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ABSTRACT

Nowadays, data visualization is becoming an essential part of data analysis. Business
Intelligence Visualization (BIV) is a powerful tool that helps modern business flows faster and
smoother than ever before. However, studies on BIV evaluation are severely lacking; most
evaluation studies for BIV is guided by general principles of usability, which have limited
aspects covered for customers’ needs. The purpose of this research is to develop a framework
that evaluates BIV, including decision-making experience. First, we did a literature review for
good understanding of research progress on related fields, and established a conceptual
framework. Second, we performed a user study that implemented this framework with a set of
questionnaires to demonstrate how our framework can be used in real business. Our result
proved that this framework can catch differences among different designs of BIV from the users’

standpoints. This can help design BIV and promote better decision-makings on business affairs.
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1. INTRODUCTION

With the development of technologies and processes, most organizations are forced to
deal with more and more data from various fields. In order to take advantage of using these data
in a proper way, the tools for visualizing data have also developed dramatically. The boom in big
data analytics has triggered broad use of information visualization in a variety of domains,
ranging from finance to sports to politics (S. Liu et al., 2014). Visualization is an
interdisciplinary field, which deals with the graphical representation of data (C. N. Knaflic,
2015). This is a powerful means of presenting compelling stories of data to individuals who are
visually oriented.

One of the fields taking advantages from visualization is marketing and business
management, which helps modern business flow faster and smoother than ever before. Business
processes are one of the most important assets of organizations today, because they determine
their success or failure in global markets (A. Nowak, et al., 2012). Business Analytics or
Business Intelligence (BI) is becoming more needed by the top management of any organization
to visualize, analyze and prepare strategic planning for the future (M. S. Gounder et al., 2016).
The stakes are high for organizations to develop successful Bl implementations (Jourdan, Z. et
al., 2008). Winning companies, such as Continental Airlines, have seen investments in BI
generate increases in revenue and produce cost savings equivalent to a 1000% Return-On-
Investment (ROI) (H. J. Watson et al., 2009). On the other hand, losing companies have spent
more resources than their competitors with a smaller ROI, while watching their market share and
customer base continuously shrink (Gessner & Volonino, 2005). Obviously, BI has become an

incredibly important component in modern business.



With the flood of data produced by today’s information systems, measures must be taken
to enable business decision-makers to extract the information contained in the data (David P.
Tegarden, 1999). As a part of the modern BI movement that emphasizes self-service,
visualization has been rising rapidly in the BI and analytics industry for the past a few years
(Parenteau et al., 2016). While discussing visualization, we have to address that data
visualization and information visualization are two sides of a concept, and are often used
interchangeably. Also, M. C. Kim ef al. have found in 2016, "while investigating scientific
grounds and concepts such as interactivity and cognitive aspects is more prominent in
information visualization than in data visualization. Developing and improving data processing
techniques have been more frequently in data visualization than in information visualization" (M.
C. Kim et al., 2016). In business field, we are mainly focusing on user’s perspective because
most users are not specialized in computing or data-processing. Therefore, we are mainly
discussing information visualization in the article.

Information visualization helps people understand the significance of data by
summarizing and presenting a huge amount of data in a simple and easy-to-understand format in
order to communicate the information clearly and effectively (Ossama Embarak, 2018). With the
wide application of BI in the market, based on Maslow's Hierarchy of Needs, users’ needs will
not just stay at the minimum functionality. In another words, the demand of better visualization
methods is stronger than ever before. Most of the client/ users of BIV do not have a technical
background and are not aware of technical details of the system. If we can improve the
visualization design to enhance user experience, it will boost users’ ability to obtain information
and make decisions. Thus, a human-centric evaluation framework is obviously vital to business

visualization.



In addition, one extra goal of BIV is to nudge business decision-making. Compared with
visualization in other fields, BIV values more on the role of visualization in promoting decisions.
Thus, it is necessary to assess the decision-making experience in the fields of BIV evaluation.
There are also some other valuable aspects which are not covered by previous research, but
important to a successful design of BIV, such loyalty, trust, interactivity, etc. However, there
remain several questions about the research and application in BIV evaluation. The main goal of
BIV is to promote business decision-making process, which is essential for any evaluation of
business intelligence visualization. But based on what we have discovered, the current research
on evaluation of BIV barely cover the decision-making quality. Moreover, the current studies for
visualization about user’s experience mainly focus on usability, but lack other aspects. In
summary, it is necessary to propose a new evaluation framework that takes business needs into
the consideration.

Specifically speaking, we first investigate the necessary aspects in BIV evaluations that
may have influence on user experience and decision-making. Then, we introduce an evaluation
framework that will evaluate BIV from three big dimensions: BIV attractiveness, decision-
making experience, tasks and interactivity. These evaluations are influenced by four main
factors: user's background, data characteristics, interactions, and interface design. This
framework aims to cover most of the significant points in evaluating business intelligence
visualization, and brings us a multi-dimensional evaluation that fits modern BIV. Moreover, we
have conducted a user study, which followed the guidance of our framework, to evaluate

different BIV designs. We believe that this research will help guide BIV design in the future.



2. LITERATURE REVIEW

In 1989, BI was first used as an umbrella term by Howard Dresner, but it was not until
the late 1990s that this term was widely used. BIV is considered to be the core component of
business intelligence, yet the research in this area is still in its early stage. For example, most
studies on user experience of BIV focus on usability, but the experience of decision making
(such as decision quality and decision complexity) is also an important indicator of BIV.
However, limited research has been conducted on these aspects about BIV (Dinko Baci¢ &
Adam Fadlalla, 2016).

2.1. Concepts related to BIV

In the era of big data, visualization, a clear way of visual communication, has emerged
rapidly. Visualization is an interdisciplinary field that summarizes and presents data with simple
and easy-to-understand designs, so as to convey information clearly and effectively (Embarak,
2018). When discussing visualization, we have to address that data visualization and information
visualization are two sides of this concept, and they are often used interchangeably. However,
when investigating scientific grounds and concepts, the mind and behavior of users, such as
interactivity and cognitive aspects, are more prominent in information visualization than in data
visualization; "developing and improving data processing techniques have been more common in
data visualization than in information visualization" (Kim et al., 2016). In this research, we
mainly focus on user’s perspective to assess the visualization of business intelligence, rather than
techniques in computing or data-processing. Therefore, in the article, we mainly discuss
information visualization.

Information Visualization is an important means to analyze and interpret a large amount

of information. It uses computers to interactively display unstructured and non-geometric



abstract data sets (Nahum et al., n.d.). The function of information visualization is to provide
people with a powerful analytic tool, so that people can make full use of their own visual and
cognitive abilities to observe and analyze information, thus discover the relationship patterns of
information (Nahum et al., n.d.). Currently, information visualization technology has been
widely applied in Internet, medicine, biology, industry, agriculture, military affairs, political
relations, entertainment information and business information (Barlowe et al., 2011; Didimo et
al., 2011).

Business intelligence (BI) is the process of collecting, managing and analyzing business
information, and its purpose is to promote the decision-making of enterprises (Dedi¢ & Stanier,
2016; Eriksson & Ferwerda, 2021). Business intelligence has been widely used in banking,
insurance, securities and retail industries. BI suppliers vigorously promote their visualization
functions, which prove the importance of BIV to modern organizations, since BIV is considered
to be the core component of business intelligence (Baci¢ & Fadlalla, 2016; Mohan, 2016). BIV
uses computer-supported interactive visual representations to shows the complex relationships,
potential information and development trends among original multidimensional business data,
which promote better data, business, and behavior understanding and enhance the insight of
decision making on business processes (Bac¢i¢ & Fadlalla, 2016). Besides usability, aesthetics,
pleasure and interactivity, the most important thing for BIV design is to provide decision
support. Whether BIV can better reflect this design philosophy should be examined by user
experience.

2.2. User’s Experience of BIV
User experience has a long history that can be tracked back to late 1800s or early 1900s.

The term UX was brought to wider knowledge by Donald Norman in the mid-1990s (Norman et



al., 1995). UX involves all aspects of users’ interaction with a product or service (Alben, 1996).
ISO 9241-210 defines UX as the users’ perceptions and responses when interacting with a
product, system or service (Iso & Standard, 2010). Users' demands, subjective evaluation and
emotional feelings during this process are considered as the core of positive experience (Kremer
& Lindemann, 2015). Providing excellent user experience can at least prevent the loss of existing
users (Jang & Han, 2022). With the continuous improvement of people's needs, UX has
gradually become a crucial factor for product or service success, and has also become a hot issue
in the field of HCI, design and business (Ntoa et al., 2021). Existing research indicates that it is
necessary to define the corresponding elements or dimensions of UX according to the objects to
be investigated (Jang & Han, 2022).

In visualization field, there has been research conducted about visualization UX. These
studies covered usability, aesthetics, interactivity, user tasks, etc. Usability can be described as
the capacity of a system to provide a condition for its users to perform the tasks safely,
effectively, and efficiently while enjoying the experience (Lee et al, 2019). Stefania Passera has
concluded that visualization helps improving usability on contracts. Helena Dudycz has validated
the usability of visualization as it pertains to semantic searches in the analysis of economic and
financial indicators (Dudycz, 2015). Khawaja et al have researched how to measure cognitive
load in behave for usability evaluation (Khawaja et al., 2014). In 2006, De Angeli et al proposed
that not only usability is important to UX, but also interaction and aesthetics(De Angeli et al.,
2006). Wright et al proposed a guideline about the aesthetics and UX-centered design (Wright et
al., 2008). And in 2009, Filonik and Baur have discussed how to measure aesthetics in
information visualization (Filonik & Baur, 2009). Some other studies have been conducted in

interaction and interactivity, such as the survey proposed in 2011 by Khan and Khan (M. Khan &



Khan, 2011). Sherry Koshman has conducted a study about user interaction in visualization
system which helps to understand better the novice/expert paradigm when testing a visualized
interface design for information retrieval (Koshman, 2005). Buja et al have discussed about
interactions on high-dimensional data visualization (Buja et al., 1996). In order to perform a
study the user task is also an important component in experimental design. Amar and Stasko
proposed a task-based framework for evaluation of information visualizations (R. Amar &
Stasko, 2004). Lee et al have performed taxonomy about tasks in graph visualization which
concluded from various research (B. Lee et al., 2006). Yi et al. also performed research in order
to analyze interactions in information visualization (Yi et al., 2007). Even there are such fields
being researched, while we focus on the UX, we find that most of the existing studies only cover
usability. Saket et al. also noticed this in 2016 and proposed several other important aspects for
UX in visualization (Saket et al., 2016). Thus, we believe that it is necessary to expand UX
evaluation in BIV to somewhere beyond usability.

In order to improve the productivity and efficiency of enterprises, user experience of BIV
has become a new field of increasing interest to scholars. Although there are few existing studies
on UX of BIV, this field is attempting to facilitate humans’ interactions with visualization and to
develop easy-to-use visual intelligent systems for decision-making (Attar-Khorasani &
Chalmeta, 2022). However, current UX studies about BIV mainly focus on usability evaluation.
Specifically, Chung and Leung (Chung & Leung, 2007) compared a visualization prototype
(SNV) with traditional method (Web browsing and searching) on the analysis of business
stakeholder information. Results showed that the information presented on SNV was more useful
for analyzing than on the Web site, and SNV was perceived to be more capable in helping

effective analysis and decision-making. Yun et al. (Yun et al., 2021) developed a novel visual



decision support system (DSS) based on different data-mining techniques. The indicator of
evaluation is the number counts of user’s positive or negative evaluation on this system.
Researchers collected the users’ brief comments on this system. The results indicated that
Concept Lattice-based method achieves the best performance, since this method received the
highest positive evaluation rate among all the methods. Ltifi et al. (Ltifi et al., 2020) tried to
combine visualizations with data-mining techniques to promote decision making in a newly
developed visual intelligent decision support system (VIDSS). The result of user study
demonstrated that VIDSS have good rating scores on usability. Basole et al. (Basole et al., 2016)
evaluated the usability and usefulness of three visualization methods (list, matrix, network) for
ecosystem analysis. List was considered the easiest to learn but the least useful. Network was
rated the highest in virtually all ratings. Matrix was rated the most difficult to learn, but relatively
useful for ecosystem analysis. Baci¢ and Fadlalla (Baci¢ & Fadlalla, 2016)proposed some BIV
elements suggested as independent variables for UX studies on BIV, which expanded research
ideas in this area. Their study presented BIV elements according to visual mental abilities in
Non-Verbal Intelligence Quotient (NVIQ): exploration, interaction, business acumen and
relevant data, analytics and statistics, representation, perception, cognition, cognitive effort,
memory and storytelling. All these BIV elements should be regarded as significant factors that
affect decision-making performance. However, for designers and UX researchers, if these BIV
elements are considered as independent variables, they are too abstract and difficult to
manipulate and the design problems cannot be identified directly and quickly.
2.3. Tasks
During our analysis through these articles, we have noticed that in order to evaluate BIV,

a series of well-designed user tasks is important and necessary. The tasks may bring influence on



the result of evaluation. We wish to have a representative landscape of the current user tasks
literature in the BI or visualization research, in order to evaluate the roles that tasks played in
BIV.

Through the literature review of BI and visualization we have conducted, some articles
discuss tasks used in their research about visualization or BI. However, in this section, we have
removed those articles that do not discuss tasks or do not involve user study. After this selection,
9 of the articles that have been noticed due to their outstanding research outcome in user’s task
(Appendix B). We have recorded and analyzed the metrics that were used in these studies, and
believe it will boost our research.

The most common way to categorize tasks is to separate them with minimum elements.
As far as we have observed, the researchers who have put their eyes on tasks. For example, B
Lee et al. (2006) and J Stasko and R. Catrambone (2000) discovered their own categorization.
The metrics proposed are not exactly the same, which means it might be somehow related to the
usage scenario. During our study, we believe the common tasks which can be widely used across
all visualizations do not perfectly fit business visualization, therefore, we need to propose our
own tasks.

The advantage of dividing tasks into minimum objects is about the possibility to combine
the tasks and make complex user story to describe the scenario in daily lives. In the articles
proposed by B Lee et al. (2006) they have showed us how to combine the minimum tasks into
high level complex tasks. They focused on graph visualization and the complex tasks they have
proposed are graph related, which includes topology-based tasks, attribute-based tasks, browsing

tasks, overview tasks, and high-level tasks. We can borrow their research approach in the



business field, to let our task set closer to the daily usage in business. In addition, we can add
qualitative metric into our framework which may come out from interviews, etc.

For the research of user tasks in BI, we can trace it back to 1999. In Tegarden’s article
(1999), he has mentioned: “As Cognitive Fit Theory suggests, we need to match the problem
representation (visualization technique) to the problem-solving task. To help address this state of
affairs, taxonomy of business problem domains, problem solving tasks, and visualization
techniques would be useful.” It is obviously that they have noticed the importance of user tasks
during the evaluation process. But somehow due to the limitation they were unable to give a
solid answer to this question.

Based on the research described above, we conclude that the current research for
evaluating BIV is not sufficient. We need to develop a new framework aiming better evaluation
for BIV.

2.4. Motivation

First of all, according to Maslow's hierarchy of needs, levels of needs are constantly
improving, so users will not just stick to basic functions, but also pursue a satisfying experience
(Yu & Wu, 2010). The business success of products depends more and more on a pleasant user
experience. Most users of BIV do not have enough technical background and do not know the
technical details of the system, so the quality of a user’s experience with BIV system can have a
critical impact on the work efficiency of decision makers. A satisfactory user experience
provided by the BIV system can boost work performances of decision makers and bring obvious
competitive advantages for companies.

Second, research on BIV evaluation mostly focuses on usability. However, good usability

is not enough to create a good UX, because usability is only one part of the user experience. User
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experience includes all aspects of users’ interaction with products or services. The dimensions of
UX contain pragmatic aspects and hedonic aspects (Hassenzahl et al., 2010), that is, from
traditional usability to aesthetics, appeal, and pleasure, etc. (Adikari et al., 2011; Kremer &
Lindemann, 2015). Users' needs and their subjective and emotional evaluation of interaction are
considered as the core of positive experience (Kremer & Lindemann, 2015). UX should also
customize elements according to the characteristics of products or services (Jang & Han, 2022).
UX of BIV lacks many valuable factors of user experience, such as trust, aesthetics, emotion,
interactivity, loyalty etc., which are very important for the successful design of BIV.

Thirdly, the current research on BIV evaluation rarely covers decision performance. The
existing BIV research indicators of decision-making performance are only the accuracy and
speed of decision-making tasks, but not involve decision difficulty, time pressure, perceived
information quality, decision-making quality, decision confidence, satisfaction and so on
(Hwang, 1994; Visinescu et al., 2017); In addition, decision-making style of users will also affect
the decision-making performance in BIV (Adnan et al., 2008). All these factors can help BIV
design be more dedicated. The main goal of BIV is to nudge business decision-making.
Compared with visualization in other fields, BIV values more on the role of visualization in
promoting decisions. Thus, it is essential to assess the decision-making experience in the fields
of BIV evaluation.

According to the above analysis, a UX evaluation framework for BIV is urgently
required. This structured framework should basically contain the important components of BIV
UX research and relationships among them. By using UXBIV, designers and developers of BIV
can know how to study user experience of BIV. The independent variables include factors or

elements that may affect the UX of BIV; the dependent variables involve dimensions of UX
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reflect the changes of independent variables; The framework also comprises user study design
(selected tasks, methods and a paradigm) for use experience of BIV. Meanwhile, we also provide
a case study based on UXBIV to promote the understanding and application of this framework.
We hope that UXBIV can meet the needs of intelligent analysis industry, promote BIV design
and customer loyalty, and enhance the competitiveness and influence of BI development

companies.
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3. FRAMEWORK
3.1. Method

The development of UXBIV framework came in three different steps through literature

study:

e Search phase: we have obtained various articles through Web of Science and Google
Scholar, based on the scope of BIV, UX, decision-making, and visualization
evaluation (e.g. visualization AND user experience, visualization AND evaluation,
visualization OR evaluation AND framework, etc.)

e Screen phase: when an article has been found, we conducted a screening on the
article, and categorized it into several different interested areas based on their
research goals.

e Identifying: we further processed these articles, and label all other interested areas
covered by the articles.

After these steps, we have gained a set of literatures (Table 1) that can be used to build

our framework:

Table 1. Articles reviewed based on interested areas (contains overlap)

Vlsuallgatlon BuS}ness Vlsuallzatlon UX Evaluation Framework survey
Techniques  Intelligence Design
115 30 20 51 43 13 12

The findings are used to create UXBIV evaluation framework. This framework compiled
from all the interested areas based on existing research. We will introduce our findings in the

following sections.
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3.2. Independent Variables of BIV Evaluation

In this section we’re discussing what we need to evaluate. UX is a subjective term that
evaluates user’s feelings from different aspects. However, BIV is an actual system that has all
the objective components such as data, user’s interface, etc. In order to evaluate BIV, we need to
first think about what the independent variables are. These variables should be common or
general among all BIV, and are critical to UX. As discussed above in literature review, we have
identified 4 main aspects that have influences on user’s experience, and two smaller areas that
have less impact as side-aspects.

3.2.1. User’s Background

User’s background is a widely used metric in all the surveys. It is a well-known fact that
every person is a unique individual. In order to evaluate user’s experience we have to put the
user’s background into consideration. This is a commonly used technique that many researchers
have this embedded in their user study, such as Khawaja et al. (2014), Van Lammeren et.al.
(2010), etc. The differences exist in both physical and psychological level. Thus, we need to
consider both sides to build our framework. Thus, two kinds of background are being taken into
consideration into our framework: physical background and experience background.

Physical background refers to the physical characteristics of the participants, such as age,
gender, race, etc. These characteristics will provide us statistical evidence about whether a design
related to user’s biology traits. Previous research in information technology, for example, Liu et
al. (2005) and Foudalis et al. (2011), has used this type of background investigation. Experience
background refers to user’s experience and history, like professions, computing device usage,

familiarity to data, etc. A well-trained person will likely achieve higher efficiency and accuracy,
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and therefore, may require a better design to meet their expectations. This is a widely used

method in research as well, such as McCarthy (1994) and Law et al. (2009) did in their research.

Alg":eg:nggfkggfga':ﬁ; Data Characteristics: Interactions: Design:
.profess.ian Bl ' Type, Volume, Dimention, Select, navigation, code, Color, Icon, Style, Spacial
experience. eic structure, etc. filier, relate, absiract etc. alignment, etc.

