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This exploratory study examines alternative visuals and their effect on the level of learning of balance sheet users.
Executive and regular classes of graduate students majoring in information technology in business were asked to
evaluate the extent of acceptance and enhanced capability of these alternative visuals toward their learning
performances. Adapting from the cognitive fit theory, higher level of learning performance will be achieved, if the
type of visual representation matches the information processing requirement of the type of task activity. Results
from 54% of the response rate of 104 students showed that the majority of respondents had visual-oriented learning
style. Regardless of whichever type of task activity was performed, the respondents seemed to accept certain types
of balance sheet visual more than the others. Mixture of number and graph was chosen as the most acceptable, then
spatial table, and finally traditional graph. No statistical significant relationship was found between visual-task
preferences and the respondents’ learning performance.
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Introduction

The increase in the computational power of modern computers has made the representation of data
through graphs, charts or pictures easier and faster. Thus, visualization of business reports has received greater
attentions from information system scholars. When an organization is small and its operations are not as
complex, formal business reports may not be as important, because communication among a few users can be
done verbally. By adding one or two users into the system, the communication links can climb up the
exponential curve very quickly. Therefore, tables, graphs and charts are often used to represent a vast amount
of complex numerical data, and spreadsheet visuals have become a de facto standard in business.

With many stakeholders involved, business reports can be grouped by their respective requirements.
Internal users may want reports with different content from external users. Even different individuals within the
same user group may need the information presented in different formats depending upon their cognition and
learning capabilities. Huang, Chen, Guo, Xu, Wu, and Chen (2006) have reviewed the cognitive fit theory and
argued that the value of representing data in visual form will lead to an effective and efficient way of
understanding a large amount of data. However, what format the data should represent depends on the kind of
task that the person is working on (Huang et al., 2006).
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Also, the grouping of business reports into their functional use, financial performances and non-financial
performances, and lends itself to representing the subsequent reports differently. In practice, however, it is
challenging to find the criteria used to separate these two types of reports. Figure 1 depicts a two-by-two
scheme of classifying business reports with some examples of typical reports used in business by different
stakeholder groups.
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Figure 1. Classification of business reports.

The fact that organizations tend to provide the “one visual fits all” type of reports may not be as efficient
or as effective in the stakeholders performing their respective tasks. Thus, the objective of this study is to add to
the body of knowledge based on the individual’s cognitive differences on business report visualization. It is
argued that reports with data augmented by appropriate visuals will affect the efficiency and effectiveness of an
individual’s learning outcomes, and subsequently, his/her decision-making processes. With many types of
business reports in use, the focus of this exploratory research is only on financial report visualization, since
these reports appear to be ubiquitous to all users.

The contents and forms of financial reports have been scrutinized by both theorists and practitioners for a
long time. For example, the “new reporting models for business” study from the “information for better
markets” series carried out by the ICAEW (Institute of Chartered Accountants in England and Wales) examines
the concepts of reporting financial performance (ICAEW, 2003). The study reviews 11 models used to solve
financial reporting problems, such as serving multiple stakeholders, meeting decision-making needs,
accounting for intangibles, achieving transparencies in business reporting, and so on. One of the solution
models deals with the concern about relevancy and usefulness of business reports. Here, a unified business
report with ten components was recommended by Jenkins who chaired the development taskforce in 1991 and
was later elected to be the Chairman of the US Financial Accounting Standards Board. The Jenkins Report
(1994; revised 1995) suggested disclosure of financial and non-financial data and its management analysis as
well as forward-looking information on top of the information about management, shareholders and detailed
background of the company. With similar concerns about the lack of disclosing non-financial performance,
Kaplan and Norton (2001) offered the balanced scorecard model (1992; revised 1996) to report business
performance from four perspectives.
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In the same report were reviews of other models including, for example, the “Tomorrow’s Company
Report” (1995; revised 1998), “The 21st Century Annual Report” (1998) and “Sustainability Reporting
Guidelines” (2000; revised 2002). Many of these models were proposed in order to get businesses to produce
reports that would reflect the relationships between different groups of stakeholders. Building public trust from
ValueReporting™ (2001; revised 2002) was also proposed so that the valid, transparent and real financial
position of the firm could be reported promptly at all times (ICAEW, 2003). It should be noted that although
much has been said about the contents and processes of reporting business performance, hardly any of the
proposed models consider the visualization aspect of these reports. It is argued here that report visualization can
augment the usefulness of content and enhance many desirable features of reports as specified in those
proposed models. The basic question asked in this study is what kind of visuals will fit with the information
processing tasks of financial report users and whether these visuals can affect their learning performance.

