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Cognitive Processing with Information Visualization Types and
Contextual Reasoning

Wonjin Jung*

Abstract

The effects of information quality and the importance of information have been reported in the
Information Systems (IS) literature. However, little has been learned about the impact of information
visualization types and contextual information on decision quality. Therefore, this study investigated the
interaction effects of these variables on decision quality by conducting a laboratory experiment. Based
on two types of information visualization and the availableness of contextual information, this study
had a 2 x2 factorial design. The dependent variables used to measure the outcomes of decision quality
were decision accuracy and time. The results demonstrated that the effects of contextual information
on decision quality were significant. In addition, there was a significant main effect of information
visualization on decision accuracy. The findings suggest that decision makers can expect to improve
their decision quality by enhancing information visualization types and contextual information. This
research may extend a body of research examining the effects of factors that can be tied to human
decision-making performance.
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1. INTRODUCTION

Since the beginning of the computer age,
IS researchers have addressed the issue of in-
formation characteristics. They have inves-
tigated various information characteristics to
measure the value of information and the im-
pact of information on decision quality. Gallaher
[1974] used several information characteristic
items to measure the value of a group of IS
reports. The items included relevance, infor-
mativeness, usefulness, and importance. Ahituv
[1980] used five information characteristics to
measure information value: accuracy, time-
liness, relevance, aggregation, and formatting.
To develop a composite measure of infor-
mation value, King and Epstein [1983] used
various information attributes such as suffi-
ciency, understandability, freedom from bias,
reliability, decision relevance, comparability,
and quantitativeness. livari and Koskela [1987]
used various information characteristic criteria
to measure users’ information satisfaction.
Their items included relevance, comprehen-
siveness, recentness, accuracy, credibility, con-
venience, timeliness, interpretability, and ada-
ptability.

Besides the various information character-
istics and attributes listed above, IS resea-
rchers also have paid attention to informa-
tion’s visualization and context. Wang and
Strong [1996] defined contextual data as data
that can add value because it is relevant,
timely, complete, and appropriate in terms of
amount. Yet, for the data to be considered of

good visual representation, the system must

present the data in such a way that it is in-
terpretable, easy to understand, and repre-
sented concisely and consistently [Wang and
Strong, 1996]. While graphical information vi-
sualization research is of interest to many
disciplines, such as Statistics, Psychology, Edu-
cation, Engineering, Management, and Infor-
mation Systems [Tan and Benbasat, 1990], con-
textual information research has been the fo-
cus of attention in much information retrieval
(IR) work [Brown and Jones, 2001; 2002; Dou-
rish et al, 1993] and the Semantic Web.
Many organizations use various information
provided by information technologies and sys-—
tems to make high quality decisions. High
quality decisions are expected to lead to more
productive actions, quicker problem-solving,
and better organizational performance. However,
decision-making with various information within
an organization may not be an easy task,
particularly where people experience informa-—
tion visualization problems and the lack of
contextual information. To make better deci-
sions, it seems crucial to have access to in-
formation that is as interpretable, easy to un-
derstand, and represented concisely and con-
sistently as possible, rather than just having
an enormous volume of information. In addi-
tion, decision makers should have access to
information that is as complete and relevant
to decision tasks as possible [Stephenson,
1985]. In practice, however, it is often difficult
to get such high-quality information. That is,
information may not be interpretable, easy to
understand, nor represented concisely and

consistently due to a variety of reasons such
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as poor data formats, missing (incomplete) da-
ta, irrelevant data, or inadequately defined data.

Furthermore, because of a huge amount of
information in an organization, information
may vary in quality, which makes decision
tasks more difficult for decision-makers. Accor-
dingly, people in an organization may find
themselves bogged down by low-quality in-
formation. Consequently, organizations where
people experience low-quality information pro-
blems, information visualization problems, and
the lack of contextual information may end up
taking unnecessary risks by accepting im-
practical ideas and making errors in inter-
pretation, or ignoring important ideas. Based
on a recent industry report, the economic and
social damage from various information prob-
lems costs billions of dollars [Redman, 1998].

The investigation of factors that can be
tied to decision-making is important, since
the factors will be useful as a basis for im-
proving decision quality. Todd and Benbasat
{2000] provided a comprehensive literature re-
view of the impact of IT on decision-making.
Based on their literature review, the relation-
ship between IT and decision-making is not
well understood [Benbasat et al., 1993; Eierman
et al, 1995; Sharda et al, 1988]. To further
clarify the role of various moderating and
mediating variables that influence decision-
making, researchers investigated decision-maker
capability in the context of DSS [Benbasat
and Taylor, 1982] and in the context of ex-
perts or knowledge-based systems [Dhaliwal
and Benbasat, 1996; Gregor and Benbasat,
1999; Nah et al., 1999], and the key mediating

processes related to decision strategy in the
context of DSS [Silver, 1990]. Despite many
decision studies that examined these factors,
the relationship between the factors and deci-
sion—-making is still not well understood [Todd
and Benbasat, 2000].