Environmental

Movel evaluation framework for Business
Intelligence Visualization

Characteristic
Factors

Factors

Based on Decision-making tasks:
Time, Accuracy, Mental load, time Based on user's eXperience
Pressure, eic.
Based on User's Based on Decision-making Based on Interactivity:
attractiveness: experience: Percived Control, Percived
Usability, Aesthetics, Loyalty, Confidence, Difficulty, Responsiveness, Percived
Accessibility, etc. Saiisfactory, Complexity, efc. Conmmunications etc.

Figure 1. Novel evaluation framework

3.2.2. Data Characteristics

Even though we focus on user’s experience, we still need to consider some other
characteristics. Khan et al. (2014) has shown the importance of handling data correctly in the
system as huge amount of new data are generated every second. Based on the survey we have
conducted, each chart type has its own pros and cons. In addition, some design elements such as
legend and label may help extend the usage of a chart type to cover different data types. Thus,
we have to consider the mapping between data characters and design since this is directly
connected with user’s experience.

e Time Dependence



A data set can be either related to time or not, which can easily categorize it into time-
dependent data or non-time-dependent data. Carter and Signorino (2010) have thoroughly
discussed how to model time dependent data, and Heer et al. (2009) has explained the
importance to choose the proper format for time-dependent series visualization. Time-dependent
data usually use line chart or bar chart; in Bl it is usually used in time-dependent reports such as
sale report. Miiller and Schumann (2003) have shown the methods to visualize time-dependent
data. Non-time-dependent data such as warehouse coverage is the kind of data which are not
linked to time. Usually we use map, heat-map, or tree chart to render such kind of data.

e Dimensions

Dimensionality in statistics refers to how many attributes a dataset has. (Finney, 1977)
Commonly used dimensions are people, products, place and time. High Dimensional means that
the number of dimensions is staggeringly high, that makes it difficult to calculate and visualize.
For high dimensional data, it is necessary to determine how many dimensions are needed to be
rendered in the visualization as we may not able to render them all, since the display platform is
usually a 2-D display device. Spence (2004) has addressed how to effectively determine the
better way of visualization dimensional data. A specialized visualization technique might be
necessary in order to transfer high-dimensional data into visualizations, such as Buja et al. did in
1996 (Buja et al., 1996). Thus, we believe these needs to be evaluated for UX since the
specialized visualization approach may affect usability in use.

e Volume

Volume refers to the data size or scale. The data processing and visualization with large
volume of data is also known as “big data” in modern research. Some data sources have millions

of data points, but the space of visualization is limited and the elements available are limited as
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well. In order to visualize such large scale of data within a limited displaying scope, specialized
techniques are necessary. Past research, such as Gorodov and Gubarev (2013), Raghav et al.
(2016) and Wang et al. (2005) have provided different solutions towards this issue. Considering
that different visualization techniques may result in different visualization elements displayed
and then affect usability, we need to take data volume and techniques into consideration of BIV
evaluation.
3.2.3. Interactions

Interaction refers to all the tasks that the user can perform to interact with the
visualization interface in order to retrieve information they want. It includes but is not limited to
button, drag tool, zoom tool, color tool, etc. More interactions will provide user with more
degrees of freedom, but it will also introduce more elements into one design and increase the
learning curve, which might reduce the usability of the visualization. Satyanarayan et al. (2014),
Yi et al. (2007), and Figueiras (2015) have discussed their understanding about the relationship
between interactions and UX in visualizations.
3.2.4. Design

Design is a big term but crucial towards BIV system, the difference in design may lead to
direct impact towards user’s experience. As Hollands and Spence have found in 1992, choosing
the right type of visualization would result in difference in user’s feedback. Thus, we have to
take a look into the system interface design.

o Style

Style is an abstract concept that relates to how an artefact — such as visualization — can be
recognized and be potentially grouped in a specific category (Moere et al., 2012). Some

empirical evidence exists that style plays an important role in the perception of users, as it is
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often the only ‘way’ to make a product stand out (Tractinsky, 2004). Moere et al. have
categorized style into 3 types: analytical style, magazine style, and artistic style. These styles
vary in many different dimensions, bring different overall visual representatives, and affect UX
at a very high level of design.

e Chart Type

Chart Type refers to the visualization types such as line chart, bar chart, pie chart, etc.
This is the most widely discussed term in visualization. Based on Croxton’s research in 1932,
different chart types lead to different user’s experiences. Modern research, including Forsell and
Cooper (2014), Mercun (2014) and Freitas et al. (2002 and 2014), has shown that this is still an
important component to be discussed in visualizations. In addition, with more discussion about
big data nowadays, choosing proper chart type may also have direct impact on usability.

e Aesthetics

Aesthetics refers to all other visual elements such as color, font, text size, textures, etc. A
well-designed aesthetic guideline will help BI keep consistency and help improve user’s
experience. Cawthon and Moere (2006) have discussed the aesthetic effect in evaluating UX in
visualizations. Other researchers and designers are actively working on improving many
different aspects, such as Bartram et al. (2017) for color, Heer et al. (2009) for color blending,
Karoz et al. (2015) for pictographs, etc.
3.2.5. Characteristic Factors and Environmental Factors

Besides those main factors, there are some factors that may result in different user
experiences, but these factors may not be related to the BI system itself. We have identified two
primary groups of factors that are related to users and environments, namely, characteristic

factors and environmental factors.
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Characteristic factors refer to differences between participants (mostly emotional) that
may affect UX result. Some elements fall into this category include holistic/ analytic thoughts,
high-context/ low-context style, etc. In order to compensate user’s condition during the tests, we
have to pull this into consideration. Robinson et al. (2016) discussed how to identify participant
characteristics. Harrison et al. (2012) have shown the impact of emotions on visual judgement.
Ting et al. (2018) have discussed about emotional characteristics in design.

Environmental factors are related to environment of the test. This includes 2 aspects: the
social background (cultural, technological, economical, etc.) and the experiment context of the
user study taken (lab, online, office, etc.). As Imamoglu pointed out in 1985, social background
has effects in user’s response. Different social background may bring different think-path, and
may result in difference in results. On the other hand, Cho and Sagynov (2015), Ekman and
Kajastila (2009), and Hrimech et al. (2011) have discussed about experiment context may affect
users in their researches. An obviously example is, the test taken in a professional lab will give
the users more confidence than let them take the test online, and the data collect in the first
environment will be more reliable.

These two factors may have direct impact to the results, so that we can consider these as
independent variables in the research. In some occasion, while we do not use these factors as
individual variables, it is necessary to set them as controlled variable, to keep result trustable and
clean.

3.3. Dependent Variables and Measurement

Since we’re evaluating based on a UX-based manner, we also need to think about what

aspects are important for UX in BIV evaluation. Different from the independent variables, UX is

measured with several subjective aspects. Based on what we have discussed in literature review,
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we have identified three aspects that we’re going to evaluate in this framework. Each aspect has
several different factors.

3.3.1. Task-Based Dependent Variables

3.3.1.1. Objective Measures

3.3.1.1.1. Reaction Time

Reaction time and accuracy are two widely used research measures for human-centered
researches. Reaction time refers the time spent of a user to complete a specific task. Reaction
time is used to evaluate usability and cognitive loads in user study. In 1982, Santee and Egeth
have shown that these measures are related to user’s recognition in evaluation. Prinzmetal et al.
(2005) have revealed even more mechanisms by focusing on these two measures.

In this research the reaction time refers to the time spent by a user to complete a specific
task. This can be used to evaluate aspects such as usability and cognitive loads during the study.
This measure has also been applied in research conducted by Saket et al. (2016), Rind et al.
(2016), and many other researchers.
3.3.1.1.2. Accuracy

Accuracy is another term that user study usually focusing on. In our research, the
accuracy is the correctness of the user to complete specific tasks. This can be used to track
aspects such as accessibility and cognitive loads during the test. Stasko et al. (2000), Pillat et al.
(2005), Fu et al. (2017) and many other researchers have used this measure in their research.
3.3.1.1.3. Electrophysiology

Electrophysiology is another powerful support data collection method. Thanks to the
development of technology, electrophysiology is becoming affordable these years. Some

representative electrophysiology approaches, such as eye-tracking devices and brain computer
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interface devices are more common in labs, and even into our daily life (Ahn et al., 2014). This is
a valuable evaluation method such that providing data that was unable to collect before. For
example, an eye tracking methodology can help to uncover visual scanning strategies in a new
pattern, providing rich information beyond that available from response time and accuracy-based
methodologies (Goldberg & Helfman, 2011).

In the research conducted by Fu et al., graphs provide more effective mind maps to the
participants, who were then more efficient at processing relevant information (Fu, Noy, &
Storey, 2017). Electrophysiological device is able to identify the influence of graph design on
UX, which is helpful during our evaluations. In our framework, this kind of measure is not
mandatory, but it is a great addition to help us improve the evaluation.
3.3.1.2. Subjective Measures

In a controlled experiment, we can perform some measures during the task procedure.
This is because UX is a term that is related to user’s subjective feedback, we cannot use all
objective measures to determine a whole scaled UX evaluation. As Olsson (2012) pointed out in
his research: UX is associated with vague, dynamic and hard-to-quantify concepts, such as
“experience”, “perception”, “pleasure”, and “emotions”. Vermeeren et al. (2010) pointed out
that, to date, there are few—if any—widely accepted standard methods with which to assess UX
in general. This kind of measures is directed to user’s workload and satisfaction since the
measure is closer to the tasks. But on the other hand, it will be influenced more by user’s
characteristic factors.

One common evaluation method is based on tasks and impressions. We can evaluate
task-based UX by using After-Scenario Questionnaire (ASQ) (Lewis, 1991). This questionnaire

is taken immediately after participants finished the user tasks during the test. A total of 3 items
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were incorporated into 3 different dimensions: effectiveness, efficiency, and satisfaction. All
items were rated on a 7-point scale.

Another popular evaluation method is NASA Task Load Index (TLX) (Hart, 1986). It is a
subjective workload assessment tool which allows users to perform subjective workload
assessments on operator(s) working with various human-machine interface systems. TLX
measures on 6 different dimensions: mental demand, physical demand, temporal demand,
performance, effort, and frustration. All items are rated on a 10-point scale.

There are also more measures available that we can use for subjective measures.
Depending on different focus of the actual evaluation taken, we could have flexibility to choose
different subjective measures.

3.3.2. Overall UX as Dependent Variables
3.3.2.1. BIV Attractiveness

BIV attractiveness is a set of aspects of UX which are evaluated by user’s subjective
response. These aspects measure how user’s feeling by using the evaluated system. During our
research, we found this has overlap with SUPR-Q (Sauro, 2015). In this article, we will evaluate
using SUPR-Q dimensions: usability, trust, appearances, and loyalty. In addition, we also have
an extra dimension called emotional involvement.
3.3.2.1.1. Usability

Usability refers to the effectiveness, efficiency, safety, utility, and learnability of a design
(A. Dix, 2009). In practice, usability is operationalized as the combination of users' actions and
attitudes (Sauro, 2015). A well-designed BIV should provide sufficient information and make it
easy to use. Thus, usability test is to measure how easy-to-use of a system from user’s

perspective. For example, if the user thinks that one design is easier to use than another, the first
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one should have higher rating on this metric. Standardized usability questionnaires, as opposed
to homegrown questionnaires, have been shown to provide a more reliable measure of usability
(Hornbzk, 2006).
3.3.2.1.2. Trust

Trust has traditionally been linked to relationships within a business environment
(Dwyer, Schurr, & Oh, 1987), but nowadays it also plays a strong role in human-computer
interaction (Jian et al. 2000). Trust is a “mediating factor” that determines whether consumers
accept and use an automated system for self-service (Lee & See, 2004). For example, sale data A
might be much higher than sale data B, but if they get visualized into a log-based chart, the
difference may look much smaller and may lead to confusion. Safar and Turner (2005)
developed a psychometrically validated trust scale consisting of two factors based on an online
insurance quote system. A broader examination of website trust was also conducted by
Angriawan and Thakur (2008).
3.3.2.1.3. Appearance

Appearance is a metric that measures influences across all visual elements. This metric
evaluates user’s feedback based on visual appearance. The Web Quality (WQ) instrument by
Aladwani and Palvia (2002) contains an appearance subscale, and the influential Hedonic
Quality (HQ) questionnaire developed by Hassenzahl (2001) has an appeal subscale. For
example, a design with well-designed color palette should have better visual feedback than a
design with only black and white, and the rating should be higher.
3.3.2.1.4. Loyalty

According to Torres-Moraga et al. (2008) attitudinal loyalty includes aspects like

cognitive, affective and conative inclinations of customers to continue relationship with a brand/
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company. In our framework, Loyalty refers to the user’s confidence about re-use evaluated
system, and/or the willingness to share with others. This is an overall rating that directly
demonstrates the user’s satisfaction about the system. In some cases, the user does not like a
specific point of design but is not willing to share, but all other three factors may still get high
ratings. If this occurred, such case would indicate that something needs to be improved in the
design.
3.3.2.1.5. Emotional Involvement

During the period of using the system, the person also experiences various feelings
including fascination, suspense, tension, empathy, amazement, surprise, warmth, anger, fear, and
other emotions (Wirth, W., Hofer, M., & Schramm, H. (2012)). Emotional involvement refers to
the subjective intensity of those feelings, which is often related to the duration, the peak level,
and the frequency of the feelings (Sonnemans & Frijda, 1994, 1995) This will be done with a set
of subjective adverbs to let the user rate the system (e.g. boring/ interesting).
3.3.2.2. Decision-making Experience

In business field, decisions may lead to capital loss (Gessner & Volonino, 2005), so
decision-making support system plays a big role in modern business. This brings decision-
making a crucial component to be considered while designing BIV. Thus, it is necessary to find a
way to evaluate decision-making experience for BIV. In our framework, we will evaluate from
four aspects: Decision Complexity, Auxiliary Importance, Decision Quality, and Information
Quality.
3.3.2.2.1. Decision Complexity

Decision complexity is a key factor in behavioral decision-making research (Shiloh et al.,

2001). As Tractinsky and Meyer suggested in 1999, “capture the complexity of information
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usage in actual settings... should be taken into account”. This involves the environmental
factors, the emotional factors, the task itself and other factors. Decisions with more alternatives
and attributes were evaluated by decision makers as more difficult (Timmermans & Vlek, 1992).
A decision that needs to consider more elements will be rated higher on complexity. For
example, predict sale-count only with historical sale data will get lower rating comparing to
predict with historical sale data, popularity history, and other aspects.
3.3.2.2.2. Auxiliary Importance

Auxiliary Importance evaluates how important the evaluated system is during the
decision-making process as a support system. Bl is a decision support system (Sprague and
Carlson, 1982), and supposes to improve decision support (Power, 2002). It provides the right
information needed in decision making process and helps the organization’s control, planning
and operational functions be carried out effectively (Cao et al., 2008; Adeoti-Adekeye, 1997).
This examines the design based on the assumption that if a decision made relies on the
information system, the system should be rated higher on this metric.
3.3.2.2.3. Decision Quality

Decision quality is a function of effectiveness and efficiency in the process of decision-
making (Clark Jr et al., 2007). This covers decision outcomes (DeSantis and Poole, 1994),
problem-solving performance (Vessey, 1991), expectancy of success (Langer, 1975),
information processing performance (Galbraith, 1974), and decision-maker risk preference
(Kahneman, 1979). Others consider decision-making in terms of how decisions are made and
structured (Cohen et al., 1972). Decision quality outcomes are often measured using perceived

decision-maker satisfaction with the outcome as a surrogate for decision quality (Kaltoft et al.).
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3.3.2.2.4. Information Quality

Information quality is key in the functioning and output of information systems (DeLone
and McLean, 2003; Ge and Helfert, 2013). N. Tractinsky and J. Meyer have defined this as
“relative efficacy to provide the relevant information for the viewer” in 1999. Therefore, the
quality of information in the BI is critical to the quality of decisions made based on the output of
the BI satisfaction (Bharati and Chaudhury, 2004). For example, a design that gives users
hundreds of data points may lead to reading difficulty and the user will suspect the information
retrieved may be wrong. In this case, the Information Quality rating should be lower.
3.3.2.3. Interactivity

Interactivity has been utilized in information visualization to make the data more
engaging or playful, and/or in order to show data in a manageable portion (Figueiras, 2015). On
behalf of user’s experience we discuss such intercommunications as interactivity. This will
measure the user’s feedback about the bi-directional information transfer between human and
computing device. We will evaluate from three aspects: Perceived Control, Perceived
Responsiveness, and Perceived Communication.
3.3.2.3.1. Perceived Control

This metric evaluates the user’s satisfaction based on human input. If the system provides
enough control elements to let the user perform needed operations, it should be rated higher on
this metric. For example, if the clients want the data of best seller in May, he can retrieve the
data directly from a bar-chart or use interaction such as zoom to get the data easier from an

enlarged view. The extra control provided will help the users operate as they desired.
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3.3.2.3.2. Perceived Responsiveness

Perceived Responsiveness is evaluating how the system response towards a human input.
The system response should follow user’s expectation and provide desired information. If a user
does not get what they want after performing an input to the system, the satisfaction about the
system will decrease and this rating will be lower.
3.3.2.3.3. Perceived Communication

Decision quality refers to the user’s satisfaction about the overall intercommunications
between human and computing device. This evaluates both sides of the information transfer.

Based on all the aspects described above, we have generated a set of questionnaires
(Appendix C). Combining all the objective measure, it should cover most important metrics
about evaluation of BIV. However, it is just one possible approach to implement our framework;
there are also other possible ways to implement. Also, in order to save time and reduce
complexity of the evaluation, some metrics can be skipped during the evaluation design
procedure based on the designer’s judgement.

3.4. User Study Design

In order to evaluate objective components with UX, a user study is necessary. Maguire
(2001) describes the controlled user test method as the chance to “gather information about the
users' performance with the system, their comments as they operate it, their post-test reactions
and the evaluator's observations”. This user study of evaluation is twofold. First, we need to
build up a series of tasks which as close as possible towards the real usage scenarios. Second, we

perform measures upon the task in order to collect data.
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Figure 2. Evaluation Flows

3.4.1. Task
3.4.1.1. Minimal Task Category

In this section we will introduce a guideline to design evaluation tasks for the user study.
Based on the research listed above and in appendix C, with the consideration of daily usage in
business, we have managed to come up with a task set that would fit business visualization
better:

e Precise Select/Identify: Given characteristic, find something specific (e.g. find the

largest amount of sales)
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e Fuzzy Select/Identify: find something not specified but can be determined by
professional knowledge (e.g. find anomalies in transactions/sale data) or other
characteristics (e.g. find managers who have similar performances last year)

Select/identify should be the most common task in BI since this is how the system
transfers data into valuable information to help the decision-maker. This has also been mentioned
by Stasko (2000) and Ji Soo Yi et al. (2007). In the consideration of business purpose, we decide
to split it into precise and fuzzy based on the task purpose. In some cases, the users try to gain
some information, but may not need to retrieve exact value from the visualization. As what we
have discussed in the section, some designs may have advantages to show something fuzzy
directly, but they may take additional steps to gain exact value. For example, a pie chart is able
to show the portion of something inside an entity but needs labels or legends in order to show
exact value.

e Compare: compare two or more data elements/sets or distinguish a data
element/cluster from others (e.g. find a store manager who has a better performance
in the past season)

Compare is also a common task in data visualizations as discussed by Stasko (2000).
Whenever we have two or more data inside visualization and we need to know the relations
about them we’re most likely going to compare them. A well-designed visualization should have
optimized this process.

e Rank/Sort: Given a set of data cases, rank them according to some ordinal metric (e.g.

find top 3 best stores based on sales last year)

e Filter: Query a set of data by given conditions, may combined with other tasks (e.g.

find the best store in North Dakota)

29



Rank/sort and filter are widely used in data analysis as well. Amar et al. (2005) and
Etemadpour et al. (2015) have discussed this in their research. These tasks will benefit from
user’s interaction. A well-designed system should provide sufficient tools to boost these
procedures.

e Cluster/segmentation: Cluster data points that have similar characteristics (e.g. find
the average sales of all the stores in a specific area; find a state that has more sales
last year)

e Correlate: Find the relationship between two or more elements, include trending (e.g.
which store has the fastest increase in sales)

Amar et al. also propose these two tasks in their research. Both tasks above are about the
relations of multiple data. There are two use cases for clustering/segmentation and correlate.
First, for time-dependent visualization, cluster/segment is able to show the trend over time. On
the other hand, for time-independent visualizations, cluster/segment and correlate are used to
show characteristic in other field (such as geometry), and are widely used to detects anomaly in a
data set.

e Estimate: Based on the information visualized, make an estimate of something that is
not shown precisely, either because of hidden data (e.g. estimate how many stores
available in North Dakota) or unavailable data (e.g. estimate the total sales next year
across the country)

Estimate, proposed by Etemadpour et al. (2015), is a new but important task in business

intelligence. Different from visualization used in other fields, the business decision-maker is

focusing on prediction. Well-designed business visualization should benefit this process.