Types of Visuals and Visualization

Spatial and temporal dimensions are the most typical criteria used in taxonomy development. Within
spatial dimensions, there can be unlimited numbers of classification schemes depending on the perspectives or
theories employed. In the research notes on multi-dimensional visuals for data mining, Sachinopoulou (2001, p.
27) classified the data mining tools that lend themselves to the types of visual being produced, for example,
geometric technique’, icon technique?, hierarchical technique®, distortion technique in three dimensional space®,
and two and three dimension graphs. Scatter-plot and matrices were found to take less time for learning than
other visuals like tree or other basic graphs. To position glyphs, Ward (2002) classified the placement strategy
according to the characteristics of data (raw or derived data) and to the structural characteristics of placement
(sequential, hierarchical or network).

With a different conceptualization, Thomson, Hetzler, MacEachren, Gahegan, and Pavel (2005) proposed
the typology of visualizing uncertainty. The uncertainty is caused by factors, such as granularity of data, data
collection method, data processing, transformation, distribution or communication processes. All these factors
can affect the way users would perceive the uncertainty and reliability of data, especially when the source of
data is from a personal report or person-to-person communication. To reduce the uncertainty, one can try to
obtain data from different sources, and cross-check the assumption of each data source. The author suggests a
framework used to differentiate visuals for metadata and makes reference to the work of Butternfield and Beard
(1994) who classified data into discrete, categorical and continuous data where the quality of data is important.
Visual characteristics that are useful to cognition are as follows: accuracy/error, precision, completeness,
consistency, lineage, currency/timing, credibility, subjectivity and interrelatedness. Ward (2002) also reviewed
the work of Gershon (1994) in his book about the cause of imperfect knowledge. The argument for the cause of
imperfection is the insufficient, incomplete, incoherent uncertain, complex and inadequate presentation of data,

! Geometric techniques use coordinates to construct visuals based on geographical space, including techniques, such as (1) plots
and matrices; (2) hyperslice; (3) prosection views; (4) surface plots, volume plots, contours; (5) parallel coordinates; and (6)
textures and rasters.

2 |con techniques are known as data representation as: (1) stick figure; (2) chernoff faces; (3) color icon; (4) autoglyph; and (5)
glyphs.

® Hierarchical displays are: (1) hierarchical axes; (2) dimension stacking; (3) trees (tree maps, cone tree); (4) worlds within
worlds; and (5) info cube.

4 Distortion techniques used in business applications are: (1) perspective wall; (2) pivot table and table lens; and (3) hyperbolic
trees.
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resulting in incomplete knowledge (Thomson et al., 2005).

To represent scientific data, many efforts have been made to represent the N-Dimensional data with 2D (2
Dimension) or 3D (3 Dimension). One example of this is the use of spherical self-organizing feature maps to
represent the visuals of many years of snow falls on a surface map of different parts on earth (Sangole & Knopf,
2002). In order to discover knowledge through data-mining techniques, different types of visuals are used, for
example, representing time series data with the cluster method, spiral method, or viztree method (Lin, Keogh,
& Lonardi, 2005). Perhaps, one of the most effective applications of using 2D and 3D representation of vast
amounts of data is the use of a periodic table of visualization methods (Lengler & Eppler, 2008). This is an
interesting visual, since it incorporates color, abbreviations, icons, and even short text messages. As displayed
in the Website, layers responding to mouse movement are added with corresponding picture files for each
individual visualization method depicted. A combination of six classes of methods with three pairs of method
attributes (process and structure, overview and detail, and convergent and divergent thinking) has made the
representations quite complex, but the innovative use of the familiar periodic table concept simplifies the
interpretation of the data. The six methods include data visualization, information visualization, concept
visualization, strategy visualization, metaphor visualization and compound visualization.

The topology of visualization can keep on expanding, if we link those in science, social science and
humanity together. In the latest work by Buckhard (2005), a framework of knowledge visualization within the
knowledge management context is offered. The framework was based on concepts derived from the research
into individual perception, specifically visual information processing in both bottom-up (direct perception) and
top-down (constructive perception) dimensions. The framework was employed by the author and his associate
to develop a new type of visual, project tube maps, to be used as an alternative to the familiar Gantt chart. A
pilot study was done to test whether this alternative visual would be accepted by the users who are managers,
students and employees in large organizations. They found that the users of the project tube maps were more
effective in performing their work than the Gantt chart users (Buckhard & Stott, 2005). This is because the
alternative visual can trigger the interests of users who appear to have a better understanding of how to manage
the entire project. However, the Gantt chart was still found to better represent the structure and the timeline for
each project task.