Since the relationship between these factors
and decision-making is not well understood,
rather than studying the direct effects of in-
formation technology and/or systems on deci-
sion quality [Benbasat et al., 1993; Eierman et
al,, 1995; Sharda et al., 1988], or the effects of
moderating and mediating variables, such as
decision-maker capability [Benbasat and Taylor,
1982; Dhaliwal and Benbasat, 1996, Gregor
and Benbasat, 1999; Nah et al., 1999] and de-
cision strategy [Silver, 1990], on decision-mak-
ing, this study examined the interaction ef-
fects of different information visualization types
and contextual information on decision quality.

In fact, the importance of information and
the effects of various information character-
istics have been studied in IS literature. How-
ever, little empirical evidence and under—
standing of the interaction effects of infor-
mation visualization types and contextual in-
formation that can be tied to decision-making
have been documented. Specifically, much of
the information visualization research did not
manipulate contextual information, nor did it
show performance differences between in-
dividuals based on contextual information.
Hence, it would be worth investigating the
interaction effects of information visualization
types and contextual information on decision

quality. Thus, the goal of this research is to
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examine empirically the interaction effects of
information visualization types and contextual
information on decision quality. This area of
study is focused on extending a body of re-
search examining not only the effects of fac-
tors that can be tied to human decision—mak-
ing, but also the predictions of information
usages.

The remainder of this study is organized as
follows. In Section 2, literature review and
hypotheses are presented in detail. Section 3
describes the research methodology adopted
for this study. In section 4, the results and
findings are discussed. Finally, section 5 and
6 discusses and concludes the study.

2. LITERATURE REVIEW AND
HYPOTHESES

2.1 Information Visualization

Information visualization research is of in-
terest to many disciplines. The widely ac-
cepted view in the literature is that infor-
mation in the form of pictures, graphs, or ta-
bles is generally regarded as superior in terms
of the meaning of information (e.g., the ease
of understanding and interpretability) to that
in a thousand words [Benbasat and Dexter,
1985; DeSanctis, 1984; Javenpaa and Dickson,
1988; Jarvenpaa, Dickson, and DeSanctis,
1985; Vessey, 1991]. Hence, traditionally, deci-
sion makers have relied on graphical or tabu-
lar visualizations in improving decision quality
[Smelcer and Carmel, 1997]. However, when

the focus of information visualization research

is taken on the comparison between graphical
and tabular visualizations, then there have
been largely equivocal results in the prior
research. While some research found that
graphical presentations are superior to tabular
presentations [Benbasat and Schroeder, 1977;
Lucas, 1981] for decision-making, some re-
search found the opposite [Ghani and Lusk,
1981]. Addo [1989] considered the lack of the-
oretical basis and differences in measure-
ments between studies as two primary rea-
sons for the conflicting results. Specifically,
prior studies used different definition and mea-
surement of task type or complexities. Frown-
felter-Lohrke [1998] provided a comprehen-
sive literature review of additional reasons for
the conflicting results, such as use of poor
graphical formats, content differences between
graphical and tabular formats, uncontrolled
task effects, omitted correlated variables, un-
controlled learning effects, differing or un-
objective measures of decision quality, and
univariate tests of related dependent variables
[Hard and Vanecek, 1991; Benbasat et al,
1986; DeSanctis, 1984].

In regard of the mixed results, Tan and
Benbasat [1990, p. 417] stated: “There is now
common agreement in the Information Systems
(IS) graphics research literature that the qual-
ity of a given information representation de-
pends on the characteristics of the task to
which it is to be applied [DeSanctis, 1984;
Jarvenpaa et al,, 1985; Benbasat and Dexter,
1985, 1986; Javenpaa and Dickson, 1988].” Vessey
[1991] also suggested that a decision-maker'’s

task processing would be more efficient and
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effective when there is a cognitive fit (match)
between the information emphasized in the
visualization type and that required by the
task type. That is, the theory of cognitive fit
focuses on the effect of a match between in-
formation visualization and task on decision-
making performance : spatial tasks need spa-
tial information; symbolic tasks need symbolic
information. More specifically, while tables
emphasize symbolic information and lead to
better performance for the task of reading
specific data values, graphs emphasize spatial
information and lead to better performance for
most elementary spatial tasks, including sum-
marizing data, showing trends, comparing
points and patterns, and showing deviations
[Jarvenpaa and Dickson, 1988; Vessay, 1991].

The theory of cognitive fit is a useful per-
spective to understand how and when differ-
ent information visualizations are useful in
supporting task strategies (methods or proc-
esses) required to perform a task. The three
fundamental aspects addressed in the theory
are: (1) the information visualization (graphs
and tables), (2) the decision-making task
(spatial and symbolic), and (3) the processes
or strategies decision makers use (perceptual
and analytical). According to the theory, when
there is a complete fit of information visual-
ization, processes, and task type, each visual-
ization (e.g., graphs or tables) will lead to
both quicker and more accurate decision-
making by formulating a mental represen-
tation. That means, while perceptual proc-
esses view data values In context; that is,

they enable a set of data points to be exam-

ined simultaneously, analytical processes are
those used to both extract and act on discrete
data values. Since symbolic tasks need pre-
cise data values, they are best accomplished
using analytical processes.