30



Table 2. Category of tasks used in framework

Task

Description

Precise Select/ Identify

Fuzzy Select/ Identify

Compare

Rank/ Sort

Filter
Cluster/segmentation
Correlate

Estimate

Given characteristic, find something specific (e.g. Find the largest amount of
sales)

Find something not specified but can be determined by professional
knowledge(e.g. Find anomaly transactions/ sale data) or other characteristics (e.g.
Find managers that has similar performance last year)

Compare two or more data elements/ sets or distinguish a data element/ cluster
from others (e.g. Find store manager that has a better performance in the past
season)

Given a set of data cases, rank them according to some ordinal metric. (e.g. find
top 3 best stores based on sales last year)

Query a set of data by given conditions, may combined with other tasks (e.g. find
the best store in North Dakota)

Cluster data points that has similar characteristics (e.g. Find the average sales for
all the stores in a specific area; Find a state have more sales last year)

Find the relationship between two or more elements, include trending (e.g. which
store has the fastest increase in sales)

Based on the information visualized, make an estimate of something that is not
shown precisely, either because hidden data (e.g. estimate how many stores
available in North Dakota) or data not available (e.g. estimate the total sales next
year across the country)

From the study provided above, we have discovered the past achievement for user’s task

on visualization and interactions. However, this research aims at general comparisons or

prepared for their study in a different field. Since we focus on BIV, we need to adjust the task

settings to fit the demands best.

With the novel business-related categorization of tasks, we can build high-level tasks that

are closer to the real world but have more controls for analysis. For example, with a given

warehouse dataset, a normal use case is to retrieve sales data based on time or destination. These

tasks can be easily built by combining Precise select/ Compare/ Rank/ Cluster/ etc. depends on

the interaction/visualization technique used. Controversially, we can also evaluate different

designs by testing on different scenarios that built by selected low-level tasks. Our

categorization, coupled with our evaluation frameworks, as well as higher-level user tasks and
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scenarios, would provide a holistic evaluating performance that tracks BIV performance closer to
a real business context.
3.4.1.2. Combined Tasks

In the research proposed by Lee et al. (2006), they have noticed several tasks above the
low-level task. Based on the low-level tasks, we can also build up some combined tasks.
However, since the combinations have so many possibilities, here we will only demonstrate
some examples.

Connectivity: This is a combination with precise/ fuzzy select, compare, and correlate.
For example, user finds warehouses with the largest demands, and links them together for a best
route to resupply.

Strategy making: This is a combination with fuzzy select, cluster, and estimate. For
example, the user uses heat-map to read sales in different areas, and make estimation for next
season.

3.4.2. User-Centered Methods

As stated by many studies in the literature, the “UX is dynamic, context-dependent, and
subjective” (Law et al., 2009). Usability assessments in the literature have been conducted using
different methods and for different purposes (Alomari et al., 2020). One possible approach is to
leverage user centered design that involves speaking directly to the user at key points in the
project to ensure it delivers on their needs and requirements. As Ntoa expressed in 2021, user
testing is the most fundamental evaluation method and cannot be completely replaced by any

other method. Some key methodologies that are commonly used are:
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Focus Groups: A focus group involves encouraging an invited group of intended or
actual users of a site or digital service (i.e. participants) to share their thoughts,
feelings, attitudes, and ideas on a certain subject.

Usability Testing: Usability testing sessions evaluate a site by collecting data from
people as they use it. A person is invited to attend a session in which they'll be asked
to perform a series of tasks while a moderator takes note of any difficulties they
encounter.

Card Sorting: Card sorting is a method for suggesting intuitive structures/categories.
A participant is presented with an unsorted pack of index cards. Each card has a
statement written on it that relates to a page of the site.

Participatory Design: Participatory design does not just ask users for their opinions on
design issues, but actively involves them in the design and decision-making processes.
Questionnaires: A questionnaire or quantitative survey is a type of user research that
asks users for their responses to a pre-defined set of questions and are a good way of
generating statistical data.

Interviews: An interview usually involves one interviewer speaking to one participant

at a time.

A combination of multiple methods in a single experiment may bring better results. We

can combine UCD methodologies with psychological experiment design theory to perform

behavioral experiments. Behavioral experiments are planned experiential activities to test the

validity of a belief.

A/B testing is another user experience research methodology (Young, 2014). A/B tests

consist of a randomized experiment with two variants, A and B. These values are similar except

33



for one variation which might affect a user's behavior (Kohavi et al., 2020). A/B tests are widely
considered the simplest form of controlled experiment.
3.4.2.1. Experiment Design

A typical experiment design would involve different BIV designs. Following A/B testing
principle, we can either run within-group test or between-group test depends on the participant
group size. The independent variable can be set to any element we have discussed above, such as
design, interactions, etc. These elements should be different in the designs that are being tested.
However, for those variables that are not changing between designs, we have to treat them as
controlled variable and reduce side effects. The goal of such experiment is to observe expected
difference between designs.
3.4.2.2. Questionnaires and Interviews

Empirical evaluation techniques are used to determine actual measures of efficiency,
effectiveness and satisfaction (Faulkner, 2000). The available techniques include field tests,
observations, interviews, questionnaires and formal usability testing (Wesson, 2002). In BIV
evaluation, with the consideration of costs and objectives, the most efficient measures would be
questionnaires and interviews. This can also be divided into several categories based on the
timing of taken: pre-context, pre-test, in-test, post-test, post-context.

Pre-context questionnaire, or as known as background survey, is a common approach
towards user’s background. The purpose of this stage is also to gather data about each
participant’s expectations and frames of reference for the user experience to be tested. As we
discussed above, user’s background is important in this framework (Thayer and Dugan, 2009). A
user with or without professional background may lead to a huge difference in feedback. Thus,

beside from the common background survey which focusing on age group, gender, race, etc., the
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background survey in our framework should also cover user’s education, profession, and
experience of computing device usage or data management.

In-test questionnaire, which are taken right after a single task, would be the most direct
way to measure user’s feedback. The goal of this stage is to gather feedback on the specific
features or areas of the product that relate to the experience goals (Thayer and Dugan, 2009). The
time between task and measure are close, which would bring up clearer thoughts from the user’s
perspective. But this also suffers from user’s characteristics factors, which may lead to reduction
of reliability for data measured. In addition, if a study has a lot of tasks, this kind of
questionnaire may lead to extra workload and frustration for users.

Post-test questionnaire is taken while user has finished a set of tasks. The purpose of this
stage is to ask the participant to reflect on his or her experience with the product under study, and
then compare the actual experience to the anticipated experience (Thayer and Dugan, 2009). The
goal of this stage is to gather participant feedback about the total user experience, but to gather
that feedback in a way that provides measures for our evaluations.

Interview is also a good approach to collect users’ feedback. It can be tracked back to
1960 by Thomas et al. Post-context interview or questionnaire is taken after all tasks are done.
The purpose of this stage is to gather general information about participants’ responses to the
experience they had during the study (Thayer and Dugan, 2009). Maguire (2001) states that the
post-experience interview is “a prespecified list of items...allowing the user freedom to express
additional views that they feel are important”

Wright et al. (2008) have managed this info and line them up as shown in table 3:
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Table 3. Category of questionnaires and interviews used in framework

Study stage and usability testing goal ~ Data collection method(s)

Stage 1: Pre-context questionnaire Pre-experience interview, pretest questionnaire

Study 2: Post-context questionnaire Post-task questionnaire

Study 3: Controlled user test Performance data, think-aloud protocol, evaluator observations
Study 4: Post-test questionnaire Post-test questionnaire, satisfaction questionnaire

Study 5: Post-experience interview Post-experience interview
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4. USER STUDY
4.1. Purpose
We have conducted a user study in order to apply our theory and framework into an
actual evaluation case. This demonstrated how to use our framework on given visualizations. In
the meantime, we can use the proposed user-centralized evaluation to identify the insufficient
parts of a given BI system and provide guidance to improve.
4.2. Experimental Design
This experiment is a within-group design. We selected design complexity as the
independent variable. This includes interaction types and design types. Specifically, the system
has three design types with increasing complexity in color and interaction. Figure 3 demonstrates
a chart selected for one of the designs. Design one has the lowest complexity without toolbars.
There is no interaction for this design. It contains minimum visual elements with white/black
color and stripe patterns (see Figure 3 (a)). Only two charts have a legend in this design with the
toolbars. Design two has the medium complexity. We applied blue colors with different
brightness to the chart elements (see Figure 3 (b)). Most charts have a legend and simple
interactions, such as horizontal movement and one-dimensional zooming, element selection, and
reset. Design three has the highest design complexity. We utilized colors with different hue
values (see Figure 3 (c)) to classify data and provide a call-out box to display additional
information. Similar to design two, the legend is shown in the charts. But the interaction is more
complex in design three. Users can perform move and zoom the charts in two dimensions. The

toolbar enables the participants to amplify or select the chart elements and toggle call-out boxes.
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Figure 3. Color selection for different design complexity levels
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Figure 4. An example of chart for one of three designs

The dependent variables focus on the participants’ efficiency decision making during the
business assessment, recognition, and strategy selection. Specifically, our dependent variables
will be impacted in the following aspects.

e Participants’ level of mental demand, temporal demand, and efforts. We also consider

their performance and frustration level during the decision making.
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e Participants’ experience to the user interface, which includes ease of use, degree of

trust, level of design appearance and user loyalty, as well as importance of Business

Intelligence and decision complexity.

4.3. Materials

We implemented a web-based business sales information visualization system written in

HTML and JavaScript for this user study. The sample data are from a US shopping mall dataset,

including product sales, refund rate, department turnover, product price and discount change, and

the consumption of large-volume buyers, etc. The system contains different visualization types,

including treemap, bar chart, bubble chart, and scatter plot, etc. Figure 3 illustrates the design of

the user interface.
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4.4. Participants

Fouty-seven eligible participants were recruited from a Midwest university who can
speak fluent English. All the participants have normal vision or corrected vision (i.e., wear
glasses). 84% of all 47 participants identified themselves as male, and 16% as female. Among all
the participants, 8% of them are freshmen, 14% are sophomores, 33% are junior, 27% are Senior,
16% are graduate students. The subjects are from different majors. 51% are computer science,
17% are from management information systems, 11% are from computer engineering, 9% are in
computer science and mathematics major, 2% are in statistics major, another 4% are from
business analytics major, and rest 4% are from plant sciences and Electrical and Computer
Engineering. In addition, 21% of the participants have ever taken or been currently taking a class
related to business intelligence. None of the participants were familiar with data visualization at
the time of this study.

4.5. Apparatus

The experiment was conducted on a Windows 10 desktop computer in the lab. The
program was written in HTML and JavaScript and was displayed on a 24-inch LCD monitor
with a resolution of 1920 x 1080 pixels.

4.6. Procedure

During the experiment, the participants sat straight in front of the desk. Their eyes were
about 1.5 feet away from the screen. In addition, the participants were asked to use their
dominant hands to hold the mouse and operate the program. All the tasks were randomized in

ordering, and the designs were randomized in ordering as well.
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Figure 6. Procedure of the user study

Figure 6 demonstrates the process of the user study. The participants were invited into the
lab to complete the user study. After reading and signing the consent form, they were asked to
finish a pre-study questionnaire, followed by a short training that lets them familiarize the user
study approach and tasks. After that, they completed five tasks on each of three designs. In the
tasks, the participants were asked to type the answer to the question displayed next to the chart
based on their observation (see Figure 5). After each task, the participants were asked to
complete an in-study questionnaire to evaluate their experience to the task. Following is the list
of the question in each task.

Task 1: In the second half of 2014, which region has the highest sales in September?

Task 2: For the year of 2014, in which region(s) component sales surpass bike sales?

Task 3: In which month of 2015, the sales of clothing have the highest positive growth

rate?
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Task 4: Identify two US regions that experienced the highest degree of sales fluctuation
in the first half of 2014.

Task 5: Based on product sales in 2014 and 2015, which product category would you
recommend the company to focus on in their next marketing campaign? Please briefly explain
why.

Task 1 to Task 4 are about recognition. Task 5 is about strategy selection. The questions
of the in-study questionnaire were categorized into five dimensions. They are mental demand,
temporal demand, performance, effort, and frustration level.

During the test, for high-level tasks, we may take the measure of time, accuracy,
cognitive loads, time pressure, etc. These measures are based on the task that is close to real
world usage, but with the analysis shown above, we can take it down to the low-level elements
and find the relations between. However, with a deep consideration of the real-world business,
our evaluation framework does not include user’s reaction time of time cost as a measurement. A
business process is the combination of a set of activities within an enterprise with a structure
describing their logical order and dependence whose objective is to produce a desired result
(Ruth Sara Aguilar-Saven, 2004). The business decision-making process in real world may
contain a lot of interactions between humans, sometimes across departments. This will be a time-
consuming process and may lead to information loss. Comparing to the communication cost, the
time advanced from user-interaction in seconds is not a major factor for decision-making
performance.

In addition, as some other researchers have pointed out, time pressure causes selective
and reduced information search and superficial processing (Hogarth and Makridakis 1981b).

Furthermore, time pressure leads to a tendency toward ‘‘locking in on a strategy’’ (Edland and
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Svenson 1993), to simplifying strategies (Wright 1974), and to conservative behavior (Hwang
1994). Summarizing these findings, Gerrit H. van Bruggen et al. have concluded in 1998 that
time pressure will have a negative effect on decision quality and, consequently, on performance,
since decision makers are not able to use all available information in their decision-making
process.

Considering these factors, we decided not to record and count the reaction time for the
decision-making process. We believe it is more important to focus on decision-making quality
rather than speed. However, a better design will do a better job to deliver information, and it will
be shown in the user’s response as they may feel it is easier to retrieve information. Following
this path, we think we have tuned our evaluation framework closer to business needs.

After they finished all five tasks for the current design, the participants evaluated their
entire experience with the system on a post-session questionnaire on the dimension of usability,

trust, appearance, loyalty, the importance of BI, complexity, and quality.
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5. RESULT

Among the 47 participants, 3 (6%) did not complete all the tasks or answered all the
questions. Thus, we collected valid results from 44 participants. All the data collected in our
research were analyzed by SPSS 20.0.

5.1. Correctness of Tasks

The scoring metric for tasks are counted as follow: for tasks 1-4, each correct answer will
be recorded as score 1, incorrect answer will be recorded as score 0. For task 5, each properly
proposed answer worth 1 score and we count the summation.

With regard to the dimension data, chi-square analysis was conducted to do cross-
tabulation comparisons. The chi-square test indicated there were no significant differences
between different designs in task 1 (x*= 0.00, p=1.00). Regarding task 2, there were no
significant differences between the designs (x?= 3.014, p=0.222). There were no significant
differences in regard of the result from task 3 (x?= 0.266, p=0.875) and task 4 (x*=2.702,
p=0.259). Also, no significant differences have been found for task 5 (x?= 6.213, p=0.400). As it

is shown in table 4, there is no difference between all three designs among all tasks.

Table 4. Correctness of tasks result

Task 1 Task 2 Task 3 Task 4 Task 5
X 0.000 3.014 0.266 2.702 6.213
p 1.000 0.222 0.875 0.259 0.400

5.2. Task-based Ratings
The ratings for each task will be from all 5 dimensions: Efforts, Frustration Level, Mental

Demand, Performance, and Temporal Demand. However, task 5 is about strategy selection. It
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does not have a specific correct answer and may not suit for this analysis. All the detailed
statistical analyses for task 1-4 are as follows.
5.2.1. Effort (E) Degree

Table 5. ANOVA results for different designs among tasks over effort degree

Effort Design 1 (n=44) Design 2 (n=44) Design 3 (n=44) F p

Task 1 2.82+1.66 2.16+1.41 1.57+1.00 8.977 0.000
Task 2 3.25+1.64 2.84+1.45 2.32+1.23 4.558 0.012
Task 3 3.30+1.87 2.48+1.42 1.48+0.79 17.753  0.000
Task 4 4.09+1.72 3.55+1.53 2.25+1.24 17.215 0.000

We analyzed data by use of repeated analysis of variance (ANOVA). The design was the
independent variable and the effort rating of overall function task was the dependent variable. It
has shown that regard to the effort rating, there were significant differences between the designs

among all the tasks (p<0.05).

Table 6. LSD Multiple Comparison results for different designs among tasks over effort degree

Designs P

I J task 1 task 2 task 3 task 4
1 2 0.027 0.188 0.039 0.093
1 3 0.000 0.003 0.000 0.000
2 3 0.047 0.094 0.000 0.000

We performed a further analysis using LSD Multiple Comparisons. The results show that
for task 1, there are significant differences among all designs (p < 0.05). For task 2, there is
significant difference between design 1 and 3 (p < 0.01), but no significant difference between
design 1 and 2 (p > 0.05), design 2 and 3 (p > 0.05). For task 3, there are significant differences

among all designs (p < 0.05). For task 4, there are significant differences between design 1 and 3
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(p <0.001), design 2 and 3 (p < 0.001), but no difference between design 1 and 2 (p > 0.05).
Therefore, there were significant differences in general tasks’ effort between design 1, 2 and 3.
5.2.2. Frustration Level (FL) Degree

Table 7. ANOVA results for different designs among tasks over frustration level degree

Effort Design 1 (n=44) Design 2 (n=44) Design 3 (n=44) F p

Task 1 2.89+1.79 1.86+1.27 1.34+0.68 15.417  0.000
Task 2 2.95£1.78 2.61+1.59 1.66+1.03 8.819 0.000
Task 3 3.73+1.65 3.09£1.57 1.82+0.99 20.246  0.000
Task 4 3.52+2.03 3.14+1.82 1.61£0.97 16.036  0.000

We analyzed data by use of repeated analysis of variance (ANOVA). The design was the
independent variable and the frustration level of overall function task was the dependent variable.
It has shown that regard to the effort rating, there were significant differences between the

designs among all the tasks (p < 0.001).

Table 8. LSD Multiple Comparison results for different designs among tasks over frustration
level degree

Designs P

I J task 1 task 2 task 3 task 4
1 2 0.000 0.288 0.008 0.280
1 3 0.000 0.000 0.000 0.000
2 3 0.067 0.003 0.001 0.000

We performed a further analysis using LSD Multiple Comparisons and the results show
that for task 1, there are significant differences between design 1 and 2 (p < 0.001), design 1 and
3 (p <0.001) but no difference between 2 and 3 (p > 0.05). For task 2, there are significant
differences between design 1 and 3 (p <0.001), design 2 and 3 (p < 0.01), but no significant

difference between design 1 and 2 (p > 0.05). For task 3, there are significant differences among
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all designs (p <0.01). For task 4, there are significant differences between design 1 and 3 (p <
0.001), design 2 and 3 (p < 0.001), but no difference between design 1 and 2 (p > 0.05).
Therefore, there were significant differences in general tasks’ effort between design 1, 2 and 3.
5.2.3. Mental Demand (MD) Degree

Table 9. ANOVA results for different designs among tasks over mental demand degree

Effort Design 1 (n=44) Design 2 (n=44) Design 3 (n=44) F P

Task 1 3.23£1.88 2.48+1.52 1.77£1.18 9.674 0.000
Task 2 3.52+1.50 3.32+1.47 2.39+1.38 7.630 0.001
Task 3 4.05+1.74 3.23+£1.48 2.07£1.07 20.566  0.000
Task 4 4.39+1.69 3.84+1.45 2.34+1.33 22.095  0.000

We analyzed data by use of repeated analysis of variance (ANOVA). The design was the
independent variable and the mental demand of overall function task was the dependent variable.
It has shown that regard to the effort rating, there were significant differences between the

designs among all the tasks (p <0.001).