Visualization in the Business Reporting Environment

The recent business information system applications, Bl (business intelligence) in particular, have
incorporated visualization techniques extensively in their presentation of analytic results. A geographical
information system that focuses on the transformation of symbolic data into spatial information has also been
integrated into the Bl applications quite seamlessly. The visuals used to represent a vast amount of complex
business data can help enterprise users be more confident in making their decisions (Gonzales, 2004). Note that
visualization research in business disciplines deals with people and how they see things. Thus, it is inevitable
that business visualization must take into account social and psychological constructs, such as cognition,
decision-making performance and other factors relating to human information processing.

Though much has been said about the benefits of visualization (Ufelder, 2000), especially in scientific
inquiry (Borner, Chen, & Boyack, 2003), there are quite a few studies that report the role of graphs, charts,
multidimensional depictions, and even the use of virtual reality in business and management area (Benbasat &
Dexter, 1986; Cormier-Chisholm, 2002; Eve, 1984; Lee & Maclachlan, 1986; Potts, 1975; Venkata, 1985).
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Also, there are different ways of utilizing visualization in business applications, for example, for modeling
stakeholders (Fassin, 2008), for evaluating the pros and cons of alternatives and the prioritization of a user’s
needs from multiple criteria (Anderson & Krathwohl, 2001), for risk mapping (Ceniceros, 1998; Leibs, 2002)
and visualization of cash-flow statements (Cole, 2003). Visualizations enable better sense-making and faster
understanding of business information. Visual data enables our brain to be stimulated, thus, the retrieval of data
from our short- and long- term memory can be quicker.

Computer-generated charts and graphs have been used to augment texts and numbers, since the very
beginning, because they are efficient and effective representations of business information (Eve, 1984; Potts,
1975; Roa, 1985). After the proliferation of personal computers and the sharp taking off of spreadsheet
software in early 1980s, visualization research started to receive attention as well, especially in the area of the
effect of using 3D pictures in management tasks. There are many studies being conducted on when to use tables
and when to use graphs. These studies have variations in the use of different graph types and the manipulation
of patterns and colors (Few, 2004). Geographical information systems that used to be in the domain of
scientific research have also been seen more and more in business research (Benbasat & Dexter, 1986; Dennis
& Carte, 1998; Lee & Maclachlan, 1986).

Although visualization appears to be very useful in business operations, some would argue that there are
too many visuals in today’s media, advertisement and public communications. Sadler-Trainor (2005) pointed
out that these visual overdoses can downplay the creative thinking process. He argued that textual data requires
more brain activity. When texts are read, the brain will have to create an image or mental model of some kind
and through this process, the brain will be constantly stimulated—a good training for creative thinking.

Research on the usability of products/services is similar to the studies on the usefulness of information,
both deals with the need to satisfy users’ requirements (Dumas & Redish, 1999; Rubin, 1994; Taggart & Tharp,
1977). An overly-designed information system might end up with more functionality than a user’s needs, or
produce excessive reports that may never be used. As Ackoff (1967) pointed out in his classic article, more is
not always better. Managers might not always know what they want when being questioned by an information
system designer. Thus, in many cases, the designer tends to put some buffers in his design. For example, having
all possible types of graph available, providing subtotals at every level of calculation even though only a single
total number is adequate and adding so many customized routines or spreadsheet macros that any
software-upgrade means having to redo everything from the start. The fact that a computer processor can
process the work very quickly might not help a manager at all. This is because it will take time to scrutinize and
extract what might be needed from the vast amount of detailed data, graphs and charts being produced. Even
though a manager gets the information he/she needs, there is no guarantee that a better decision can be made,
since the process itself is very complex and the system might not be able to produce the needed information at
every step along the way.

Decision-makers tend to use past experience and spatial inference to understand the decision-making
environment. Visualization can trigger the ability to use metaphor to see the links among different system
components of the same abstract domain. However, the spatial reference of individuals varies, because they
have different perceptual or cognitive biases. Visualization can bring an individual’s attention to the salient
characteristics of information without much concentration. Also, visual representation of data can increase the
efficiency in decision-making performance. Visuals, such as graphs and charts, will give a spatial perspective
that could trigger the thought process to generate better insights to a problem domain.
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Business visualization research has long been focused on decision-making performance and has not
considered the user’s learning performance. This line of research assumes the success of an information system
to be synonymous with intention or the use of the system itself. However, information usage may or may not
promote or enhance the learning capability of the information user. Starting with knowledge, users can move up
to a higher level of the learning process, from just remembering to understanding and applying. A learned user
should be able to analyze and synthesize as well as evaluate and eventually be able to create new knowledge or
new procedures (N. Andrienko & G. Andrienko, 2003).

