favor buttons with text and, to 

a lesser extent, magazine design. Users with medium conscientiousness neither favor 

nor reject text-based buttons. 

Users with low degrees of extraversion strongly like line charts and horizontal 

bars. They also don't like or dislike buttons with text or high-density graphic design. 

Users with medium extraversion levels enjoy Calibri Light and Sunburst somewhat 

more. They do not, however, like or reject the sunburst aesthetic appearance. 
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Users with a high degree of agreeability like partitioned posters. Users with 

moderate agreeableness levels, on the other hand, like partitioned posters. Meanwhile, 

no amount of neuroticism is associated with any of the graphic designs. 

Research Question 3: 

How to create more compelling data visualization and narrative reporting for 

users? 

The final question highlighted how to make better and more meaningful 

reporting for users. A conclusion may be drawn based on the information and findings 

shown here. 

Users' levels of neuroticism have little effect on their choices for visual design. 

Users with low extraversion preferences Arial, whereas users with moderate 

extraversion preferences Calibri Light. Users with low openness trait levels should 

avoid utilizing tiny font sizes when it comes to font size. Users with a high openness 

level, a high conscientiousness level, and a low extraversion level prefer to utilize the 

button with a text style. The low extraversion level favors the high-density information 

style for the information density style. Except for poor openness, practically every 

personality attribute is favored for the location of the navigation bar. Users with a low 

degree of openness should avoid the right side of the navigation bar since it is their least 

favored location. 

The sunburst visual style is favored by the average extraversion level for 

hierarchical representation. Meanwhile, the radial diagram findings are quite variable. 

Despite the fact that it merely corresponds with openness qualities, the findings reveal 

that low openness levels reject and favor radial diagrams, whereas average openness 

levels reject radial designs. Low extraversion levels prefer line charts for change over 

time visualization, but both low and high openness levels prefer line charts with points. 

People with low extraversion prefer the horizontal bar chart for comparison 

visualization. The magazine style is favored by high conscientiousness levels for 

narrative visual style, whereas partitioned posters are preferred by both medium and 

high agreeableness levels. 
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5.3 Summary of the Findings 

The present study investigated the association between individual personality factors 

and individuals' inclination towards visual stimuli. This study investigated the preferred 

forms of visualizations, the personality attributes associated with a preference for visual 

types, and strategies for using visualizations to enhance meaningful and efficient 

reporting. The results of the study indicated that each personality type had distinct 

preferences for visual designs, with the exception of Neuroticism. 

The results are consistent with previous studies done by Gonc et al. (2020). The 

researchers observed that individuals with varying personality traits exhibit distinct 

responses to diverse visual designs, as seen by the results obtained. Nevertheless, there 

are disparities between the findings of the preceding investigation and the present 

research. The present investigation revealed that neuroticism did not have any influence 

on the observed outcomes, suggesting that it did not impact user preferences for 

different visualization forms. In contrast, a prior research demonstrated a positive 

association between neuroticism and preferences for tree maps and line charts. 

Nevertheless, the present research introduces a novel aspect to the practice of data 

storytelling, an element that was absent in the preceding study. This recent study reveals 

a significant association between individual personality traits and the specific sorts of 

visualizations favored by users for narrative purposes. 

5.4 Implication of the Research 

The research results presented in this study provide significant contributions to the 

theoretical and empirical domains pertaining to visualization, narrative, and user 

engagement. The primary objective of this study was to address the inherent limitations 

associated with the comprehensive nature of existing visualization tools. The absence 

of user personalization in visualization tools might potentially overwhelm users and 

impede job effectiveness. Utilizing personality as an intermediary to establish a 

connection between user choice and visualization facilitates a more comprehensive 

comprehension of visualization from the user's perspective. 