Table 10. LSD Multiple Comparison results for different designs among tasks over mental
demand degree

Designs P

I J task 1 task 2 task 3 task 4
1 2 0.000 0.288 0.008 0.280
1 3 0.000 0.000 0.000 0.000
2 3 0.067 0.003 0.001 0.000

We performed a further analysis using LSD Multiple Comparisons. The results show that
for task 1, there are significant differences among all designs (p < 0.05). For task 2, there are
significant differences between design 1 and 3 (p <0.001), design 2 and 3 (p <0.01), but no

significant difference between design 1 and 2 (p > 0.05). For task 3, there are significant
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differences among all designs (p <0.01). For task 4, there are significant differences between
design 1 and 3 (p <0.001), design 2 and 3 (p < 0.001), but no difference between design 1 and 2
(p > 0.05). Therefore, there were significant differences in general tasks’ effort between design 1,
2 and 3.

5.2.4. Performance (P) Degree

Table 11. ANOVA results for different designs among tasks over performance degree

Effort Design 1 (n=44) Design 2 (n=44) Design 3 (n=44) F P

Task 1 6.09+1.14 6.68+0.74 6.84+0.57 9.524 0.000
Task 2 5.66+1.24 5.89+1.15 6.61+0.69 9.886 0.000
Task 3 5.52+1.23 5.98+1.09 6.73+0.54 16.321  0.000
Task 4 5.23+1.60 5.43+1.53 6.32+0.98 7.572 0.001

We analyzed data by use of repeated analysis of variance (ANOVA). The design was the
independent variable and the performance of overall function task was the dependent variable. It
has shown that regard to the effort rating, there were significant differences between the designs

among all the tasks (p < 0.001).

Table 12. LSD Multiple Comparison results for different designs among tasks over performance
degree

Designs P

I J task 1 task 2 task 3 task 4
1 2 0.001 0.313 0.035 0.494
1 3 0.000 0.000 0.000 0.000
2 3 0.381 0.002 0.001 0.004

We performed a further analysis using LSD Multiple Comparisons. The results show that
for task 1, there are significant differences between design 1 and 2 (p <0.001), design 1 and 3 (p

< 0.001) but no difference between 2 and 3 (p > 0.05). For task 2, there are significant
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differences between design 1 and 3 (p <0.001), design 2 and 3 (p < 0.01), but no significant
difference between design 1 and 2 (p > 0.05). For task 3, there are significant differences among
all designs (p < 0.05). For task 4, there are significant differences between design 1 and 3 (p <
0.001), design 2 and 3 (p < 0.01), but no difference between design 1 and 2 (p > 0.05). Therefore,
there were significant differences in general tasks’ effort between design 1, 2 and 3.

5.2.5. Temporal Demand (TD) Degree

Table 13. ANOVA results for different designs among tasks over temporal demand degree

Effort Design 1 (n=44) Design 2 (n=44) Design 3 (n=44) F p

Task 1 2.14+1.46 1.64+0.99 1.52+0.98 3.470  0.034
Task 2 2.30+1.36 2.18+1.30 1.75+1.04 2375  0.097
Task 3 2.55+1.68 2.07+1.25 1.52+0.88 6.736  0.002
Task 4 2.75+1.73 2.30%1.27 1.64+0.99 7.428  0.001

We analyzed data by use of repeated analysis of variance (ANOVA). The design was the
independent variable and the effort of overall function task was the dependent variable. It has
shown that regard to the temporal demand rating, there were significant differences (p < 0.05)

between the designs among all the tasks except task 2 (p > 0.05).

Table 14. LSD Multiple Comparison results for different designs among tasks over temporal
demand degree

Designs P

I J task 1 task 2 task 3 task 4
1 2 0.046 0.668 0.089 0.120
1 3 0.015 0.041 0.000 0.000
2 3 0.647 0.104 0.053 0.025

We performed a further analysis using LSD Multiple Comparisons. The results show that

for task 1, there are significant differences between design 1 and 2 (p <0.05), design 1 and 3 (p <
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0.05) but no difference between 2 and 3 (p > 0.05). For task 2, there is significant difference
between design 1 and 3 (p < 0.05), but no significant difference between design 1 and 2 (p >
0.05), design 2 and 3 (p > 0.05). For task 3, there is significant difference between design 1 and 3
(p <0.001), but no difference between design 1 and 2 (p >0.05), design 2 and 3 (p > 0.05). For
task 4, there are significant differences between design 1 and 3 (p <0.001), design 2 and 3 (p <
0.05), but no difference between design 1 and 2 (p > 0.05). Therefore, there were significant
differences in general tasks’ effort between design 1, 2 and 3.
5.3. Overall Factor Analysis

5.3.1. Item Analysis

Item-total correlation analysis was applied to calculate the correlation between the total
score and each dimension. Those that have a low correlation mean that they don’t measure the
same qualities as the whole scale. The criteria for item reduction were as follows. First, the item-
total correlations were significant (p < 0.05). Second, the items with the item-total correlations
coefficients below 0.4 were eliminated. The two criteria above guarantee the items measure the
same qualities as the whole scale. Results showed that all the correlations were significant (r =
0.410~0.924, ps< .01), which indicated on all dimensions measured, the 3 designs have
significant differences.
5.3.2. Exploratory Factor Analysis

The remaining 12 items were subjected to the exploratory factor analysis (i.e., principle

components with varimax rotation); the results show KMO = 0.942 and x%= 1495.301, p <

0.001. The level is significant, indicating that the data are suitable for factor analysis.

50



Table 15. Result of item analysis

Overall P
Usability(A) 0.894 0.000
Trust (A) 0.924 0.000
Appearance(A) 0.832 0.000
Loyalty(A) 0.906 0.000
Information Quality(A) 0.917 0.000
Decision Complexity(B) 0.410 0.000
Auxiliary Importance(B) 0.625 0.000
Decision Quality(B) 0.791 0.000
Perceived Control(C) 0.806 0.000
Perceived Responsiveness(C) 0.749 0.000
Perceived Communication(C) 0.793 0.000
Emotional Involvement(A) 0.877 0.000
Table 16. Result of factor analysis
Factor 1 Factor 2 Factor 3
Usability(A) 0.86
Trust(A) 0.857
Appearance(A) 0.825
Loyalty(A) 0.841
Information Quality(A) 0.799
Decision Complexity(B) 0.911
Auxiliary Importance(B) 0.555
Decision Quality(B) 0.704
Perceived Control(C) 0.751
Perceived Responsiveness(C) 0.729
Perceived Communication(C) 0.796
Emotional Involvement(A) 0.657

As illustrated in table above, three main principal components or factors were identified

after the exploratory factor analysis. Factor 1 includes usability, trust, appearance, loyalty,

information quality, and emotional involvement; conclude as users’ attractiveness dimension.
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Factor 2 includes decision complexity, auxiliary importance and decision quality; conclude as
users’ decision experience dimension. Factor 3 consisted of perceived control, perceived
responsiveness, perceived communication, which can be concluded as interactivity dimension.
Therefore, the resulting 12 items constituted three dimensions: Attractiveness, Decision
Experience and Interactivity. Three factors can account for 79.758% total variance.
5.3.3. Reliability

Based on the data in current study, we also conducted the internal consistency reliability
analysis respectively. The Cronbach’s o we calculated from the samples revealed that the items
of the BIV evaluation scale had high inner reliability (Cronbach’s a = 0.721). Since a is higher
than 0.70, it is showing good internal consistency for the whole questionnaire as well as its three
factors.

5.4. Dimension-based UX Difference Analysis
The results of evaluation rating for different designs on various dimensions are illustrated

in Figure 7. The detailed statistical analyses are as follows.

Table 17. Factor based ratings and total ratings

Factor 1 Factor 2 Factor 3 Total
Design 1 87.64 49.45 38.2 175.3
Design 2 108.52 56.66 40.95 206.14
Design 3 144.52 69.32 45.8 259.64
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Figure 7. Ratings for three designs
Table 18. Factor-based/ Overall LSD comparison results
factor 1 factor 2 factor 3 Total
I 1 1 2 1 1 2 1 1 2 1 1 2
J 2 3 3 2 3 3 2 3 3 2 3 3
p 0.015 0.000 0.000 | 0.103 0.000 0.000 | 0.359 0.000 0.005 | 0.024 0.000 0.000

5.4.1. The General Evaluation Rating Differences

We analyzed data by applying the repeated analysis of variance (ANOVA). Design was

the independent variable and the overall evaluation rating score was the dependent variable. The

main effect of design was significant, F(2, 80.236) = 40.082, p <0.001. The result of LSD

Multiple Comparisons among different designs showed that the general evaluation rating for

design 3 was significantly higher than design 1 (p <0.001) and design 2 (p <0.001), and the

appraisals of design 2 were significantly higher than design 1, p > 0.05. Therefore, there were

significantly differences in evaluation ratings among these three designs; design 3 performs

significantly better than other 2 designs.
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5.4.2. The Attractiveness Rating Differences

A repeated analysis of variance (ANOVA), with design as the independent variable and
the attractiveness rating as the dependent variable revealed that the main effect of design was
significant, F(2, 80.746) = 47.889, p < 0.001. The result of LSD Multiple Comparisons among
different designs showed the attractiveness appraisals of design 1 was significantly lower than
design 2 (p < 0.05) and design 3 (p < 0.001), and the attractiveness appraisals of design 3 was
significantly higher than design 2. Therefore, there were significant differences in attractiveness
appraisals among the three designs; design 3 performs significantly better than other 2 designs.
5.4.3. The Decision Experience Rating Differences

A repeated analysis of variance (ANOVA), with design as the independent variable and
the decision quality rating as the dependent variable revealed that the main design was
significant, F(2, 84.136) = 21.432, p < 0.001. The result of LSD Multiple Comparisons among
different designs showed the decision quality appraisals of design 1 was significantly lower than
design 3 (p < 0.001), but not significantly lower than design 2 (p > 0.05). The decision quality
appraisal of design 3 was significantly higher than design 2 (p < 0.001). Therefore, there were
significant differences in decision quality appraisals among the three designs; design 3 performs
significantly better than other 2 designs.
5.4.4. The Interactivity Rating Differences

A repeated analysis of variance (ANOVA), with design as the independent variable and
the interactivity rating as the dependent variable revealed that the main design was significant,
F(2, 84.149) = 10.643, p < 0.001. The result of LSD Multiple Comparisons among different
designs showed the interactivity appraisals of designl was significantly lower than design 3 (p <

0.001), but not significantly lower than design 2 (p > 0.05). And the interactivity appraisals of
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design 3 was significantly higher than design 2 (p < 0.001). Therefore, there were significant
differences in interactivity appraisals among the three designs; design 3 performs significantly

better than other 2 designs.
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6. DISCUSSION

We have demonstrated a novel evaluation framework that can be used in business
intelligence visualization (BIV). First, we did an extensive survey to obtain a good understanding
of research progress on BIV evaluation and related fields, and then established a conceptual
framework. Second, with a user study approach, we have implemented this framework with a set
of questionnaires to demonstrate how our framework can be used in real business.

6.1. Rationality of Framework

This framework is obtained through systematic literature investigation and analysis. Our
research team conducted a survey across past research related to UX and business needs. We
have investigated several fields, such as BI, Visualization, UX, evaluation and Decision-making.
Based on literature analysis and professional understanding of this area, the research team
constructed an evaluation framework for UX of BIV. In this framework, the definition of each
element and the relationship of each potential element are based on selected literature. All these
have provided a solid foundation for the rationality of this framework.

Especially, compared with Baci¢ and Fadlalla (2016), the set of independent variables we
summarized have more advantages in UX research. Although according to visual mental
abilities, Baci¢ and Fadlalla (Baci¢ & Fadlalla, 2016) proposed BIV elements as independent
variables such as perception, cognition, memory etc., these elements are too abstract and indirect
for BIV designers. For example, if the perception of BIV affects the users’ decision-making
performance, how can we through perception quickly identify the corresponding problems of
visual design? It is difficult for designers to manipulate. Therefore, in our framework, the
independent variables are related to attributes of the system itself or users, including users’

background, data characteristics, interaction, design, etc. These independent variables are more
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practical and easier to manipulate for designers of BIV. Therefore, for both users and designers,
our framework is a reasonable framework, because it embodies the human centric design
philosophy.

Overall user experience, a crucial sub-framework of our framework, has good validity
and reliability. First, correlation analysis showed that all 12 sub-elements of overall UX certainly
measure BIV's user experience. Secondly, discrimination analysis proved that the assumed 12
sub-elements of overall UX can well distinguish BIV designs with different design quality.
Third, exploratory factor analysis confirmed three main factors of overall UX within the sub-
frame we proposed: attraction, decision evaluation and interaction. The statistical results of
Cronbach's a show that the measurement of the overall UX has high stability and reliability.

Information quality was initially considered to be a sub-element of decision experience,
but exploratory factor analysis found that information quality was classified into the
attractiveness. According to the literature analysis, information quality refers to "relative
efficiency to provide the relevant information for the viewer" (Tractinsky & Meyer, 09 1999),
focusing on whether information is easily to extract, interpret and use etc. Although information
quality has a significant impact on decision quality (Visinescu et al., 2017), it does not directly
reflect the decision quality, but is closer to visual design of interfaces, so it is more reasonable to
belong to the category of attractive subframe. Figure W shows the structure of overall UX based
on exploratory factor analysis.

6.2. Practical Application of UXBIV Framework

Our research fulfills a pressing need in the field of BIV research. First, the current

research and applications of BIV requires an evaluation for UX, but research in this field is still

in its infancy. Theoretical and methodological development in this field lags behind the overall
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level of current user experience research. Secondly, BIV visualization designers are more
focused on research and development new visualization technology. UX evaluation involving
theories and methods in psychology, decision science and other fields, but lack of a systematic
evaluation guide, which also greatly affects the development of user experience research in the
field of BIV. Third, "user-centered" is an important principle that has emerged in interaction
design in recent years. In order to promote users' perception, analysis and application of business
information, BIV visualization should also emphasize “user-centered” principle. Therefore, it is
very important and urgent to carry out a series of research on user experience in the field of BIV.
The ultimate goal of this framework constructed in this research is to gain insight into the user
experience of BIV systems, optimize the design of BIV, and promote good understanding,

communication and interaction among BIV designers, BIV systems, and BIV users.

‘ BIV System ‘

Evaluate

Develop Serve
UXBIV

Guide Feedback

BIV Designers < Demand BIV Users

Figure 8. A typical lifecycle of BIV system

As the Figure 8 shown above, a typical lifecycle of BIV system includes three elements:
BIV users, BIV designers, and BIV system itself. Users make demands to the designers in order

to resolve real world issues and obtain BIV systems. The designers (and developers) work on to
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provide technical solutions and deliver a BIV system based on user’s demand. The built BIV
system serves the user and resolves the issues they were facing. By introducing this framework,
we can benefit all the elements: This framework is able to evaluate existing BIV system, collect
and evaluate user’s feedback, and provide a series of design principles based on UX study in
order to guide the designers to improve the BIV system. Obviously, this framework will improve
the flow of BIV system lifecycle.

Although BIV is considered to be the core component of business intelligence (Mohan,
2016), there are only several published papers on BIV user experience. At present, none of them
are UX framework specially designed for BIV. It is the first time we put forward a framework,
which provides valuable insights for this research areas. It is suitable for systematically
collecting user experience of visualization in business fields. The framework provides a powerful
tool for collecting various user experiences in detail and refining design principles. The analysis
results of this framework can observably highlight the advantages of BIV and improve the
competitiveness of BIV development enterprises.

Our framework starts from four main factors: user’s background, data characteristics,
interactions and design. Plus, we also take characteristic factors and environmental factors into
the consideration. These factors helped us to cover as many independent variables as possible.
As a dependent variable, UX analysis includes task-based UX and overall impression UX
analysis. With regard to the task-based analysis, we will evaluate BIV in decision-making tasks
with objective and subjective indicators. With respect to the overall impression UX analysis, we
will assess three main aspects: BIV Attractiveness, Decision-Making Experience and
Interactivity. User study design serves as a bridge connecting independent variables and

dependent variables. User study design provides task design, method design and research
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paradigms. Differ from existing research on UX of BIV, this framework evaluates user’s
experience far more than usability. In this framework, the most outstanding contribution lies in
the category of independent variables, task design, combination of methods and the paradigm,
and new elements of dependent variables such as decision experience and interactivity. If you
intend to evaluate the UX quality of a BIV design, you should use this framework. If you try to
compare the UX quality of a set of BIV, you should use this. If you plan to evaluate the same the
BIV design many times, for example, to find out whether the continuous optimization of BIV
design has promoted a better user experience, then you should use this.

The case study is an empirical study that combines behavioral experiment with
questionnaire survey. The purpose of this study is to demonstrate how to apply our framework
into actual evaluation of a set of BIV. According to the framework, we compare the user
experiences of three BIV designs with different complexity. The whole study contains pre-task,
in-task, post-task stages. Result analysis consists of three aspects: first, we have analyzed the
correctness of tasks, this makes sure all the designs in the tests are functional and can finish the
objective given. Then we did a task-based analysis with five subjective elements. Then we
analyzed the overall UX from three elements: BIV attractiveness, decision-making experience,
and interactivity. According to the results, design 3 with the highest design complexity is
significantly rated better than the other two designs on almost all cases on all task-based ratings
(mental demand, temporal demand, performance, effort, and frustration) and overall UX (BIV
attractiveness, decision-making experience, interactivity). Therefore, appropriately increasing the
complexity of visual design, such as color and interaction, can reduce users’ workload and

pressure, and provide more positive user experience. It shows the sensitivity of our proposed
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framework to detecting the quality of different designs and proves this framework can be used to
guide BIV design in the future.
6.3. Future Directions

With the development of BIV design, this framework should be constantly developed and
gradually updated. This section points out the future research directions in this field.

First, we only provided research on traditional platform such as personal computer with
mouse, keyboard and monitor. Nowadays there are more and more new technologies that applies
to visualizations, such as virtual realities (VR), augmented realities (AR), holographs, multi-
device visualizations, etc. Our framework may also be adjusted to better detect user experiences
of systems with these new technologies.

Second, the evaluation of BIV should adopt a combination of methods. Due to the
limitation of our lab situation, collection methods in case study are mostly subjective ratings in
questionnaire. Electrophysiology or brain-computer interface (BCI), interview and think-aloud
can play an important auxiliary role in discovering various details in system design and
understand and analyze user experience of BIV.

Third, in our user study, most of the participants are students, although many of them are
studying in business field. Considering user’s background, we need more real business
professionals to help us improve this framework. In the future, we plan to extend the test group
to business professionals. We believe they will provide us with valuable feedbacks to improve
this framework.

Finally, in view of environmental factors, such as social backgrounds (culture, economy,

etc.) and experiment contexts (online, office, etc.), in order to enhance its applicability in
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different environments, this framework may also be modified in accordance with changes in

environmental factors. This topic is also a meaningful direction in the future.
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7. CONCLUSION

This research is the first to propose a UX framework to investigate the user experience of
BIV. This framework is based on rigorous literature survey and analysis. It includes independent
variables, dependent variables, research design in UX evaluation. In this framework, the main
contributions are the classification of independent variables, task design, the combination of
methods and paradigms, and new elements of dependent variables. Moreover, we also undertook
a case study to validate this framework and evaluated three BIV designs with different
complexity. On the basis of analysis of case study combined with literature survey, we believe
that this framework is quite a reasonable framework for assessing user experience of BIV.
Besides, user experience of three BIV designs is significantly different. Design 3 with the highest
design complexity is significantly rated better than the other two designs on all task-based rating
and overall UX. Therefore, the framework provides a powerful tool for designers to evaluate user
experiences of BIV designs. It is expected that this framework can promote decision-making
performance and customer satisfaction, and enhance the competitiveness and influence of BI

development companies.

63



REFERENCES

Adeoti-Adekeye, W. B. (1997). The importance of management information systems. Library
review.

Adikari, S., McDonald, C., & Campbell, J. (2011). A design science framework for designing
and assessing user experience. International Conference on Human-Computer
Interaction, (pp. 25-34). doi:10.1007/978-3-642-21602-2 3

Adnan, W. A., Daud, N. G., & Noor, N. L. (2008). Expressive information visualization
taxonomy for decision support environment. 2008 Third International Conference on

Convergence and Hybrid Information Technology, 1, pp. 88-93.
doi:10.1109/iccit.2008.330

Ahn, M., Lee, M., Choi, J., & Jun, S. C. (2014). A review of brain-computer interface games and
an opinion survey from researchers, developers and users. Sensors, 14, 14601-14633.
doi:10.3390/s140814601

Aladwani, A. M., & Palvia, P. C. (2002). Developing and validating an instrument for measuring
user-perceived web quality. Information & management, 39, 467—476.