Cognition and Visualization

Individuals differ in their cognitive processes and their spatial visualizing capability. Zimowski and
Weothke (1986) assembled examples of spatial test items and used them to examine variation in spatial
visualizing abilities. The authors differentiated two types of information processing ability, analogy ability of
structural visualization and the non-analog ability of verbal analytic reasoning. They found the former to
involve holistic gestalt-like processing of visuo-spatial information and the latter to test general intelligence and
verbal processing abilities. Both of these two spatial problem-solving techniques are quite common in critical
thinking research where different strands of research exist to study human reasoning and mental model
construction (Johnson-Laird, 1998) and the link between performance and thinking styles (Kim, Grimm, &
Markman, 2007; Talbot, 1989).

Mixed findings have been reported on the effect of using tables versus graphs on decision-making
performance (Benbasat & Dexter, 1986; Vessey, 1991, 1994). Sometimes, the use of tables results in better
decision-making and other times graphs are better. This line of research examines the information-processing
tasks as important factors that influence the cognitive fit of decision makers. It is argued that the type of
information-processing task must fit the type of data representation (Vessey, 1991). For unstructured problems
where innovative ideas are needed to reach alternative solutions, Stoyanov and Kirschner (2007) found student
subjects who have the cognitive style of an “innovator” type to be able to generate novel ideas more than an
“adaptor” type. By arguing that an individual’s decision performance depends on the matching data
representation and the information processing tasks required, Vessey (1991) in her landmark article proposed
the cognitive fit theory. She classified information representation and the information processing tasks into two
types: spatial and symbolic. The cognitive fit occurs, if the task type is spatial and the decision-maker is given
visuals with spatial data representation.

Outcome-Based Learning

In general, the definition of “learning” is quite broad. The learning process allows one to acquire
experience and expertise from performing a given task again and again. The experience gained will help a
person develop higher-level learning, for example, greater understanding and better insight. A measurement of
different levels of learning performance is known as outcome-based learning. Based on the work of Bloom
(1956), there are six levels of learning. As shown in Table 1, different terms are used to describe the aims or
outcomes of different levels of learning that, in turn, relate to the cognitive domain of a person (D’ Andrea,
2003). Although these terms can serve as a good guideline to differentiate one level of learning from another,
careful consideration must be given to test the reliability and validity of these measurements.

It is apparent that learning-style research relates closely to visualization. Felder and Silverman (1988)
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proposed the definition of learning style and for years tested the measurements of this construct in different
contexts. As seen in Figure 2, the authors and their colleagues have changed some of the sub-constructs so as to
keep up with the on-going changes in the business environment. The four original dimensions are
active/reflective, sensing/intuitive, visual/verbal and inductive/deductive. As seen in Figure 2, a decade later,
Felder and Solomon (1998) replaced the dimension of inductive/deductive with the sequential/global to keep up
with the advent of digital and on-line communications. ILS (index of learning styles) was developed and
distributed on-line, consisting of 11 questions for each dimension. Students are believed to learn better if the
instructional design is aligned with their learning styles and cognitive processes. Students with a
visually-oriented learning style were found to prefer the use of visual representation over verbal representation,
and all active learners in his study were visual learners (Moallem, 2007/2008). Also, students with a high
visual-learning style tended to rate lecture-based instruction as less beneficial to their learning performances.

Table 1

Level of Learning, Cognitive Domain, and Outcomes

Levels of learning Aims/outcomes Cognitive domain

Evaluation Know/distinguish between Judge, appraise, evaluate, compare, assess
Synthesis Understand/choose Design, organize, formulate, propose
Analysis Determine/assemble Distinguish, analyze, calculate, test, inspect
Application Appreciate/adjust Apply, use, demonstrate, illustrate, practice
Comprehension Grasp/identify Describe, explain, discuss, recognize
Knowledge Become familiar/solve, apply, list Define, list, name, recall, record

Note. Source: Adapt from Table 3.3 & 3.4, (p. 35) in D’ Andrea (2003).

Active learners (ACT) 11 111 1 Reflective learners (REF)
Learn by trying things out, working “ Learn by thinking things through,
with others working alone
Sensing learners (SEN) 1 111 1 Intuitive learners (INT)
Concrete, practical, oriented ‘ = 4 Conceptual, innovative, oriented
toward facts and procedures toward theories and meanings
V|sAua| leamners (VI_S) Verbal learners (VRB)
Prefer visual representations of 11 11 .
. . Prefer written and spoken
presented material — pictures, .
; explanation
diagrams, flowcharts
/ Sequential learners (SEQ) \ Global Iear.ners (G'LO) \
; A P A 11/ Tend to learn in large jumps,
Tend to gain understanding in N . ;
X . Y absorbing material almost
linear steps, with each step . .
following logically from the randomly without seeing
g logically connections, and then suddenly

_ previous one Y \_ “getting it”

Figure 2. Felder’s learning style.