Additionally, the objective of this study was to examine the correlation between 

individual personality traits and user inclinations towards certain visualization and 
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narrative styles. Based on the study findings, it can be seen that individuals, 

characterized by their unique personalities, exhibit varying preferences when it comes 

to various kinds of visualization and narrative. However, in the context of neuroticism 

personality, there was no observed correlation with either visualization or narrative 

types. Taking this information might potentially assist developers of visualization tools 

in reimagining their software for the purpose of enhancing the intuitive and effective 

use of visual tools by users, taking into consideration their individual personalities. The 

tools has the potential to enhance their usability, utility, and overall benefit for the 

intended beneficiaries. This also facilitates other researchers in conducting analogous 

experiments to ascertain various elements that may influence user preferences towards 

visualization and narrative formats. There is a prevailing belief that more emphasis 

should be placed on users who need access to and control over data, since the manner 

in which individuals interpret, perceive, cognize, and engage with pictures may 

significantly influence their comprehension of visually given information. Individuals 

possess diverse experiences, perceptions, intuitions, and expectations. Consequently, 

there exists a significant need to examine various elements as a foundation for the 

creation of visualization and narrative techniques that might prove advantageous to 

diverse user groups. This pertains to a range of use contexts and data characteristics, 

with the ultimate aim of facilitating crucial decision-making processes. 

Ultimately, the outcomes of this study have the potential to contribute to the 

advancement of understanding the connection between personality traits and the field 

of visualization. Chapter 2 provides ample evidence of the widespread use of 

personality studies across several academic disciplines. The results of this study have 

the potential to facilitate further investigations into the relationship between 

personalities and their impact on visualization and storytelling. Additionally, it may 

shed light on the underlying reasons why individuals with certain personality traits 

exhibit preferences for particular parts of visualization and narrative. 

5.5 LIMITATIONS OF THE RESEARCH 

Every research is certain to have some limitations. It is important to examine the 

research's limitations since doing so helps to identify the components that this study 
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lacks and might be improved upon in future studies. This study's limitations are the 

epidemic and the level of user participation. 

The study began in February 2020, a month before the pandemic. As a 

consequence of the lockout, the data collection mechanism must be discarded and 

reviewed further. The mobility of researchers is likewise limited, limiting resource 

discoveries outside of the internet.  

The problem of user involvement volume must also be addressed. A larger 

sample size would be preferable for study; but, due to the epidemic and lockdown, data 

collect was limited to internet sources. The number of people participating is smaller 

than predicted if an alternative source of data collect is not used. 

5.6 Recommendation for the Future Research 

There are various suggestions for further study based on the constraints indicated in the 

preceding subtopic. First and foremost, future research should investigate alternative 

approaches for arriving at the conclusions of this study. Experiments, testing, and 

qualitative methodologies may all serve to broaden the scope of this study. This may 

also provide researchers some freedom if an unexpected occurrence occurs in the future, 

such as a pandemic, or natural catastrophes. 

In the future, we should implement and evaluate multiple information 

visualization methods based on our results to examine how they influence user 

preference, performance, experience, and satisfaction. More study on task types, task 

complexity, and settings is needed since these variables may alter how users interact 

given their differences. 

Larger samples should be employed in future research to better reflect the 

population since they lower the possibility of mistakes. The epidemic, which lasted two 

years and hindered the researcher's capacity to obtain more data, resulted in just 113 

responders in the sample for this study. A greater sample size would more precisely 

represent the population since sampling error would be reduced. 



 

150 

5.7 CONCLUSION 

In conclusion, this study examined the correlation between personality traits and user 

inclinations towards information visualization and narrative. This study used a 

quantitative research approach, including correlation and descriptive statistical analysis 

techniques. The findings indicate that, with the exception of neuroticism, the other four 

personality characteristics derived from the five-factor model have significant 

correlations with different forms of visualization. The results of this study have the 

potential to enhance the customization of visualization tools for users and investigate 

the relationship between personality, information visualization, and data storytelling. 

The study was subject to a temporal limitation due to the occurrence of the COVID-19 

pandemic, as well as a restriction in terms of the sample size. In light of these 

constraints, it is recommended that future investigations use a broader range of 

methodologies and rigorous testing protocols to mitigate any impediments to the 

research process. Additionally, expanding the sample size would enhance the 

generalizability and statistical power of the findings. 
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