Alben, L. (1996). Quality of experience: defining the criteria for effective interaction design.
interactions, 3, 11-15. doi:10.1145/235008.235010

Alomari, H. W., Ramasamy, V., Kiper, J. D., & Potvin, G. (2020). A User Interface (UI) and
User eXperience (UX) evaluation framework for cyberlearning environments in
computer science and software engineering education. Heliyon, 6, €03917.

Amar, R. A., & Stasko, J. T. (2005). Knowledge precepts for design and evaluation of
information visualizations. IEEE Transactions on Visualization and Computer Graphics,
11,432-442. doi:10.1109/tvcg.2005.63

Amar, R., & Stasko, J. (2004). Best paper: A knowledge task-based framework for design and
evaluation of information visualizations. /EEE symposium on information visualization,
(pp. 143-150).

Andrienko, G., Andrienko, N., Demsar, U., Dransch, D., Dykes, J., Fabrikant, S. L., . . .
Tominski, C. (2010). Space, time and visual analytics. International journal of
geographical information science, 24, 1577-1600.

Anslow, C., Marshall, S., Noble, J., Tempero, E., & Biddle, R. (2010). User evaluation of
polymetric views using a large visualization wall. Proceedings of the 5th international
symposium on Software visualization, (pp. 25-34).

Archambault, S. G., Helouvry, J., Strohl, B., & Williams, G. (2015). Data visualization as a
communication tool. Library Hi Tech News.

64



Ariely, D. (2000). Controlling the information flow: Effects on consumers' decision making and
preferences. Journal of consumer research, 27, 233-248. doi:10.1086/314322

Ashok, P., & Tesar, D. (2008). A visualization framework for real time decision making in a
multi-input multi-output system. /IEEE Systems Journal, 2, 129—145.

Attar-Khorasani, S., & Chalmeta, R. (2022). Internet of Things Data Visualization for Business
Intelligence. Big Data. doi:10.1089/big.2021.0200

Baci¢, D., & Fadlalla, A. (2016). Business information visualization intellectual contributions:
An integrative framework of visualization capabilities and dimensions of visual
intelligence. Decision Support Systems, 89, 77-86. doi:10.1016/j.dss.2016.06.011

Barlowe, S., Liu, Y., Yang, J., Livesay, D. R., Jacobs, D. J., Mottonen, J., & Verma, D. (2011).
WaveMap: Interactively Discovering Features From Protein Flexibility Matrices Using
Wavelet-based Visual Analytics. Computer Graphics Forum, 30, pp. 1001-1010.
doi:10.1111/5.1467-8659.2011.01949.x

Bartram, L., Patra, A., & Stone, M. (2017). Affective color in visualization. Proceedings of the

2017 CHI conference on human factors in computing systems, (pp. 1364—1374).
do0i:10.1145/3025453.3026041

Basole, R. C., Huhtaméki, J., Still, K., & Russell, M. G. (2016). Visual decision support for
business ecosystem analysis. Expert Systems with Applications, 65, 271-282.

Basole, R. C., Huhtaméki, J., Still, K., & Russell, M. G. (2016). Visual decision support for
business ecosystem analysis. Expert Systems with Applications, 65, 271-282.
doi:10.1016/j.eswa.2016.08.041

Baudisch, P., Good, N., Bellotti, V., & Schraedley, P. (2002). Keeping things in context: a
comparative evaluation of focus plus context screens, overviews, and zooming.

Proceedings of the SIGCHI conference on Human factors in computing systems, (pp.
259-266). doi:10.1145/503376.503423

Beck, F., Burch, M., Diehl, S., & Weiskopf, D. (2017). A taxonomy and survey of dynamic
graph visualization. Computer graphics forum, 36, pp. 133—159.

Bharati, P., & Chaudhury, A. (2004). An empirical investigation of decision-making satisfaction
in web-based decision support systems. Decision support systems, 37, 187-197.

Blackwell, A. F., Britton, C., Cox, A., Green, T. R., Gurr, C., Kadoda, G., . . . others. (2001).
Cognitive dimensions of notations: Design tools for cognitive technology. International
Conference on Cognitive Technology, (pp. 325-341).

Blum, M., Pentland, A., & Troster, G. (2006). Insense: Interest-based life logging. IEEE
MultiMedia, 13,40-48.

65



Bojko, A. A. (2009). Informative or misleading? Heatmaps deconstructed. International
conference on human-computer interaction, (pp. 30-39).

Borland, D., & Ii, R. M. (2007). Rainbow color map (still) considered harmful. IEEE computer
graphics and applications, 27, 14-17.

Brooks, B., Gilbuena, D., Krause, S., & Koretsky, M. (2014). Using word clouds for fast,
formative assessment of students’ short written responses. Chemical Engineering
Education, 48, 190—198.

BSEN, I. S., & STANDARD, B. R. (2010). Ergonomics of human-system interaction. British
Standatds Institution.

Buja, A., Cook, D., & Swayne, D. F. (1996). Interactive high-dimensional data visualization.
Journal of computational and graphical statistics, 5, 78-99. doi:10.2307/1390754

Cao, M., Stewart, A., & Leonard, N. E. (2008). Integrating human and robot decision-making
dynamics with feedback: Models and convergence analysis. 2008 47th IEEE Conference
on Decision and Control, (pp. 1127-1132).

Carswell, C. M., Emery, C., & Lonon, A. M. (1993). Stimulus complexity and information
integration in the spontaneous interpretations of line graphs. Applied Cognitive
Psychology, 7, 341-357.

Carter, D. B., & Signorino, C. S. (2010). Back to the future: Modeling time dependence in binary
data. Political Analysis, 18,271-292.

Cawthon, N., & Moere, A. V. (2006). A conceptual model for evaluating aesthetic effect within

the user experience of information visualization. Tenth International Conference on
Information Visualisation (IV'06), (pp. 374-382).

Cawthon, N., & Moere, A. V. (2006). A conceptual model for evaluating aesthetic effect within
the user experience of information visualization. Tenth International Conference on
Information Visualisation (IV'06), (pp. 374-382).

Cawthon, N., & Moere, A. V. (2007). The effect of aesthetic on the usability of data
visualization. 2007 11th International Conference Information Visualization (IV'07), (pp.
637-6438).

Chan, W. W.-Y. (2006). A survey on multivariate data visualization. Department of Computer
Science and Engineering. Hong Kong University of Science and Technology, 8, 1-29.

Chandler, P., & Sweller, J. (1991). Cognitive load theory and the format of instruction.
Cognition and instruction, 8,293-332.

Chen, C., & Czerwinski, M. P. (2000). Empirical evaluation of information visualizations: an
introduction. International journal of human-computer studies, 53, 631-635.

66



Cho, Y. C., & Sagynov, E. (2015). Exploring factors that affect usefulness, ease of use, trust, and
purchase intention in the online environment. International journal of management &
information systems, 19,21-36. doi:10.19030/ijmis.v19i1.9086

Chung, W., & Leung, A. (2007). Supporting web searching of business intelligence with
information visualization. IEEE/WIC/ACM International Conference on Web Intelligence
(WI'07), (pp. 807-811). doi:10.1109/wi.2007.4427193

Clark Jr, T. D., & Jones, M. C. (2008). An experimental analysis of the dynamic structure and
behavior of managerial support systems. System Dynamics Review: The Journal of the
System Dynamics Society, 24, 215-245. doi:10.1002/sdr.401

Clark Jr, T. D., Jones, M. C., & Armstrong, C. P. (2007). The dynamic structure of management
support systems: theory development, research focus, and direction. Mis Quarterly, 579—
615.

Cleveland, W. S., Diaconis, P., & McGill, R. (1982). Variables on scatterplots look more highly
correlated when the scales are increased. Science, 216, 1138—-1141.

Cohen, M. D., March, J. G., & Olsen, J. P. (1972). A garbage can model of organizational
choice. Administrative science quarterly, 1-25.

Conati, C., Carenini, G., Toker, D., & Lall¢, S. (2015). Towards user-adaptive information
visualization. Twenty-Ninth AAAI Conference on Artificial Intelligence.

Conti, G., Ahamad, M., & Stasko, J. (2005). Attacking information visualization system usability
overloading and deceiving the human. Proceedings of the 2005 symposium on Usable
privacy and security, (pp. 89—100).

Croxton, F. E., & Stein, H. (1932). Graphic comparisons by bars, squares, circles, and cubes.
Journal of the American Statistical Association, 27, 54—60.
doi:10.1080/01621459.1932.10503227

Dadzie, A.-S., & Rowe, M. (2011). Approaches to visualising linked data: A survey. Semantic
Web, 2, 89—124.

Dasgupta, A., Poco, J., Bertini, E., & Silva, C. T. (2015). Reducing the analytical bottleneck for
domain scientists: Lessons from a climate data visualization case study. Computing in
science & engineering, 18, 92—100.

Dastani, M. (2002). The role of visual perception in data visualization. Journal of Visual
Languages & Computing, 13, 601-622.

De Angeli, A., Sutcliffe, A., & Hartmann, J. (2006). Interaction, usability and aesthetics: what

influences users' preferences? Proceedings of the 6th conference on Designing Interactive
systems, (pp. 271-280). doi:10.1145/1142405.1142446

67



Dedi¢, N., & Stanier, C. (2016). Measuring the success of changes to existing business
intelligence solutions to improve business intelligence reporting. International

conference on research and practical issues of enterprise information systems, (pp. 225—
236). doi:10.1007/978-3-319-49944-4 17

DeLone, W. H., & McLean, E. R. (2003). The DeLone and McLean model of information
systems success: a ten-year update. Journal of management information systems, 19, 9—
30.

Demsar, U., Buchin, K., Cagnacci, F., Safi, K., Speckmann, B., Van de Weghe, N, . . . Weibel,
R. (2015). Analysis and visualisation of movement: an interdisciplinary review.
Movement ecology, 3, 1-24.

DeSanctis, G., & Poole, M. S. (1994). Capturing the complexity in advanced technology use:
Adaptive structuration theory. Organization science, 5, 121-147.

Devens, R. M. (1868). Cyclopaedia of Commercial and Business Anecdotes: Comprising
Interesting Reminiscences and Facts, Remarkable Traits and Humors... of Merchants,
Traders, Bankers... Etc. in All Ages and Countries... D. Appleton.

Didimo, W., Liotta, G., Montecchiani, F., & Palladino, P. (2011). An advanced network
visualization system for financial crime detection. 2011 IEEE Pacific visualization
symposium, (pp. 203-210). doi:10.1109/pacificvis.2011.5742391

Dresner, H. (1989). Business intelligence. Gartner Inc.

Dudycz, H. (2015). Usability of business information semantic network search visualization. In

Proceedings of the Mulitimedia, Interaction, Design and Innnovation (pp. 1-9).
doi:10.1145/2814464.2814477

Dur, B. L. (2014). Data visualization and infographics in visual communication design education
at the age of information. Journal of arts and humanities, 3, 39-50.

Dwyer, F. R., Schurr, P. H., & Oh, S. (1987). Developing buyer-seller relationships. Journal of
marketing, 51, 11-27. doi:10.2307/1251126

Eells, W. C. (1926). The relative merits of circles and bars for representing component parts.
Journal of the American Statistical Association, 21, 119—132.

Ekman, 1., & Kajastila, R. (2009). Localization cues affect emotional judgments—results from a
user study on scary sound. Audio Engineering Society Conference: 35th International
Conference: Audio for Games.

Elmgvist, N., & Y1, J. S. (2015). Patterns for visualization evaluation. Information Visualization,
14,250-269.

Elmgvist, N., Moere, A. V., Jetter, H.-C., Cernea, D., Reiterer, H., & Jankun-Kelly, T. J. (2011).
Fluid interaction for information visualization. Information Visualization, 10, 327-340.

68



Embarak, O. (2018). Data visualization. In Data analysis and visualization using Python (pp.
293-342). Springer. doi:10.1007/978-1-4842-4109-7 7

Engelbrecht, L., Botha, A., & Alberts, R. (2015). Designing the visualization of information.
International Journal of Image and Graphics, 15, 1540005.

Eriksson, M., & Ferwerda, B. (2021). Towards a user experience framework for business
intelligence. Journal of Computer Information Systems, 61, 428—437.

Eriksson, M., & Ferwerda, B. (2021). Towards a user experience framework for business
intelligence. Journal of Computer Information Systems, 61, 428-437.

Etemadpour, R., Motta, R., de Souza Paiva, J. G., Minghim, R., De Oliveira, M. C., & Linsen, L.
(2014). Perception-based evaluation of projection methods for multidimensional data

visualization. /EEE Transactions on Visualization and Computer Graphics, 21, 81-94.
do0i:10.1109/tvcg.2014.2330617

Evelson, B., & Nicolson, N. (2008, November). Topic overview: Business intelligence. Topic
overview. Business intelligence. Retrieved from https://www.forrester.com/report/Topic-
Overview-Business-Intelligence/RES39218

Faisal, C. N., Gonzalez-Rodriguez, M., Fernandez-Lanvin, D., & de Andres-Suarez, J. (2016).
Web design attributes in building user trust, satisfaction, and loyalty for a high

uncertainty avoidance culture. [EEE Transactions on Human-Machine Systems, 47, 847—
859. doi:10.1109/thms.2016.2620901

Falkowitz, R. S. (2019, November). Information visualization or data visualization? Information
visualization or data visualization? Concentric Circle Consulting. Retrieved from
https://www.3cs.ch/information-visualization-data-visualization/

Figueiras, A. (2015). Towards the understanding of interaction in information visualization. 2015
19th International conference on information visualisation, (pp. 140—147).
doi:10.1109/iv.2015.34

Filonik, D., & Baur, D. (2009). Measuring aesthetics for information visualization. 2009 13th
international conference information visualisation, (pp. 579-584).
d0i:10.1109/iv.2009.94

Finney, D. J. (1977). Dimensions of statistics. Journal of the Royal Statistical Society: Series C
(Applied Statistics), 26, 285-289. d0i:10.2307/2346969

Fogg, B. J. (1998). Persuasive computers: perspectives and research directions. Proceedings of
the SIGCHI conference on Human factors in computing systems, (pp. 225-232).

Forsell, C., & Cooper, M. (2014). An introduction and guide to evaluation of visualization
techniques through user studies. In Handbook of human centric visualization (pp. 285—
313). Springer.

69



Forsell, C., & Johansson, J. (2010). An heuristic set for evaluation in information visualization.
Proceedings of the International Conference on Advanced Visual Interfaces, (pp. 199—
206).

Foudalis, I., Jain, K., Papadimitriou, C., & Sideri, M. (2011). Modeling social networks through
user background and behavior. International Workshop on Algorithms and Models for the
Web-Graph, (pp. 85-102). doi:10.1007/978-3-642-21286-4 8

Freiberger 1V, J., Jofre, A., Schneider, S., & others. (2018). The Dynamics of Infographics:
Transforming Tabular Data into an Interactive Story. Ph.D. dissertation.

Freitas, C. M., Luzzardi, P. R., Cava, R. A., Winckler, M., Pimenta, M. S., & Nedel, L. P.
(2002). On evaluating information visualization techniques. Proceedings of the working
conference on Advanced Visual Interfaces, (pp. 373-374). doi:10.1145/1556262.1556326

Freitas, C. M., Pimenta, M. S., & Scapin, D. L. (2014). User-centered evaluation of information
visualization techniques: Making the HCI-InfoVis connection explicit. In Handbook of
human centric visualization (pp. 315-336). Springer.

Fritz, J. P., & Barner, K. E. (1999). Design of a haptic data visualization system for people with
visual impairments. /EEE Transactions on rehabilitation engineering, 7, 372—-384.

Fu, B., Noy, N. F., & Storey, M.-A. (2013). Indented tree or graph? A usability study of ontology
visualization techniques in the context of class mapping evaluation. International
Semantic Web Conference, (pp. 117-134).

Fu, B., Noy, N. F., & Storey, M.-A. (2017). Eye tracking the user experience—an evaluation of
ontology visualization techniques. Semantic Web, 8, 23—-41.

Galbraith, J. R. (1974). Organization design: An information processing view. Interfaces, 4, 28—
36.

Gao, T., Dontcheva, M., Adar, E., Liu, Z., & Karahalios, K. G. (2015). Datatone: Managing
ambiguity in natural language interfaces for data visualization. Proceedings of the 28th
annual acm symposium on user interface software & technology, (pp. 489—500).

Gattis, M., & Holyoak, K. J. (1996). Mapping conceptual to spatial relations in visual reasoning.
Journal of Experimental Psychology: Learning, Memory, and Cognition, 22, 231.

Ge, M., & Helfert, M. (2013). Impact of information quality on supply chain decisions. Journal
of Computer Information Systems, 53, 59-67.

Gershon, N., & Eick, S. G. (1997). Information visualization applications in the real world. /EEE
Computer Graphics and Applications, 17, 66a—66a.

Gessner, G. H., & Volonino, L. (2005). Quick response improves returns on business intelligence
investments. Information systems management, 22, 66—74.

70



Ghodsypour, S. H., & O'Brien, C. (1998). A decision support system for supplier selection using
an integrated analytic hierarchy process and linear programming. International journal of
production economics, 56, 199-212.

Goldberg, J., & Helfman, J. (2011). Eye tracking for visualization evaluation: Reading values on
linear versus radial graphs. Information visualization, 10, 182—195.

Goodwin, S., Dykes, J., Jones, S., Dillingham, I., Dove, G., Duffy, A., ... Wood, J. (2013).
Creative user-centered visualization design for energy analysts and modelers. /EEE
transactions on visualization and computer graphics, 19, 2516-2525.

Gorodov, E. Y., & Gubarev, V. V. (2013). Analytical review of data visualization methods in
application to big data. Journal of Electrical and Computer Engineering, 2013.
doi:10.1155/2013/969458

Gounder, M. S, Iyer, V. V., & Al Mazyad, A. (2016). A survey on business intelligence tools for
university dashboard development. 2016 3rd MEC International Conference on Big Data
and Smart City (ICBDSC), (pp. 1-7). doi:10.1109/icbdsc.2016.7460347

Grund, C. K., Schelkle, M., & Hurm, M. (2017). Architecture and evaluation design of a
prototypical serious game for business information visualization.

Gutiérrez, A., & Pérez, C. B. (2016). Data visualization process through storytelling technique in
Business Intelligence. Avances en Interaccion Humano-Computadora, 49-52.

Hao, M. C., Keim, D. A., Dayal, U., & Schneidewind, J. (2006). Business process impact
visualization and anomaly detection. Information Visualization, 5, 15-27.

Haroz, S., Kosara, R., & Franconeri, S. L. (2015). Isotype visualization: Working memory,
performance, and engagement with pictographs. Proceedings of the 33rd annual ACM
conference on human factors in computing systems, (pp. 1191-1200).

Harrison, L., Chang, R., & Lu, A. (2012). Exploring the impact of emotion on visual judgement.
2012 IEEE Conference on Visual Analytics Science and Technology (VAST), (pp. 227—
228).

Harrison, L., Yang, F., Franconeri, S., & Chang, R. (2014). Ranking visualizations of correlation
using weber's law. IEEE transactions on visualization and computer graphics, 20, 1943—
1952.

Hart, S. G. (1986). NASA task load index (TLX).

Hassenzahl, M. (2001). The effect of perceived hedonic quality on product appealingness.
International Journal of Human-Computer Interaction, 13, 481-499.

Hassenzahl, M., Diefenbach, S., & Goritz, A. (2010). Needs, affect, and interactive products—
Facets of user experience. Interacting with computers, 22, 353-362.
doi:10.1016/j.intcom.2010.04.002

71



Healey, C. G. (1996). Choosing effective colours for data visualization. Proceedings of Seventh
Annual IEEFE Visualization'96, (pp. 263-270).

Heer, J., Kong, N., & Agrawala, M. (2009). Sizing the horizon: the effects of chart size and
layering on the graphical perception of time series visualizations. Proceedings of the

SIGCHI conference on human factors in computing systems, (pp. 1303—-1312).
do0i:10.1145/1518701.1518897

Heer, J., Mackinlay, J., Stolte, C., & Agrawala, M. (2008). Graphical histories for visualization:
Supporting analysis, communication, and evaluation. /[EEE transactions on visualization
and computer graphics, 14, 1189-1196.