The review of the literature above suggests that visualization research in the business setting needs to
address a fundamental issue as to whether or not the way the information being presented will fit the
information processing tasks of users. It is likely that report users may be able to achieve a higher level of
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learning, if they receive information that fits their way of thinking. Thus, information system designers are left
with a challenging task of coming up with the visuals that are familiar, meaningful and thought-provoking such
that new insights can come to various report users.

The present research framework for balance sheet visualization is drawn from the cognitive fit theory and
learning outcome literature. The two main constructs of interest are perceived-learning performance and
visual-task-fitting preference. Types of task activity and types of balance sheet visual are included as the
antecedent variables to the visual-task-fitting preference construct. Learning style is included as a control
variable, since individuals with a visually-oriented style are likely to prefer processing visual data than those
who are more verbally-oriented.

In this exploratory research, the research framework examines whether there is a fit of a mental model
while processing information of a given task activity using a certain type of balance sheet visual. Thus, the first
hypothesis is stated as follows.

Hypothesis 1: There is no difference in users’ visual-task-fitting preference among different types of
balance sheet visuals.

In the information processing literature, decision makers are likely to make a better decision, if they
receive the right information in the right format using appropriate visuals. Based on a similar rationale, balance
sheet users may be able to achieve a higher learning level when exposed to visuals that fit with the types of task
activities. Thus, the second hypothesis is stated as follows.

Hypothesis 2: There is no relationship between users’ visual-task-fitting preference and their
perceived-learning performance.

Research Method

Sampling frame and data collection a questionnaire was developed for on-line responses through a survey
using the learning management system of the university. Two groups of graduate students in the Master of
Science program in MSIT (information technology in business programs) from a large university in Thailand
were employed for convenience purposes. The first group was the executive class of 56 students who had to
have at least three years of working experience prior to entering into the program and the majority was still
working while taking classes concurrently. The second group was the regular class, comprising 48 students
who were not required to have any working experience prior to entering into this full-time program. However,
some of these regular students did have work experience. The two groups had taken accounting and finance
classes and were familiar with the concept and use of a balance sheet. Table 2 shows the profile of respondents.

Survey Instrument

To develop the data collection instrument, the authors developed a Web-based survey file and made the
file available for students to download and upload from the university-wide LMS (learning management system)
called blackboard. The system facilitates two-way communication between instructor and student. The study
subjects were instructed to return the completed survey file by posting it on their class’s LMS. No incentive
was offered for participation. The Web-based survey was used so that colors and shapes of the visuals could be
seen easily. The balance sheet visuals included were designed to be static with no drilled-down capability. This
is to mimic the paper-based balance sheets that are widely used in a typical business setting in Thailand.

Ten alternative visuals were included. Some have been developed anew using a simple graphic design
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concept and the symbolic versus spatial representation of content. Others have been adapted from books
and internet sources. All questions with alternative visuals were examined against the original symbolic
representation that is spreadsheet table of texts and numbers. Among all ten alternative visuals, four are
spatial tables, two are mixed of numbers and graphs and four are spatial graphs. Spatial tables were
developed to give summary numbers with their corresponding proportions in an unorthodox table format.
The two mixed visuals contain detailed numbers in traditional table and graph together formats. Finally,
the spatial graphs are traditional column and bar charts produced by spreadsheet software. The visual
samples are shown in Figure 3.

Table 2

Profile of Respondents

Respondent’s characteristics Group#1: Executive class Group#2: Regular class ® Total number of respondents
(N1 =56) (N2 = 48) (N = 104)

With work experience 56 (100%) 31 (60.8%) 93 (82.3%)

Gender (male, female) 51.6%, 48.4% 43.1%, 56.9% 47.8%, 52.2%

Major (MIS, AlS, SIT)b 77.4%, 21.0%, 1.6% 60.8%, 25.5%, 13.7% 69.9%, 23.0%, 7.1%

Notes.  Since the survey was voluntary, some students chose not to participate: 90.3% for Group#1 and 94.1% for Group#2.
However, only 62 out of 104 students (54.9%) completed the survey that was usable for the analysis of relationships under study.

® The MSIT program has three majors: MIS (Management Information Systems), AIS (Accounting Information Systems) and SIT
(Statistical Information Systems). For their undergraduate degree, many MIS students have backgrounds in engineering and
biosciences, AIS in accounting and SIT in statistics.

Measurements

A 7-point Likert scale was used to assess the level of preference to a given visual and the level of learning
one perceived from the task activity that he/she would perform. Multiple measures were used for each of the
two main constructs and one moderating variable as follows.