Heer, J., Viégas, F. B., & Wattenberg, M. (2007). Voyagers and voyeurs: supporting
asynchronous collaborative information visualization. Proceedings of the SIGCHI
conference on Human factors in computing systems, (pp. 1029—1038).

Helweg-Larsen, R., & Helweg-Larsen, E. (2007). Business visualization: a new way to
communicate financial information. Business Strategy Series.

Heo, M., & Hirtle, S. C. (2001). An empirical comparison of visualization tools to assist
information retrieval on the Web. Journal of the American Society for Information
Science and Technology, 52, 666—675.

Herman, 1., Melangon, G., & Marshall, M. S. (2000). Graph visualization and navigation in
information visualization: A survey. IEEE Transactions on visualization and computer
graphics, 6, 24-43.

Hollands, J. G., & Spence, 1. (1992). Judgments of change and proportion in graphical
perception. Human factors, 34, 313—334. doi:10.1177/001872089203400306

Hollands, J. G., & Spence, L. (1998). Judging proportion with graphs: The summation model.
Applied Cognitive Psychology: The Official Journal of the Society for Applied Research
in Memory and Cognition, 12, 173-190.

Hong, J. I., & Landay, J. A. (2001). WebQuilt: a framework for capturing and visualizing the
web experience. Proceedings of the 10th international conference on World Wide Web,
(pp. 717-724).

Hornbak, K. (2006). Current practice in measuring usability: Challenges to usability studies and
research. International journal of human-computer studies, 64, 79—102.

Hrimech, H., Alem, L., & Merienne, F. (2011). How 3D interaction metaphors affect user
experience in collaborative virtual environment. Advances in Human-Computer
Interaction, 2011. doi:10.1155/2011/172318

Hu, M., Wongsuphasawat, K., & Stasko, J. (2016). Visualizing social media content with
sententree. IEEE transactions on visualization and computer graphics, 23, 621-630.

72



Hullman, J., Adar, E., & Shah, P. (2011). Benefitting InfoVis with Visual Difficulties. IEEE
Transactions on Visualization and Computer Graphics, 17, 2213-2222.
doi:10.1109/TVCG.2011.175

Hung, Y.-H., & Parsons, P. (2017). Assessing user engagement in information visualization.
Proceedings of the 2017 CHI Conference Extended Abstracts on Human Factors in
Computing Systems, (pp. 1708—1717).

Hwang, M. L. (1994). Decision making under time pressure: a model for information systems
research. Information & Management, 27, 197-203. doi:10.1016/0378-7206(94)90048-5

Imamoglu, V. (1985). Social Background and User Response. doi:10.1080/09613218508551218

Isenberg, T., Isenberg, P., Chen, J., Sedlmair, M., & Moller, T. (2013). A systematic review on
the practice of evaluating visualization. /EEE Transactions on Visualization and
Computer Graphics, 19,2818-2827.

Isik, O., Jones, M. C., & Sidorova, A. (2011). Business intelligence (BI) success and the role of
BI capabilities. Intelligent systems in accounting, finance and management, 18, 161-176.

Jang, H., & Han, S. H. (2022). User experience framework for understanding user experience in
blockchain services. International Journal of Human-Computer Studies, 158, 102733.
doi:10.1016/j.ijhcs.2021.102733

Janvrin, D. J., Raschke, R. L., & Dilla, W. N. (2014). Making sense of complex data using
interactive data visualization. Journal of Accounting Education, 32, 31-48.

Jian, J.-Y., Bisantz, A. M., & Drury, C. G. (2000). Foundations for an empirically determined
scale of trust in automated systems. International journal of cognitive ergonomics, 4, 53—
71. doi:10.1207/s15327566ijce0401 04

Jiang, Z., Chan, J., Tan, B. C., & Chua, W. S. (2010). Effects of interactivity on website
involvement and purchase intention. Journal of the Association for Information Systems,
11,1.doi:10.17705/1jais.00218

Johnson, G. J., Bruner II, G. C., & Kumar, A. (2006). Interactivity and its facets revisited:
Theory and empirical test. Journal of advertising, 35, 35-52. d0i:10.2753/j0a0091-
3367350403

Jooste, C., Van Biljon, J., & Botha, A. (2018). A conceptual framework representing the user
experience for business intelligence front-ends. 2018 international conference on
advances in big data, computing and data communication systems (icabcd), (pp. 1-8).

Jordan, K., & Schiano, D. J. (1986). Serial processing and the parallel-lines illusion: Length
contrast through relative spatial separation of contours. Perception & Psychophysics, 40,
384-390.

73



Jourdan, Z., Rainer, R. K., & Marshall, T. E. (2008). Business intelligence: An analysis of the
literature. Information systems management, 25, 121-131.

Juarez-Espinosa, O. (2003). CAEVA: cognitive architecture to evaluate visualization
applications. Proceedings on Seventh International Conference on Information
Visualization, 2003. IV 2003., (pp. 589-594).

Julien, C.-A., Leide, J. E., & Bouthillier, F. (2008). Controlled user evaluations of information
visualization interfaces for text retrieval: Literature review and meta-analysis. Journal of
the American Society for Information Science and Technology, 59, 1012—1024.

Kahneman, D. (1979). Prospect theory: An analysis of decisions under risk. Econometrica, 47,
278.

Kaltoft, M., Cunich, M., Salkeld, G., & Dowie, J. (2014). Assessing decision quality in patient-
centred care requires a preference-sensitive measure. Journal of health services research
& policy, 19, 110-117.

Kariv, S., & Silverman, D. (2013). An old measure of decision-making quality sheds new light
on paternalism. Journal of Institutional and Theoretical Economics (JITE)/Zeitschrift fiir
die gesamte Staatswissenschaft, 29-44.

Kay, M., & Heer, J. (2015). Beyond weber's law: A second look at ranking visualizations of
correlation. /EEE transactions on visualization and computer graphics, 22, 469—478.

Kehrer, J., & Hauser, H. (2012). Visualization and visual analysis of multifaceted scientific data:
A survey. [EEE transactions on visualization and computer graphics, 19, 495-513.

Keim, D. A. (2002). Information visualization and visual data mining. /[EEE transactions on
Visualization and Computer Graphics, 8, 1-8.

Kelleher, C., & Wagener, T. (2011). Ten guidelines for effective data visualization in scientific
publications. Environmental Modelling & Software, 26, 822—827.

Kernbach, S., Eppler, M. J., & Bresciani, S. (2015). The use of visualization in the
communication of business strategies: An experimental evaluation. International Journal
of Business Communication, 52, 164—187.

Khan, M., & Khan, S. S. (2011). Data and information visualization methods, and interactive
mechanisms: A survey. International Journal of Computer Applications, 34, 1-14.

Khan, S. M., Rahman, M., Apon, A., & Chowdhury, M. (2017). Characteristics of intelligent
transportation systems and its relationship with data analytics. In Data analytics for
intelligent transportation systems (pp. 1-29). Elsevier. doi:10.1016/b978-0-12-809715-
1.00001-8

Khawaja, M. A., Chen, F., & Marcus, N. (2014). Measuring cognitive load using linguistic
features: implications for usability evaluation and adaptive interaction design.

74



International Journal of Human-Computer Interaction, 30, 343-368.
do0i:10.1080/10447318.2013.860579

Kim, M. C., Zhu, Y., & Chen, C. (2016). How are they different? A quantitative domain
comparison of information visualization and data visualization (2000-2014).
Scientometrics, 107, 123—-165. doi:10.1007/s11192-015-1830-0

Klein, G. A., Orasanu, J., Calderwood, R., Zsambok, C. E., & others. (1993). Decision making in
action: Models and methods.

Knaflic, C. N. (2015). Storytelling with data: A data visualization guide for business
professionals. John Wiley & Sons.

Kohavi, R., Tang, D., & Xu, Y. (2020). Trustworthy online controlled experiments: A practical
guide to a/b testing. Cambridge University Press.

Kong, N., Heer, J., & Agrawala, M. (2010). Perceptual guidelines for creating rectangular
treemaps. IEEFE transactions on visualization and computer graphics, 16, 990-998.

Kopanitsa, G., Veseli, H., & Yampolsky, V. (2015). Development, implementation and
evaluation of an information model for archetype based user responsive medical data
visualization. Journal of Biomedical Informatics, 55, 196-205.

Korczak, J., Dudycz, H., Nita, B., Oleksyk, P., & Kazmierczak, A. (2016). Attempt to extend
knowledge of Decision Support Systems for small and medium-sized enterprises. 2016

Federated Conference on Computer Science and Information Systems (FedCSIS), (pp.
1263-1271).

Koshman, S. (2005). Testing user interaction with a prototype visualization-based information
retrieval system. Journal of the American Society for Information Science and
Technology, 56, 824—833. d0i:10.1002/as1.20175

Kremer, S., & Lindemann, U. (2015). A framework for understanding, communicating and
evaluating user experience potentials. 20th International Conference on Engineering

Design (ICEDI5), (pp. S-517).

Kurosu, M., & Kashimura, K. (1995). Apparent usability vs. inherent usability: experimental
analysis on the determinants of the apparent usability. Conference companion on Human
factors in computing systems, (pp. 292-293).

Lallé, S., Conati, C., & Carenini, G. (2016). Predicting Confusion in Information Visualization
from Eye Tracking and Interaction Data. IJCAI, (pp. 2529-2535).

Lallé, S., Conati, C., & Carenini, G. (2017). Impact of individual differences on user experience

with a visualization interface for public engagement. adjunct publication of the 25th
conference on user modeling, Adaptation and Personalization, (pp. 247-252).

75



Lam, H., Bertini, E., Isenberg, P., Plaisant, C., & Carpendale, S. (2011). Seven guiding scenarios
for information visualization evaluation.

Lam, H., Bertini, E., Isenberg, P., Plaisant, C., & Carpendale, S. (2012). Empirical Studies in
Information Visualization: Seven Scenarios. IEEE Transactions on Visualization and
Computer Graphics, 18, 1520-1536. doi:10.1109/TVCG.2011.279

Langer, E. J. (1975). The illusion of control. Journal of personality and social psychology, 32,
311.

Law, E. L.-C., Roto, V., Hassenzahl, M., Vermeeren, A. P., & Kort, J. (2009). Understanding,
scoping and defining user experience: a survey approach. Proceedings of the SIGCHI

conference on human factors in computing systems, (pp. 719-728).
doi:10.1145/1518701.1518813

Lee, B., Plaisant, C., Parr, C. S., Fekete, J.-D., & Henry, N. (2006). Task taxonomy for graph
visualization. Proceedings of the 2006 AVI workshop on BEyond time and errors: novel

evaluation methods for information visualization, (pp. 1-5).
doi:10.1145/1168149.1168168

Lee, J. D., & See, K. A. (2004). Trust in automation: Designing for appropriate reliance. Human
factors, 46, 50-80. doi:10.1518/hfes.46.1.50.30392

Lerman, S. E., Eskin, E., Flower, D. J., George, E. C., Gerson, B., Hartenbaum, N., . . . Moore-
Ede, M. (2012). Fatigue risk management in the workplace. Journal of Occupational and
Environmental Medicine, 54, 231-258.

Levy, E., Zacks, J., Tversky, B., & Schiano, D. (1996). Gratuitous graphics? Putting preferences
in perspective. Proceedings of the SIGCHI conference on human factors in computing
systems, (pp. 42—49).

Lewandowsky, S., & Spence, 1. (1989). Discriminating strata in scatterplots. Journal of the
American Statistical Association, 84, 682—688.

Lewis, J. R. (1991). Psychometric evaluation of an after-scenario questionnaire for computer
usability studies: the ASQ. ACM Sigchi Bulletin, 23, 78-81. doi:10.1145/122672.122692

Li, X., Claramunt, C., & Ray, C. (2010). Computers, Environment and Urban Systems.

Lin, S., Fortuna, J., Kulkarni, C., Stone, M., & Heer, J. (2013). Selecting semantically-resonant
colors for data visualization. Computer Graphics Forum, 32, pp. 401-410.

Liu, S., Cui, W., Wu, Y., & Liu, M. (2014). A survey on information visualization: recent
advances and challenges. The Visual Computer, 30, 1373—1393.

Liu, Y. (2003). Developing a scale to measure the interactivity of websites. Journal of
advertising research, 43, 207-216. doi:10.2501/jar-43-2-207-216

76



Liu, Y., & Shrum, L. J. (2002). What is interactivity and is it always such a good thing?
Implications of definition, person, and situation for the influence of interactivity on

advertising effectiveness. Journal of advertising, 31, 53—64.
d0i:10.1080/00913367.2002.10673685

Liu, Y., Barlowe, S., Feng, Y., Yang, J., & Jiang, M. (2013). Evaluating exploratory
visualization systems: A user study on how clustering-based visualization systems
support information seeking from large document collections. Information Visualization,
12,25-43.

Liu, Y., Osvalder, A.-L., & Dahlman, S. (2005). Exploring user background settings in cognitive
walkthrough evaluation of medical prototype interfaces: a case study. International
Journal of Industrial Ergonomics, 35, 379-390. doi:10.1016/j.ergon.2004.10.004

Liu, Z., & Stasko, J. (2010). Mental models, visual reasoning and interaction in information
visualization: A top-down perspective. IEEE transactions on visualization and computer

graphics, 16, 999-1008. do1:10.1109/tvcg.2010.177

Livingston, M. A., & Decker, J. W. (2012). Evaluation of multivariate visualizations: a case
study of refinements and user experience. Visualization and Data Analysis 2012, 8294,
pp. 155-166. doi:10.1117/12.912192

Loboda, T. D., & Brusilovsky, P. (2010). User-adaptive explanatory program visualization:
evaluation and insights from eye movements. User Modeling and User-Adapted
Interaction, 20, 191-226.

Lohmann, S., Negru, S., Haag, F., & Ertl, T. (2014). VOWL 2: User-oriented visualization of
ontologies. International Conference on Knowledge Engineering and Knowledge
Management, (pp. 266-281).

Ltifi, H., Benmohamed, E., Kolski, C., & Ben Ayed, M. (2020). Adapted visual analytics process
for intelligent decision-making: application in a medical context. International journal of

information technology & decision making, 19, 241-282.
doi:10.1142/50219622019500470

Luhn, H. P. (1958). A business intelligence system. /BM Journal of research and development,
2,314-319.

Mackinlay, J., Hanrahan, P., & Stolte, C. (2007). Show me: Automatic presentation for visual
analysis. IEEE transactions on visualization and computer graphics, 13, 1137-1144.

MAGUIRE, M. A. (2001). Methods to support human-centred design. International Journal of
Human-Computer Studies, 55, 587-634. doi:https://doi.org/10.1006/ijhc.2001.0503

McCarthy, C. R. (1994). Historical background of clinical trials involving women and
minorities. Academic Medicine, 69, 695-8. doi:10.1097/00001888-199409000-00002

77



McCrickard, D. S., Czerwinski, M., & Bartram, L. (2003). Introduction: design and evaluation of
notification user interfaces. International Journal of Human-Computer Studies, 58, 509—
514.

McCurdy, N., Dykes, J., & Meyer, M. (2016). Action design research and visualization design.
Proceedings of the Sixth Workshop on Beyond Time and Errors on Novel Evaluation
Methods for Visualization, (pp. 10—-18).

McMillan, S. J., & Hwang, J.-S. (2002). Measures of perceived interactivity: An exploration of
the role of direction of communication, user control, and time in shaping perceptions of
interactivity. Journal of advertising, 31, 29-42. doi:10.1080/00913367.2002.10673674

Mercun, T. (2014). Evaluation of information visualization techniques: analysing user
experience with reaction cards. Proceedings of the Fifth Workshop on Beyond Time and
Errors: Novel Evaluation Methods for Visualization, (pp. 103—109).
doi:10.1145/2669557.2669565

Moere, A. V., & Purchase, H. (2011). On the role of design in information visualization.
Information Visualization, 10, 356-371.

Moere, A. V., Tomitsch, M., Wimmer, C., Christoph, B., & Grechenig, T. (2012). Evaluating the
effect of style in information visualization. /[EEE transactions on visualization and
computer graphics, 18, 2739-2748. doi:10.1109/tvcg.2012.221

Mohan, D. A. (2016). Big data analytics: recent achievements and new challenges. International
Journal of Computer Applications Technology and Research, 5, 460—464.
doi:10.7753/ijcatr0507.1008

Miiller, W., & Schumann, H. (2003). Visualization for modeling and simulation: visualization
methods for time-dependent data-an overview. Proceedings of the 35th conference on
Winter simulation: driving innovation, (pp. 737-745).

Munzner, T. (2009). A nested model for visualization design and validation. IEEE transactions
on visualization and computer graphics, 15, 921-928.

Norman, D., Miller, J., & Henderson, A. (1995). What you see, some of what's in the future, and
how we go about doing it: HI at Apple Computer. Conference companion on Human
factors in computing systems, (p. 155). doi:10.1145/223355.223477

North, C. (2006). Toward measuring visualization insight. I[EEE computer graphics and
applications, 26, 6-9.

Nowak, A., Karastoyanova, D., Leymann, F., Rapoport, A., & Schumm, D. (2012). Flexible
information design for business process visualizations. 2012 Fifth IEEE International
Conference on Service-Oriented Computing and Applications (SOCA), (pp. 1-8).
doi:10.1109/s0ca.2012.6449436

78



Ntoa, S., Margetis, G., Antona, M., & Stephanidis, C. (2021). User experience evaluation in
intelligent environments: A comprehensive framework. Technologies, 9, 41.
doi:10.3390/technologies9020041

Oliveros Torres, S. (2013). Interactive multivariate data exploration for risk-based decision
making.

Olsson, T. (2013). Concepts and subjective measures for evaluating user experience of mobile
augmented reality services. In Human factors in augmented reality environments (pp.
203-232). Springer.

Otten, J. J., Cheng, K., & Drewnowski, A. (2015). Infographics and public policy: using data
visualization to convey complex information. Health Affairs, 34, 1901-1907.

Owen, G. S., & others. (1999). Definitions and rationale for visualization. Recuperado el, 10.

Parenteau, J., Sallam, R. L., Howson, C., Tapadinhas, J., Schlegel, K., & Oestreich, T. W.
(2016). Magic quadrant for business intelligence and analytics platforms. Recuperado de
https://www. gartner. com/doc/reprints.

Park, H., Bellamy, M. A., & Basole, R. C. (2016). Visual analytics for supply network
management: System design and evaluation. Decision Support Systems, 91, 89—102.
doi:10.1016/j.dss.2016.08.003

Passera, S. (2012). Enhancing contract usability and user experience through visualization-an
experimental evaluation. 2012 16th International Conference on Information
Visualisation, (pp. 376-382).

Passera, S., Smedlund, A., & Liinasuo, M. (2016). Exploring contract visualization: clarification
and framing strategies to shape collaborative business relationships. Journal of Strategic
Contracting and Negotiation, 2, 69-100.

Patterson, R. E., Blaha, L. M., Grinstein, G. G., Liggett, K. K., Kaveney, D. E., Sheldon, K. C., .
.. Moore, J. A. (2014). A human cognition framework for information visualization.
Computers & Graphics, 42, 42-58.

Pfitzner, D., Hobbs, V., & Powers, D. (2003). A unified taxonomic framework for information
visualization. Proceedings of the Asia-Pacific symposium on Information visualisation-
Volume 24, (pp. 57-66).

Pillat, R. M., Valiati, E. R., & Freitas, C. M. (2005). Experimental study on evaluation of
multidimensional information visualization techniques. Proceedings of the 2005 Latin

American conference on Human-computer interaction, (pp. 20-30).
doi:10.1145/1111360.1111363

Pineo, D., & Ware, C. (2011). Data visualization optimization via computational modeling of
perception. IEEFE transactions on visualization and computer graphics, 18, 309-320.

79



Plaisant, C. (2004). The challenge of information visualization evaluation. Proceedings of the
working conference on Advanced visual interfaces, (pp. 109-116).

Power, D. J. (2002). Decision support systems: concepts and resources for managers.
Greenwood Publishing Group.

Prinzmetal, W., McCool, C., & Park, S. (2005). Attention: reaction time and accuracy reveal
different mechanisms. Journal of Experimental Psychology.: General, 134, 73.

Punchoojit, L., & Hongwarittorrn, N. (2017). Usability studies on mobile user interface design
patterns: a systematic literature review. Advances in Human-Computer Interaction, 2017.

Raghav, R. S., Pothula, S., Vengattaraman, T., & Ponnurangam, D. (2016). A survey of data
visualization tools for analyzing large volume of data in big data platform. 2016

International Conference on Communication and Electronics Systems (ICCES), (pp. 1-
6). doi:10.1109/cesys.2016.7889976

Railean, E., & others. (2014). Toward user interfaces and data visualization criteria for learning
design of digital textbooks. Informatics in Education-An International Journal, 13,255—
264.

Reichert, M., Kolb, J., Bobrik, R., & Bauer, T. (2012). Enabling personalized visualization of
large business processes through parameterizable views. Proceedings of the 27th Annual
ACM Symposium on Applied Computing, (pp. 1653—1660).

Rind, A., Aigner, W., Wagner, M., Miksch, S., & Lammarsch, T. (2016). Task cube: A three-
dimensional conceptual space of user tasks in visualization design and evaluation.
Information Visualization, 15,288-300. doi:10.1177/1473871615621602

Robinson, L., Adair, P., Coffey, M., Harris, R., & Burnside, G. (2016). Identifying the
participant characteristics that predict recruitment and retention of participants to
randomised controlled trials involving children: a systematic review. Trials, 17, 1-17.

Safar, J. A., & Turner, C. W. (2005). Validation of a two factor structure for system trust.

Proceedings of the Human Factors and Ergonomics Society Annual Meeting, 49, pp.
497-501.

Saket, B., Endert, A., & Stasko, J. (2016). Beyond usability and performance: A review of user
experience-focused evaluations in visualization. Proceedings of the Sixth Workshop on
Beyond Time and Errors on Novel Evaluation Methods for Visualization, (pp. 133—142).
doi:10.1145/2993901.2993903

Santee, J. L., & Egeth, H. E. (1982). Do reaction time and accuracy measure the same aspects of

letter recognition? Journal of Experimental Psychology: Human Perception and
Performance, 8, 489.

80



Sanyal, J., Zhang, S., Bhattacharya, G., Amburn, P., & Moorhead, R. (2009). A user study to
compare four uncertainty visualization methods for 1d and 2d datasets. /[EEE transactions
on visualization and computer graphics, 15, 1209—1218.

Saraiya, P., North, C., & Duca, K. (2005). An insight-based methodology for evaluating
bioinformatics visualizations. /IEEE transactions on visualization and computer graphics,
11, 443-456.

Satyanarayan, A., Wongsuphasawat, K., & Heer, J. (2014). Declarative interaction design for
data visualization. Proceedings of the 27th annual ACM symposium on User interface
software and technology, (pp. 669—678). d0i:10.1145/2642918.2647360

Sauro, J. (2015). SUPR-Q: A comprehensive measure of the quality of the website user
experience. Journal of usability studies, 10.

Schouten, J. F., & Bekker, J. A. (1967). Reaction time and accuracy. Acta psychologica, 27,
143-153.

Shah, P., & Freedman, E. G. (2009). Bar and line graph comprehension: An interaction of top-
down and bottom-up processes. Topics in cognitive science, 3, 560-578.

Shiloh, S., Koren, S., & Zakay, D. (2001). Individual differences in compensatory decision-
making style and need for closure as correlates of subjective decision complexity and
difficulty. Personality and individual differences, 30, 699-710.

Siegrist, M. (1996). The use or misuse of three-dimensional graphs to represent lower-
dimensional data. Behaviour & Information Technology, 15, 96—100.

Silva, S., Santos, B. S., & Madeira, J. (2011). Using color in visualization: A survey. Computers
& Graphics, 35,320-333.

Simon, H. A. (1977). HA Simon on Decision Making. Open University.

Smith, G., Czerwinski, M., Meyers, B., Robbins, D., Robertson, G., & Tan, D. S. (2006).
FacetMap: A scalable search and browse visualization. /EEE Transactions on
visualization and computer graphics, 12, 797-804.

Song, J. H., & Zinkhan, G. M. (2008). Determinants of perceived web site interactivity. Journal
of marketing, 72, 99—-113. doi:10.1509/jmkg.72.2.99

Sorenson, E., & Brath, R. (2013). Financial visualization case study: Correlating financial
timeseries and discrete events to support investment decisions. 2013 17th International
Conference on Information Visualisation, (pp. 232-238).

Spence, 1. (1990). Visual psychophysics of simple graphical elements. Journal of experimental
psychology: Human perception and performance, 16, 683.

81



Spence, 1. (2004). The apparent and effective dimensionality of representations of objects.
Human Factors, 46, 738—747. doi:10.1518/hfes.46.4.738.56809

Spence, 1., & Lewandowsky, S. (1991). Displaying proportions and percentages. Applied
Cognitive Psychology, 5, 61-717.

Sprague Jr, R. H., & Carlson, E. D. (1982). Building effective decision support systems. Prentice
Hall Professional Technical Reference.

Stasko, J., Catrambone, R., Guzdial, M., & McDonald, K. (2000). An evaluation of space-filling
information visualizations for depicting hierarchical structures. International journal of
human-computer studies, 53, 663—694. doi:10.1006/ijhc.2000.0420

Sun, Z., Strang, K., & Firmin, S. (2017). Business analytics-based enterprise information
systems. Journal of Computer Information Systems, 57, 169-178.

Sun, Z., Zou, H., & Strang, K. (2015). Big data analytics as a service for business intelligence.
Conference on e-Business, e-Services and e-Society, (pp. 200-211).

Swayne, D. F., Lang, D. T., Buja, A., & Cook, D. (2003). GGobi: evolving from XGobi into an
extensible framework for interactive data visualization. Computational Statistics & Data
Analysis, 43, 423444,

Sweller, J. (1988). Cognitive load during problem solving: Effects on learning. Cognitive
science, 12,257-285.

Tai-Quan, P. E., Jonathan, J. H., Mengcheng, L. 1., Yingcai, W. U., & Shixia, L. L. (2014).
Friendship, Communication, and Vote Agreement of Congressmen in the United States.
7th annual political networks workshop and conference.

Tegarden, D. P. (1999). Business information visualization. Communications of the Association
for Information Systems, 1, 4. doi:10.17705/1cais.00104

Thayer, A., & Dugan, T. E. (2009). Achieving design enlightenment: Defining a new user
experience measurement framework. 2009 IEEE International Professional
Communication Conference, (pp. 1-10). doi:10.1109/ipcc.2009.520868 1

Thomas, E. J., Mcleod, D. L., & Hylton, L. F. (1960, July). The Experimental Interview: A
Technique for Studying Casework Performance. Social Work, 5, 52-58.
doi:10.1093/sw/5.3.52

Timmermans, D., & Vlek, C. (1992). Multi-attribute decision support and complexity: An
evaluation and process analysis of aided versus unaided decision making. Acta
Psychologica, 80, 49-65. doi:10.1016/0001-6918(92)90040-k

Ting, J., Jing, Y., & Jianbo, X. (2018). The Application of Multi-perception User Experience in
Emotional Design Characteristic Parameter Models. 2018 International Conference on
Smart Grid and Electrical Automation (ICSGEA), (pp. 424-427).

82



Toker, D., & Conati, C. (2014). Eye tracking to understand user differences in visualization
processing with highlighting interventions. International Conference on User Modeling,
Adaptation, and Personalization, (pp. 219-230).

Toker, D., Conati, C., Carenini, G., & Haraty, M. (2012). Towards adaptive information
visualization: on the influence of user characteristics. International conference on user
modeling, adaptation, and personalization, (pp. 274-285).

Toker, D., Conati, C., Steichen, B., & Carenini, G. (2013). Individual user characteristics and
information visualization: connecting the dots through eye tracking. proceedings of the
SIGCHI Conference on Human Factors in Computing Systems, (pp. 295-304).

Torres-Moraga, E., Vasquez-Parraga, A. Z., & Zamora-Gonzalez, J. (2008). Customer
satisfaction and loyalty: start with the product, culminate with the brand. Journal of
consumer marketing. doi:10.1108/07363760810890534

Tory, M. (2014). User studies in visualization: A reflection on methods. In Handbook of Human
Centric Visualization (pp. 411-426). Springer.

Tory, M., & Moller, T. (2005). Evaluating visualizations: do expert reviews work? /IEEE
computer graphics and applications, 25, 8—11.

Tourancheau, S., Sjostrom, M., Olsson, R., Persson, A., Ericson, T., Rudling, J., & Norén, B.
(2012). Subjective evaluation of user experience in interactive 3D visualization in a
medical context. Medical Imaging 2012: Image Perception, Observer Performance, and
Technology Assessment, 8318, p. 831814.

Tractinsky, N. (2004). Toward the study of aesthetics in information technology. ICIS 2004
Proceedings. 62.
https://aisel.aisnet.org/icis2004/62

Tractinsky, N., & Meyer, J. (1999, September). Chartjunk or Goldgraph? Effects of Presentation
Objectives and Content Desirability on Information Presentation. MIS Quarterly, 23,
397-420. doi:10.2307/249469

Tversky, B., & Schiano, D. J. (1989). Perceptual and conceptual factors in distortions in memory
for graphs and maps. Journal of Experimental Psychology: General, 118, 387.

Unwin, A. (2020). Why is data visualization important? what is important in data visualization?

Valiati, E. R., Freitas, C. M., & Pimenta, M. S. (2008). Using multi-dimensional in-depth long-
term case studies for information visualization evaluation. Proceedings of the 2008
Workshop on BEyond time and errors: novel evaLuation methods for Information
Visualization, (pp. 1-7).

Van Bruggen, G. H., Smidts, A., & Wierenga, B. (1998). Improving decision making by means
of a marketing decision support system. Management Science, 44, 645—658.
doi:10.1287/mnsc.44.5.645

83



van Lammeren, R., Houtkamp, J., Colijn, S., Hilferink, M., & Bouwman, A. (2010). Affective
appraisal of 3D land use visualization. Computers, environment and urban systems, 34,
465-475. doi:10.1016/j.compenvurbsys.2010.07.001

Vermeeren, A. P., Law, E. L.-C., Roto, V., Obrist, M., Hoonhout, J., & Viininen-Vainio-
Mattila, K. (2010). User experience evaluation methods: current state and development

needs. Proceedings of the 6th Nordic conference on human-computer interaction:
Extending boundaries, (pp. 521-530). do0i:10.1145/1868914.1868973

Vessey, 1. (1991). Cognitive fit: A theory-based analysis of the graphs versus tables literature.
Decision sciences, 22, 219-240.

Viegas, F. B., Wattenberg, M., Van Ham, F., Kriss, J., & McKeon, M. (2007). Manyeyes: a site
for visualization at internet scale. IEEE transactions on visualization and computer
graphics, 13, 1121-1128.

Visinescu, L. L., Jones, M. C., & Sidorova, A. (2017). Improving decision quality: the role of
business intelligence. Journal of Computer Information Systems, 57, 58—66.

Von Landesberger, T., Kuijper, A., Schreck, T., Kohlhammer, J., van Wijk, J. J., Fekete, J.-D., &
Fellner, D. W. (2011). Visual analysis of large graphs: state-of-the-art and future research
challenges. Computer graphics forum, 30, pp. 1719-1749.

Wang, C., Gao, J., Li, L., & Shen, H.-W. (2005). A multiresolution volume rendering framework
for large-scale time-varying data visualization. Fourth International Workshop on
Volume Graphics, 2005., (pp. 11-223). doi:10.1109/vg.2005.194092

Wang, L., Giesen, J., McDonnell, K. T., Zolliker, P., & Mueller, K. (2008). Color design for
illustrative visualization. IEEE Transactions on Visualization and Computer Graphics,
14, 1739-1754.

Watson, H. J., Wixom, B. H., Hoffer, J. A., Anderson-Lehman, R., & Reynolds, A. M. (2009).
Real-time business intelligence: Best practices at Continental Airlines. EDPACS The
EDP Audit, Control, and Security Newsletter, 40, 1-16.

Wesson, J. (2002). Usability evaluation of web-based learning. IFIP World Computer Congress,
TC 3, (pp. 357-363).

Wirth, W., Hofer, M., & Schramm, H. (2012). The role of emotional involvement and trait
absorption in the formation of spatial presence. Media Psychology, 15, 19—43.
doi:10.1080/15213269.2011.648536

Wright, P., Wallace, J., & McCarthy, J. (2008). Aesthetics and experience-centered design. ACM
Transactions on Computer-Human Interaction (TOCHI), 15, 1-21.
doi:10.1145/1460355.1460360

Wu, E., Psallidas, F., Miao, Z., Zhang, H., Rettig, L., Wu, Y., & Sellam, T. (2017). Combining
Design and Performance in a Data Visualization Management System. CIDR.

84



Yan, Z., Liu, C., Niemi, V., & Yu, G. (2013). Exploring the impact of trust information
visualization on mobile application usage. Personal and ubiquitous computing, 17, 1295—
1313.

Yasmin, S. (2017). Data visualization versus data perception. Proceedings of the 23rd ACM
Symposium on Virtual Reality Software and Technology, (pp. 1-2).

Yi, J. S., ah Kang, Y., Stasko, J., & Jacko, J. A. (2007). Toward a deeper understanding of the
role of interaction in information visualization. IEEE transactions on visualization and
computer graphics, 13, 1224-1231. doi:10.1109/tvcg.2007.70515

Yi, J. S., Kang, Y.-a., Stasko, J. T., & Jacko, J. A. (2008). Understanding and characterizing
insights: how do people gain insights using information visualization? Proceedings of the
2008 Workshop on BEyond time and errors: novel evaLuation methods for Information

Visualization, (pp. 1-6). doi:10.1145/1377966.1377971

Young, S. W. (2014). Improving library user experience with A/B testing: Principles and
process. Weave: Journal of Library User Experience, 1.

Yu, Y., & Wu, X. (2010). Research on user experience design of B2C E-commerce based on
personalized needs. 2010 Second International Conference on Intelligent Human-
Machine Systems and Cybernetics, 2, pp. 100-103. doi:10.1109/ihmsc.2010.124

Yuan, X., Zhang, X., Chen, C., & Avery, J. M. (2011). Seeking information with an information
visualization system: a study of cognitive styles. Information research: an international
electronic journal, 16, n4.

Yun, Y., Ma, D., & Yang, M. (2021). Human—computer interaction-based decision support
system with applications in data mining. Future Generation Computer Systems, 114,
285-289. doi:10.1016/j.future.2020.07.048

Zacks, J., & Tversky, B. (1999). Bars and lines: A study of graphic communication. Memory &
cognition, 27, 1073—1079.

Zaichkowsky, J. L. (1994). The personal involvement inventory: Reduction, revision, and
application to advertising. Journal of advertising, 23, 59-70.
doi:10.1080/00913367.1943.10673459

Zarour, M., & Alharbi, M. (2017). User experience framework that combines aspects,
dimensions, and measurement methods. Cogent Engineering, 4, 1421006.
doi:10.1080/23311916.2017.1421006

Zheng, J. G. (2017). Data visualization for business intelligence. Global business intelligence,
67-82.

Ziemkiewicz, C., & Kosara, R. (2008). The shaping of information by visual metaphors. /EEE
transactions on visualization and computer graphics, 14, 1269—1276.

85



Zuk, T., Schlesier, L., Neumann, P., Hancock, M. S., & Carpendale, S. (2006). Heuristics for
information visualization evaluation. Proceedings of the 2006 AVI workshop on BEyond
time and errors: novel evaluation methods for information visualization, (pp. 1-06).

86



APPENDIX A. RESEARCH ABOUT VISUALIZATIONS

Tag Title Year Journal/ Conference
Design Combining Design and Performance ina 2017  8th Biennial Conference on Innovative Data
Techniques Data Visualization Management System Systems Research (CIDR “17)
Evaluation A Conceptual Model for Evaluating 2006  Proceedings of the Information Visualization
UX Aesthetic Effect within the User (IV°06)
Experience of Information Visualization
Design A human cognition framework for 2014  Computers &Graphics 42(2014) 42-58
Technique information visualization
Design A Knowledge Task-Based Framework for 2004 IEEE Symposium on Information
Theory Design and Evaluation of Information Visualization 2004
Evaluation Visualizations
Technique A Nested Model for Visualization Design 2009  IEEE Transactions On Visualization And
and Validation Computer Graphics, Vol. 15, No. 6,
November/December 2009
Business A Survey on Business Intelligence tools 2016 2016 3rd MEC International Conference on
Intelligence for Big Data and Smart City
Survey University Dashboard development
Design A survey on information visualization: 2014  Vis Comput (2014) 30:1373-1393
Survey recent advances and challenges
Design A Survey on Multivariate Data 2006  Department of Computer Science and
Survey Visualization Engineering
Hong Kong University of Science and
Technology
Evaluation A Systematic Review on the Practice of 2013  IEEE Transactions On Visualization And
Review Evaluating Visualization Computer Graphics, Vol. 19, No. 12,
December 2013
Design A Unified Taxonomic Framework for 2000 2nd Australian Institute of Computer Ethics
Survey Information Visualization Conference (AICE2000), Canberra.
Conferences in Research and Practice in
Information Technology, Vol. 1. J. Weckert,
Ed.
Design A User Study to Compare Four 2009 IEEE Transactions On Visualization And
Technique Uncertainty Visualization Methods for Computer Graphics, vol. 15, no. 6,
1D and 2D Datasets November/December 2009
Technique A Visualization Framework for Real 2008 IEEE Systems Journal, Vol. 2, No. 1, march
Time Decision Making in a Multi-Input 2008
Multi-Output System
Design Action Design Research and 2016  BELIV 16, October 24 2016, Baltimore,
Visualization Design MD, USA
Technique An Empirical Comparison of 2001  Journal Of The American Society For
Survey Visualization Tools to Assist Information Information Science And Technology,

Retrieval on the Web

52(8):666-675, 2001

87



Tag Title Year Journal/ Conference

Evaluation An Heuristic Set for Evaluation in 2010 AVI’10, May 25-29, 2010, Rome, Italy.