Visual-task-fitting preference. The match between task activity and visual representation was
measured by the level of preference a respondent indicated when determining a particular visual. It is
expected that the higher the level of preference the greater the match or the fit. Four types of task activities
that are typically performed by a balance sheet user include confirmation, review, understanding and
decision. Table 3 shows the hypothetical match or fit between the type of task activity and the type of
visual representation.
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(to be continued)
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Figure 3. Alternative balance sheet visuals.
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Perceived learning performance. The respondent was asked to tick as many types of learning
performance as he/she perceived from viewing each individual balance sheet visual. Based on Bloom’s
typology, six levels of learning are included, consisting of Cph (comprehend), App (apply), Ana (analyze), Syn
(synthesize), Eva (evaluate) and Ins (insight). This framework has been widely used in teaching and learning
research with an implication that learning performance will be higher when the level increases.

Table 3
Matching Between Type of Task Activity and Visual Representation

Visual representation
Symbolic  |Spatial Mixed
C (Confirmation) that the balance sheet discloses data according to accounting standards X

Task activity

R (Review) that the financial position is accurate X X
U (Understanding) the financial status and position X
D (Decision) choices being formed from the assessment of the firm’s financial position X

Learning style. The respondent was asked to go to Felder’s Website at the North Carolina State
University Website (http://www2ncsu.edu/felder~public/ILSdir/ILAweb.html) and proceed through the
assessment in order to obtain his/her four types of learning style scores and send them to the second author via
the university LMS. This variable is included as the moderating variable between the cognitive fit and learning
performance. Among the four dimensions of learning style, the visual-verbal dimension will be included in
further analyses.

Results

With combined response rate of 54.9% (62 from a total of 104 subjects) and very similar profiles between
the executive class and regular class, the analyses were then carried out by combining both student groups. First,
descriptive statistics will be presented on the two main variables and one control variable as follows:
visual-task-fitting preference, learning performance and learning style. Then non-parametric statistics will be
used to test the relationships between constructs, since nominal and ordinal scales were used in the survey.

Visual-Task-Fitting Preference

This construct is measured by the extent of preference the subject has given to each visual and each task
activity. In Table 4, alternative “spatial table” visuals (#1-4) received higher rating scores of preference than
regular “graph” visuals (#6-8). However, the “mixed” of symbolic and spatial visuals (#5 and #10) received the
highest mean scores (above 4.5 from a seven-point scale) across different types of task activities.

The pattern of average means appears progressive from basic task activity like “confirmation” to “review”,
then to “understanding” and finally to “decision-making”. However, spatial tables of different configurations
received a higher rating on “understanding” activity whereas simple bar graphs (#6 and #7) attained greater
voting scores than common-size graphs for the two similar activities. No statistically significant difference was
found among students with and without experience. Neither did gender nor learning style contribute to the
difference in their combined scores of preference. However, different majors seemed to have different levels of
acceptance. AlS, SIT and MIS majors had different mean rank on the preference scores of visuals used for
decision-task activity: 21.6, 35.5 and 32.3, respectively. The Kruskal-Wallis Chi-square statistic yields a value
of 7.238 (df = 2.62, p = 0.027).
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Table 4
Means of the Level Preference on Individual Balance Sheet Visuals
. Task activity
Balance sheet visuals - - -
Confirm Review Understand Decide

1 Single spatial table 4.08 3.97 4.63 4.15
2 Multiple spatial table—vertical down 4.00 3.98 4.27 4.18
3 Multiple spatial table—vertical up 4.26 4.35 4.63 4.39
4 Multiple spatial table—horizontal 4.03 4.15 4.35 4.16
5 Mixed symbolic table—graphlets 4.66 4.84 4.84 4.60
6 Vertical graph 3.65 3.85 411 4.37
7 Horizontal graph 3.50 3.68 3.90 4.03
8 Common size graph—vertical 2.94 2.95 3.26 3.11
9 Common size graph—horizontal 2.89 2.98 3.37 3.32
10  Mixed line graph and crosstab table 4.45 4.52 4.66 4.82

Means of average combined scores 3.84 3.93 4.20 411

Regardless of the type of activity, the respondents were asked about their preferred types of visual by
comparing one type of graph with another. The preference percentages between the original tables (“symbolic™)
versus the “spatial table” are 56.5% and 43.5%, the “spatial table” versus the “mixed” of numbers and graphs
are 35.3% and 64.5%, and the “mixed” versus the “graph” are 72.6% and 26.4%, respectively. The voting
percentages appear to show that the “graph”, the “spatial table”, the “original or symbolic” and the “mixed” are
the preferred visuals in ascending order.

Perceived Learning Performance

The multiple response method is used to analyze the learning performance construct. Despite of the
implied hierarchical levels of Bloom’s learning performances, the authors chose to treat these learning
performance items without leveling. Table 5 shows the frequency (in percent) of responses and cases.
Three out of four “spatial table” visuals are perceived to fit with the task activity of “comprehension”. The
balance sheet visuals included in this study seem to help with the analysis-task activity more than the other
learning performance indicators. The higher learning performance levels such as “synthesis”, “evaluation”
and “insight” had not been chosen by a majority of respondents. One possible explanation is that students
in the Masters Degree program tend to be trained to do analysis tasks consisting of more than synthesis and
evaluation. Also, the survey instrument was developed without tying it to any specific business context.
Thus, the respondents may not be able to perceive higher levels of learning performance, especially at the

insight level.

Learning Style

How people see, think and learn may depend on their individual, innate learning styles. Some might prefer
active as compared to reflective learning, sensing rather than intuitive, visual rather than verbal and sequential
rather than global. Felder and Solomon’s (1998) learning style model was employed for the study. As shown in
Table 6, the two groups exhibit similar learning styles for the first three dimensions such that more of them
prefer active learning, use sense-making and are visually oriented. In fact, the highest mean scores are visual
orientation in both groups (6.4 and 6.3). Though the sequential learning style is found more in the executive
class (53.6%), the global learning style is more common in the regular class. Students with less experience
seemed to rate themselves as global-style learners (47.9%).
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Table 5
Multiple Responses of Learning Performance
Balance sheet visuals No. g/oo;ﬂprehend @zg)lication ,(Ao/i)l)aﬂysis (S%r)lthesis I(Eoz.';lluation E(r;:)ight
1 Single spatial table 145 345 13.8 214 34 20.0 6.9
62 80.6 323 50.0 8.1 46.8 16.1
2 Multiple spatial table—vertical down 157 26.1 15.9 24.8 51 24.2 3.8
61 67.2 41.0 63.9 13.1 62.3 9.8
3 Multiple spatial table—vertical up 163 25.8 17.2 27.0 3.1 245 2.5
62 67.7 452 71.0 8.1 64.5 6.5
4 Multiple spatial table - horizontal 162 247 185 216 7.4 241 3.7
60 66.7 50.0 58.3 20.0 65.0 10.0
5 Mixed symbolic table—graphlets 176 23.9 15.3 244 9.1 222 51
59 71.2 458 72.9 27.1 66.1 15.3
6 Vertical graph 167 222 16.2 25.1 10.2 21.6 4.8
59 62.7 458 71.2 28.8 61.0 13.6
7 Horizontal graph 144 257 17.4 23.6 9.0 20.8 3.5
57 64.9 43.9 59.6 22.8 52.6 8.8
8 Common size graph—vertical 9% 240 19.8 240 9.4 20.8 2.1
53 434 35.8 43.4 17.0 377 3.8
9 Common size graph - horizontal 103 25.2 16.5 26.2 8.7 21.4 1.9
53 491 321 50.9 17.0 415 3.8
10 Mixed line graph and crosstab table 209 18.7 17.2 234 11.0 22.0 7.7
57 68.4 63.2 86.0 40.4 80.7 28.1

Notes. The two rows for each visual show percentage of responses by respondents on the upper row and percentage of cases the
respondents tick a particular learning performance. For example, balance sheet visual #10 or the “mixed line graph and crosstab
table” visual, there are 209 ticks (responses) by 57 respondents, 23.4% of the responses and 86% of the cases indicated that
visual#10 fits with their “analysis” learning performance.

Table 6
Respondent’s Learning Styles
Learning style

Group 1: Executive (N1 = 56) Group 2: Regular (N2 = 48)

(N =104) 1) 2 Equal 1) 2 Equal

(1) Active/(2) reflective 64.3% 26.8% 8.9% 66.7% 14.6% 18.8%
42 3.0 3.0 3.3

(1) Sensing/(2) intuitive 67.9% 19.6% 12.5% 54.2% 37.5% 8.3%
5.0 4.3 35 3.2

(1) Visual/(2) verbal 91.1% 8.9% 0% 85.4% 12.5% 2.1%
6.4 3.4 6.3 2.7

(1) Sequential/(2) global 53.6% 35.7% 10.7% 45.8% 47.9% 6.2%
3.0 2.9 2.9 3.2

Notes. The table reports percentage of respondents identifying their individual learning styles. For example, 91.1% of the
executive class perceived themselves as being visual-oriented as compared to only 8.9% verbal-oriented. Only 54.9% of these
respondents continue to respond to the visual-task-fitting preference and perceived learning performance survey.