Usability Information Visualization

UX

Design An Introduction and Guide to Evaluation 2014  Handbook of Human Centric Visualization

Technique of Visualization Techniques Through

Evaluation User Studies

Evaluation Analysis and visualisation of movement: 2015 Movement Ecology (2015) 3:5

Review an interdisciplinary review

Technique Approaches to visualising Linked Data: 2011  Semantic Web 2 (2011) 89-124

Survey A survey

Business Architecture and Evaluation Design of a 2017  Proceedings der 13. Internationalen Tagung

Intelligence Prototypical Serious Game for Business Wirtschaftsinformatik (W1 2017), St. Gallen,

Design Information Visualization S. 1271-1274

Technique Assessing User Engagement in 2017 CHI’17 Extended Abstracts, May 06-11,

Usability Information Visualization 2017, Denver, CO, USA

UXx

Usability Attacking Information Visualization 2005 (SOUPS) 2005, July 6-8, 2005, Pittsburgh,

Survey System Usability Overloading and PA, USA

Deceiving the Human

Evaluation Beyond Usability and Performance: A 2016  BELIV ’16 Baltimore, Maryland USA

Survey Review of User Experience-focused

Usability Evaluations in Visualization

UXx

Business Big Data Analytics as a Service for 2015  14th Conference on e-Business, e-Services

Intelligence Business and e-Society

Design Intelligence (I3E), Oct 2015, Delft, Netherlands.
Lecture Notes in Computer Science, LNCS-
9373, pp.200-211,
2015, Open and Big Data Management and
Innovation

Business Business Analytics-Based Enterprise 2016  Journal of Computer Information Systems,

Intelligence Information Systems 57:2,169-178

Design

Business, Business Information Visualization 1999  Communications of AIS Volume 1, Article 4

Design

Business Business process impact visualization and 2006  Information Visualization (2006) 5, 15-27

Design anomaly detection

Technique

Business, Business visualization: a new way to 2007  Business Strategy Series vol. 8 No. 4 2007,

Guideline communicate financial information pp. 283-292

Technique CAEVA: Cognitive Architecture to 2003  Proceedings of the Seventh International

Evaluate Visualization Applications

Conference on Information Visualization
(Iv’°03)

88



Tag Title Year Journal/ Conference
Design Choosing Effective Colours for Data 1996 Proceedings of Seventh Annual IEEE
Theory Visualization Visualization'96
Design Combining Design and Performance ina 2017  8th Biennial Conference on Innovative Data
Techniques Data Visualization Management System Systems Research (CIDR “17)
Design Computers, Environment and Urban 2010  Computers, Environment and Urban Systems
Technique Systems 34 (2010) 465-475
Usability
Evaluation Controlled User Evaluations of 2007  Journal Of The American Society For
Design Information Visualization Interfaces for Information Science And Technology,
Survey Text Retrieval: Literature Review and 59(6):1012-1024, 2008
UX Meta-Analysis
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Design Data Visualization and Infographicsin 2014  Uyan Dur, Banu Inang. (2014). Data
Visual Communication Design Education Visualization and Infographics In Visual
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an introduction
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Technique Graphical Histories for Visualization: 2008 IEEE Transactions On Visualization And
Supporting Analysis, Communication, Computer Graphics, Vol. 14, No. 6,
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Evaluation Heuristics for Information Visualization 2006 BELIV 2006 Venice, Italy
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Mapping Evaluation
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Evaluation Information Visualization: Connecting France
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Design Infographics And Public Policy: Using 2015  Health Affairs Vol. 34, No. 11: Food &
Survey Data Visualization ToConvey Complex Health
Information
Business, Information Visualization Applications in 1997  Information Visualization Business Notes
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pp- 30-39, 2009.
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July/August 2005
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Evaluation Measuring Aesthetics for Information 2009 2009 13th International Conference
Theory Visualization Information Visualisation
UXx
Evaluation On Evaluating Information Visualization =~ 2002  AVI 2002, Trento, Italy.
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Design On the role of design in information 2011 Information Visualization 10(4) 356-371
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Evaluation Patterns for visualization evaluation 2013  Information Visualization
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UX Predicting Confusion in Information 2016  Proceedings of the Twenty-Fifth International
Eye Tracking Visualization from Eye Tracking and Joint Conference on Artificial Intelligence
Interaction Data (IICAI-16)
Design Reducing the Analytical Bottleneck for 2016  Computing in Science & Engineering
Techniques Domain Scientists: Lessons from a
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Design Seeking information with an information ~ 2011  Information Research Vol. 16 No. 4,
Usability visualization system: a study of cognitive December 2011
UX styles
Evaluation Seven Guiding Scenarios for Information 2011  University Of Calgary Techreport #2011-
Case Study Visualization Evaluation 992-04
Technique Show Me: Automatic Presentation for 2007  Teee Transactions On Visualization And
Visual Analysis Computer Graphics, Vol. 13, No. 6,
November/December 2007
Evaluation Space, time and visual analytics 2010 International Journal of Geographical
Information Science
Vol. 24, No. 10, October 2010, 1577-1600
Design Task Cube: A three-dimensional 2016  Information Visualization
Theory conceptual space of user tasks in 2016, Vol. 15(4) 288-300
Evaluation visualization design and evaluation
Technique Task Taxonomy for Graph Visualization = 2006 BELIV 2006 Venice, Italy.
Design
Evaluation
Design Ten guidelines for effective data 2011  Environmental Modelling & Software
Guideline visualization in scientific publications Volume 26, Issue 6, June 2011, Pages 822-
Survey 827
Technique Testing User Interaction With a Prototype 2005  Journal Of The American Society For
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Evaluation The Challenge of 2004 AVI'04, May 25-28, 2004, Gallipoli (LE),
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Infographics: Transforming Tabular Data
into an Interactive Story
Design The Effect of Aesthetic on the Usability 2007  11th International Conference Information
Usability of Data Visualization Visualization (IV'07)
Technique
Ux
Survey
Design The Role of Visual Perception in Data 2002  Journal of Visual Languages and
Visualization Computing(2002)13,601"622
Business The Use of Visualization in the 2015 International Journal of Business
Communication of Business Strategies: Communication 2015, Vol. 52(2) 164—-187
An Experimental Evaluation
Theory Toward a Deeper Understanding of the 2007 IEEE Transactions On Visualization And
Technique Role of Interaction in Information Computer Graphics, Vol. 13, No. 6,
Visualization November/December 2007
Evaluation Toward Measuring Visualization Insight 2006 IEEE computer graphics and applications
26.3 (2006): 6-9.
Design Toward User Interfaces and Data 2014  Informatics in Education, 2014, Vol. 13, No.
Guideline Visualization Criteria for Learning 2,255-264
Design of Digital Textbooks
Usability Towards Adaptive Information 2012  UMAP 2012, LNCS 7379, pp. 274-285,
Evaluation Visualization: On the Influence of User 2012.
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Evaluation Towards User-Adaptive Information 2015  Proceedings of the Twenty-Ninth AAAI
Survey Visualization Conference on Artificial Intelligence
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Technique Understanding and Characterizing 2008 BELIV °08, April 5, 2008, Florence, Italy.
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Design User Evaluation of Polymetric Views 2010 SOFTVIS’10, October 25-26, 2010
Evaluation Using a
Large Visualization Wall
Design User Studies in Visualization: A 2014  Handbook of Human Centric Visualization
Reflection on Methods
Design User-adaptive explanatory program 2010  User Model User-Adap Inter (2010) 20:191-
Technique visualization: evaluation and insights 226

from eye movements
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Tag Title Year Journal/ Conference
Design User-Centered Evaluation of Information 2014  Handbook of Human Centric Visualization
Evaluation Visualization Techniques: Making the
Technique HCI-InfoVis Connection Explicit
Design Using color in visualization: A survey 2011  Computers & Graphics 35 (2011) 320-333
Survey
Case Study Using Multi-dimensional In-depth Long- 2008  BELIV’08, April 5, 2008, Florence, Italy
Technique term Case Studies for information
visualization evaluation
Design Using Word Clouds For Fast,Formative 2014  Chemical Engineering Education
Assessment Of Students’ Short Written
Responses
Design Visual Analysis of Large Graphs: State- 2011  Computer Graphics Forum
Survey of-the-Art and Future Research Volume 30 (2011), number 6 pp. 1719—-1749
Challenges
Technique Visualization and Visual Analysis of 2013  IEEE Transactions On Visualization And
Survey Multifaceted Scientific Data: A Survey Computer Graphics, Vol. 19, No. 3, March
2013
Technique Visualization techniques supporting 2016  Measuring Business Excellence, 20(2), 13-25
performance measurement system
development
Design VOWL 2: User-Oriented Visualization of 2014 EKAW 2014, LNAI 8876, pp. 266281, 2014
Technique Ontologies
UXx
Design Voyagers and Voyeurs: Supporting 2017  CHI 2007 Proceedings ¢ Distributed
Technique Asynchronous Collaborative Information Interaction
Case Study Visualization
Design WebQuilt: A Framework for Capturing 2001
Technique and Visualizing the Web Experience
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APPENDIX B. RESEARCH IN DESIGN ELEMENTS AND AESTHETICS

e Line Chart

M Gattis et al. (1996) described it as the independent variable is usually plotted on the x-
axis and the dependent variable on the y-axis. They tend to see slope as representative of
quickness, height, amount or rate above anything else. When line graphs showed trend reversals,
people studied them longer. This is not the case when vary the number of data points, symmetry
or linearity. (CM Carswell et al, 1993) When researchers presented participants with a graph
showing a third variable of data, the line chart descriptions remained focused on x-y
relationships, whereas the bars branched out a bit more to include this new variable. (P Shah &
EG Freedman, 2009)

e Bar Chart

Zacks and Tversky found that when participants were shown bar graphs and asked to
describe the data, they continually referenced contrasts between the variables in the bars (e.g., “A
is greater in X quantity than B”’). Whereas with line charts, participants described trends (e.g.,
“As X increases, Y increases”). They found that participants described contrasts between the x-
axis variables more when presented with bar charts, and relationships between the x-axis
variables more with line charts.

Hollands and Spence found that as the number of components in bar charts increase, their
effectiveness at communicating proportions decreases. In fact, for each new component in bar
charts, a reader needs an additional 1.7 seconds for processing.

e Scatter Chart

Cleveland and coauthors found people come to conclusions about the correlation in

scatterplots partly based on the size of the point cloud. When the same correlation is represented
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in two graphs, but in one graph the scale is blown out so the point cloud becomes very small,
people perceive it as having a higher correlation.

In 1989, Experimenting with symbol type in scatterplots, Lewandowsky and Spence find
that altering color is most discernible to the eye. When varying color is not an option, varying fill
or shape (or even non-confusable lettering) has “no great loss in accuracy.”

e Pie Chart

Eells was among the rest to publish a paper on this topic in 1926. In his time, pie charts
were ridiculed much as they are today for their assumed perceptual inadequacies. For example,
he was told that the human eye cannot judge arcs, angles or chords very efficiently. As the
number of components in the chart increased, bars become less efficient encoding the data. The
opposite was true for pie charts

Spence and Lewandowsky found that comparisons among multiple segments take longer
and have lower accuracy. Pie charts fared the worst except when multiple segments had to be
compared. Tables were found to be inferior to everything except for communicating absolute
values

e Tree-map

Ziemkiewicz and Kosara found that directing participants to navigate treemaps with
metaphors to complete certain tasks made them more accurate. For example, directing
participants to find a data point “inside” a container-like treemap and telling them to look
“below” in a cascading treemap worked best.

Kong, Heer and Argawala found that people discern values in treemaps best when the
components are rectangles with diverse aspect ratios. Somewhat counterintuitively, squares are

not easy to compared to each other. Extreme ratios in rectangles are also ineffective for
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comparisons. They additionally found that small multiples of bar charts were better than
treemaps at representing datasets with fewer than about 1,000 data points for leaf-to-leaf
comparisons

e Dimensional Chart (2D/3D)

Siegrist finds that among bar charts, 2d is not superior to 3d, but 3d charts take slightly
longer to process. With pies, 2d is better, and the perspective angle makes a big difference in
how accurately the slices are evaluated, most likely because some of the slices are more obscured
than others.

Levy and coauthors acknowledge that 3d graphics, while “glitzy” and “sexy,” do not
convey any additional information and force the reader to “deal with redundant and extraneous
cues.” Their participants were given the option to select among 2d and 3d charts. When they
were told to select a chart to present to other people, they tended to choose 3d charts. They also
selected 3d charts when they were told the data had to be remembered. They selected 2d bar
graphs more when they were told they needed to convey specific details, and selected line charts
when the message had to be communicated quickly. The authors conclude that 3d charts can be
useful in some cases

Two experiments by Spence deal with Steven’s law, which again (very simplistically)
says that an object’s size appears larger when presented with larger objects, or smaller when
presented with smaller objects. Spence found that contrary to popular physics, this distortion
does not happen when comparing two shapes of the same dimensionality. Only when you vary
the dimensionality among shapes does this distortion occur.

For low-level design elements we’re talking about some fragmental aspects such as color,

hue, chroma, brightness, transparency, font and text sizes, arrangements, etc. These elements can
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hardly to be divided further and should be considered as the minimal pieces of a design. Table

B1 has shown different research on this level.

Table B1. Research on low level design elements

title Author year  elements
Affective Color in Visualization L. Bartram et al. 2017  Color
Chroma
Rainbow Color Map (Still) Considered Harmful David Borland and 2007  Color
Russell M. Taylor II
Color Design for Illustrative Visualization L. Wang et al. 2008 Color
Hue
Chroma
Brightness
Using color in visualization: A survey S. Silva et al. 2011  Color
Grayscale
Sizing the horizon: the effects of chart size and layering on the  J. Heer et al. 2009  Color blends
graphical perception of time series visualizations
Serial processing and the parallel-lines illusion: Length K. Jordan et al. 1986  Arrangement
contrast through relative spatial separation of contours
Perceptual and conceptual factors in distortion in memory for ~ B. Tversky et al. 1989  Arrangement
graphs and maps
Structure and strategy in encoding simplified graphs DJ Schiano et al. 1992  Arrangement
Judgments of Change and Proportion in Graphical Perception =~ JG Hollands and I. 1992 Arrangement
Spence
ISOTYPE Visualization—Working Memory, Performance, S. Haroz et al. 2015  Shape

and Engagement with Pictographs
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APPENDIX C. DETAILED TASK RESEARCH

Author

Year

Tasks

John Stasko

2000

Identify: looking for some data with characteristics (e.g. find the largest or second
largest)

Locate: Find something and deliver its relatives (e.g. find a file and return its path)
Filter: Find directory containing files of particular type

Compare: Compare size of two files and identify the larger

Find duplicate: Find identical elements

Compare cluster: Compare two directories

Amar et al.

2005

Retrieve Value: Given a set of cases, find attributes of those cases.

Filter: Given some conditions on attributes values, find data cases satisfying those
conditions.

Compute Derived Value: Given a set of data cases, compute an aggregate numeric
representation of those data cases. (e.g. average, median, and count)

Find Extremum: Find data cases possessing an extreme value of an attribute over its
range within the data set.

Sort: Given a set of data cases, rank them according to some ordinal metric.

Determine Range: Given a set of data cases and an attribute of interest, find the span of
values within the set.

Characterize Distribution: Given a set of data cases and a quantitative attribute of
interest, characterize the distribution of that attribute’s values over the set.

Find Anomalies: Identify any anomalies within a given set of data cases with respect to a
given relationship or expectation, e.g. statistical outliers.

Cluster: Given a set of data cases, find clusters of similar attribute values.

Correlate: Given a set of data cases and two attributes, determine useful relationships
between the values of those attributes.

Bongshin et
al.

2006

Scan: Quickly review the list of items, requires users to review many items at once but
not necessarily to retrieve exact values

Set Operation: Given multiple sets of nodes, perform set operations on them. For
example, find the intersection of the set of nodes.

Ji Soo Yiet
al.

2007

Select: Select provide users with the ability to mark a data item(s) of interest to keep
track of interest.

Explore: Explore enable users to examine a different subset of data case

Reconfigure: Reconfigure provide users with different perspectives onto the data set by
changing the spatial arrangement of representations

Encode: Encode enable users to alter the fundamental visual representation of the data
including visual appearance (e.g., color, size, and shape) of each data element
Abstract/Elaborate: Abstract/Elaborate provide users with the ability to adjust the level
of abstraction of a data representation

Filter: Filter enable users to change the set of data items being presented based on some
specific conditions

Connect: Connect refers to that are used to (1) highlight associations and relationships
between data items that are already represented and (2) show hidden data items that are
relevant to a specified item

Mark A.
Livingston
et al.

2012

Find Extremum of change: Localizing the greatest increase or greatest decrease
subjective evaluation of user experience in interactive 3D-visualization in a medical
context

Counting: How many strings are in the scene

Find Extremum: Which string is the closest to you

Find relevance: Find the place where the two marked strings are closest to each other
Estimate: Estimate the distance between two markers
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Author Year Tasks

Estimate: Estimate the number of observed cluster/subcluster/outliners

g:)el:?; doour 2015 Identify: Identify the closest cluster to a given cluster/object
ot al p Rank: Rank the objects based on the distance to a given cluster/ Rank cluster based on

density

Browsing: A serendipitous task in which you may visit the data with no specific goal in
mind e.g. Find as many distinct topics from the dataset as possible; Describe each topic
using a few sentences

Fact finding: A task in which you are looking for specific facts or pieces of information
e.g. Find as many articles as possible about humanitarian aid during the Haiti
earthquake.

2012 Information gathering: A task that involves the collection of information, often from
multiple sources. Unlike fact finding, you do not always know when you have completed
the task and there is no specific answer e.g. Summarize the activity of President Obama
in Human Health Insurance
Revisit: A task that happens when you need to revisit some source that you previously
used e.g. List as many keywords as possible that can be used to retrieve articles in the
previous task

Yujie Liu et
al.
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APPENDIX D. QUESTIONNAIRE EXAMPLE
Pre-Study Questionnaire
The following statements/questions ask about participants’ information related to our
research. Your answers are confidential and are for research purposes only.

1. Please tell us your age

2. Gender: (Circle one)
Male Female Other No Response
3. What is your profession?

oEmployed with years of experience

oStudent

OOther, please indicate

4. If you are a student, please answer the following questions:
Please select: oFreshman oSophomore oJunior oSenior otMaster’s student oPh.D student

5. What is your major of study?

6. How would you rate your English language skills?

1 2 3 4 5 6 7
Completely | Moderately | Slightly Not Neutral Slightly Moderately | Completely
Not Not Proficient Proficient Proficient Proficient
Proficient Proficient

Scale for questions 7-9:

1 2 3 4 5 6 7
Extremely Moderately Somewhat Neutral Somewhat Moderately Extremely
Unfamiliar Unfamiliar Unfamiliar Familiar Familiar Familiar

7. Please indicate how well you know about business:
8. Please indicate how well you know about visualization
9. Please indicate how well you know about business intelligence (BI)

101



10. Which of the following best describes your frequency of using business intelligence

(BI)?
1 2 3 4 5 6 7
Never Rarely Occasionally Moderately Frequently Usually Always
11. Please indicate how well you know about marketing data (sales, inventory, etc.)

1 2 3 4 5 6 7
Extremely Moderately Somewhat Neutral Somewhat Moderately | Extremely
Unfamiliar | Unfamiliar Unfamiliar Familiar Familiar Familiar

12. Have you ever taken or are currently taking a class related to Business Intelligence
(BI)? (Circle One)

Yes ---- No
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In-Study Questionnaire

The following statements/questions ask about your experience while doing task on this BI
system. Please respond by checking your choice using the scale ranging from 1 point to 7 point.
Your answers are confidential and are for research purposes only.

Scale for questions 1-4:

1 2 3 4 5 6 7
Very Moderately Slightly Neutral Slightly Moderately Very High
Low Low Low High High

1. How mentally demanding was required (e.g., thinking, deciding, calculating,
remembering, looking, searching, etc.) for the task?

2. How much time pressure did you feel during the task?

3 How hard did you have to work (mentally and physically) to accomplish your level of
performance during the task?

4. How discouraged or frustrated did you feel during the task?

5. How successful do you think you were in accomplishing the goals of this task?

1 2 3 4 5 6 7
Very Moderately Somewhat Neutral Somewhat Moderately Very
unsuccessful | unsuccessful | Unsuccessful cu Successful Successful Successful
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Post-Study Questionnaire

The following statements/questions ask about your experience while using this BI

system. Please respond by checking your choice using the scale ranging from 1 point to 7 point.

Your answers are confidential and are for research purposes only.

section 1:

1 2 3 4 5 6 7
Strongly Moderately Somewhat Neutral Somewhat Moderately Strongly
Disagree Disagree Disagree Agree Agree Agree

1. This system is easy to use.

2. It is easy to navigate within the system.

3. I enjoy using the system.

4. I feel comfortable fulfill tasks by using this system.
5. I can count on the information I get on this system.
6. I found the system to be attractive.

7. I feel confident making decisions by using this system.
8. The system keeps the promises it makes to me.

9. I will likely return to this system in the future.

10. I will recommend this system to peers or colleagues.
section 2:

1 2 3 4 5 6 7
Strongly Moderately Somewhat Neutral Somewhat Moderately Strongly
Disagree Disagree Disagree Agree Agree Agree

1. The outcome of the decision depends on the interaction of different factors

(variables or elements in the business data such as year, region, sales amount, etc.)
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2.

The decision involves a large number of factors (variables or elements in the

business data such as year, region, sales amount, etc.).

3. I believe I made a good decision.
4. The information my BI system provides is:
1) Not overwhelming
2) Available when I need it
3) Easy to extract
5. I relied highly on BI visualization functionality while making the decision.
6. When making the decision I have to consider many different alternatives.
7. How satisfied were you with the decision-making process?
1 2 3 4 5 6 7
Very Moderately Somewhat Neutral Somewhat Moderately Very
Unsatisfied Unsatisfied Unsatisfied Satisfied Satisfied Satisfied
section 3:
1 2 3 4 5 6 7
Strongly Disagree | Moderately | Somewhat | Neutral | Somewhat | Moderately Strongly
Disagree Disagree Agree Agree Agree
1. This system facilitates two-way communication between the users and the system.

(Two-way communication refers to the ability for reciprocal interaction between the

system and the user. In such a communication, the system and the user can interact with each

other.)

The system gives users the opportunity to talk back. (talk back = react, respond)
I felt that I had a lot of control over my interactive experiences on this system.
While using the system, I could choose freely what I wanted to see.

The system processed my input very quickly.
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6. Getting information from the system is very fast.

7. I was able to obtain the information I want without any delay.

section 4:
1 2 3 4 5 6 7

Extremely Moderately Slightly Neutral Slightly Moderately Extremely

1. Boring/Interesting

2. Unexciting/Exciting

3. Unappealing/Appealing

4. Mundane/ fascinating

5. Uninvolving /Involving
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