Hypothesis Testing
Descriptive statistics and non-parametric statistics are used to provide preliminary evidence of the
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proposed relationships. For the first hypothesis that examines whether a user’s mental model when performing
a given task activity will fit with the type of visual presented, Kruskal Wallis One-way ANOVA (analysis of
variance) was used. The ten balance sheet visuals were combined into three subgroups, namely, “spatial table”,
“graph” and “mixed”. Table 7 shows the mean rank difference between groups, Chi-square statistics, and
p-value of the visual-task-fitting preference measures. Very few differences of preferred visuals for different
types of activity were found. The only type of visual that showed any group difference is “spatial table”:
between those with and without work experience (Chi-square = 3.893, p = 0.048), male and female (Chi-square
= 7.705, p = 0.006) and AIS, MIS, SIT major (Chi-square = 9.038, p = 0.01). Respondents with different
learning styles do not seem to exhibit any difference in their visual-task-fitting preferences. This finding
indicates that Hypothesis 1 is not supported.

Table 7
Kruskal Wallis One-Way ANOVA for the Visual-Task-Fitting Preference

Differences between groups

Spatial table

Graph

Mixed visual

Work experience: with versus without
Gender: male versus female

Major: AIS, MIS, SIT

Style: active, neutral, reflective

Style: sensing, neutral, intuitive
Style: visual, neutral, verbal

Style: sequential, neutral, global

23.84, 34.16, 3.893"

38.5, 25.74, 7.705 ™

20.68, 36.23, 29.00, 9.038™
35.38, 36.31, 28.68, 2.148
27.30, 36.50, 32.29, 1.543
29.31, N/A, 31.25, 0.083
32.38, 21.92, 31.69, 1.766

25.94, 33.43, 2.055
31.18, 31.76, 0.016
25.26, 33.13,41.25, 3.543
27.83, 25.19, 33.06, 1.795
27.68, 29.30, 33.08, 1.246
37.56, N/A, 30.01, 1.261
29.81, 29.58, 32.19, 0.286

37.56, 29.39, 2.449
31.00, 31.91, 0.039
32.47,31.43, 28.13, 0.191
33.83, 37.00, 39.00, 1.749
34.15, 21.90, 30.51, 1.981
34.75, N/A, 30.43, 0.413
33.54, 27.50, 29.71, 0.894

Notes. "p <=0.05; " p <=0.01.

A similar analysis was carried out for perceived learning performance. However, due to low response rates
to these questions, some of the Kruskal Wallis tests could not be performed and, for those performable tests,
none is statistically significant, indicating no support for Hypothesis 2. That is, visual-task-fitting preference
does not seem to contribute to the respondents’ perceived learning performance.

Discussion and Conclusions

Current research issues in business visualization focus on the relationship between cognitive fit and
decision-making performance. However, a priori to decision-making is the learning process that a user of
business visuals has to have in order to understand and gain insight into the problem domain itself.
Nevertheless, visuals are used to complement other information in a business report. Therefore, the study of
what complementary visuals will fit with what tasks and, in turn, allow them to understand the information
better can definitely add another perspective to the existing body of business visualization literature. Besides
gaining insights into the information received, management may be able to devise more innovative ideas and
greater numbers of alternative solutions (Stoyanov & Kirschner, 2007). Using perceived-learning performance
instead of decision-making performance in the business context can further contribute to the existing body of
knowledge.

Mixed results are found from the present exploratory study. No relationship was found between the type of
activity and the type of visual. Neither was there any difference in the preferred visual type between people
with or without experience, accounting or non-accounting majors, visual- or verbal- oriented individuals. It
should be noted that this exploratory study found that the applicability of the cognitive fit theory on learning
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performance might not be as useful as in its original application toward decision-making performance (Vessey,
1991). As it stands, mixed symbolic tables with graphics are the most preferred visuals for analysis-task activity
of a balance sheet. Unlike the decision-making process, the learning process may take on a different
information-processing dimension. Determining the right information in the right format using appropriate
visuals may not be a “cut and dried” decision environment. Thus, both symbolic and spatial data may actually
be necessary to balance sheet users in today’s complex information processing environment. Thus, standard
setters may want to pay more attention to not only the disclosure of the right accounting numbers but also the
right visual form of financial reports as well.

In recent years, many commercial software packages have extended a visualization capability to their
applications. Many of these visuals were made available just for the sake of having them there. At times, they
are “chartjunk” and might result in more harm than good for report users. Configuration costs increase in order
to make these unnecessary visuals available to the users and should be reconsidered with the insights from the
findings of the present exploratory research. In as much as they should be, the visuals from a financial
statement have not been presented for external stakeholders. For internal report users, the question pertaining to
which visuals should be used to present the financial statement such that they will fit the information
processing tasks of these users might have been asked but has not been widely researched. One wonders if
complex accounting data can be visualized better, could this make many past financial crises less severe, for
example, the 1997 Asian crisis and the 2008 hamburger crisis.
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