Chandra and Krovi [1999] extended the
theory of cognitive fit to account for the con-
gruence between external visualization (eg.,
information organization) and internal visual-
ization, and tested their extended model in an
experimental setting with the two models of
external visualization (prepositional networks
model from the cognition literature and ob-
ject-oriented model from the systems liter-
ature]. Chandra and Krovi stated [1999, p.
273]: “While the cognitive fit is an excellent
framework for understanding the relationship
between problem representation and deci-
sion-making task, it does not explicitly ac-
count for specific internal representations and
their effect on the efficiency and effectiveness
of information retrieval.” The logic in their
model is that if an already existing knowl-
edge structure (internal visualization) is con-
gruent with information organization, the de-
cision maker is better able to match the latter
to the internal knowledge, thereby leading to
the better efficiency and effectiveness of in—
formation retrieval performance. Overall find-
ings of their study provide some evidence
that the retrieval process benefits when in—
formation organization is congruent with in-
ternal visualization.

The nature of the information retrieval
process is likely to differ from managerial de-

cision-making. However, if the system pres-
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ents information necessary to make decisions

in such a way that they are organized, inter-

pretable, easy to understand, and represented

concisely and consistently, it would create a

congruence between external and internal

visualization. As such, it could be possible to
infer that decision quality can be improved
due to the congruence leading to the better
efficiency and effectiveness of retrieval proc-
ess for the information necessary to make
decisions. Similarly, research in cognition and
human information processing suggested that
designing for comprehension is an effective
way to reduce a reader's mental efforts to
understand the contents of a document

[Thuring et al., 1995].

Based on the discussion above, the follow-
ing hypotheses are proposed.

H1 :Regardless of the use of contextual in-
formation, tabular visualization has more
significant effect on decision time than
graphical visualization for a symbolic task.

Hla: When decision makers use contextual
information, tabular visualization has
more significant effect on decision time
than graphical visualization for a sym-
bolic task.

H1b: When decision makers do not use con-
textual information, tabular visualization
has more significant effect on decision
time than graphical visualization for a
symbolic task.

H2: Regardless of the use of contextual in—
formation, tabular visualization has more
significant effect on decision accuracy

than graphical visualization for a sym-

bolic task.

H2a: When decision makers use contextual
information, tabular visualization has
more significant effect on decision accu-
racy than graphical visualization for a
symbolic task.

H2b : When decision makers do not use con-
textual information, tabular visualization
has more significant effect on decision
accuracy than graphical visualization for
a symbolic task.

2.2 Contextual Information

Sharps [2003] asserted that if context in-
formation does not exist in working memory
during decision cosideration, decision makers
rely on a stlye of cognitive processing that
may result in inaccurate decision making.
Some researchers demonstrated this effect
and addressed the importance of context in-
formation in decision making [Sharps et al.,
2007]. In addition, Context information is most
useful for not only information retrieval (IR)
functions {Brown and Jones, 2001; 2002], but
also browsing tasks [Dourish et al., 1993; Park
and Kim, 2000]. IR systems are concerned
with the finding of information, often in the
form of text documents [Brown and Jones,
2001]. According to Brown and Jones, at one
time,‘ IR systems were almost exclusively the
domain of the librarian. However, the advent
of the World Wide Web (WWW) has changed
this situation radically, and many people are
now familiar with the use of IR systems in

the form of web search engines.
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Recently, the Semantic Web, which is the
advanced form of IR systems, has been re-
ceived strong attention because of its poten-
tial to increase the speed with which in-
formation can be found, integrated, aggre-
gated, and analyzed. The Semantic Web is
relevant to knowledge management and de-
signed to provide decision makers with in-
telligent search for the information they need.
Because the Semantic Web can answer a
question or perform a search, decision makers
can make more high-quality decisions. One of
problems for an extension of the Semantic
Web technologies is that the Semantic Web
technologies and its applications cannot work
properly without contextual information. Brown
and Jones [2002] asserted that the use of con-
text information leads to improvements in
precision and retrieval speed. Jul and Fumnas
[1997] also asserted that context information
plays an important role for effective infor-
mation retrieval because each retrieval proc-
ess takes place in a particular information en-
vironment and is tied to the specificity of the
environment.

Dourish et al. [1993] studied two inform-
ation systems, one paper based and one elec—
tronic, managing similar information within
the same organization. In addition to the fact
that the availability of contextual information
makes browsing much more productive [Dourish
et al, 1993; Park and Kim, 2000], they also
found that information retrieved from these
systems 1s interpreted subjectively by indivi-
duals. They pointed to contextual information
contributing to this interpretation; that is,

they addressed the importance of contextual
information, which causes the same informa-
tion to be interpreted in different ways once
retrieved. Since this interpretation is critical
in decision-making, it must be perceived to
be correct and pertinent if information is to
be of use to an individual. Thus, they empha-
sized that contextual information acts as a
resource in the process of interpreting the
information.

According to Wang and Strong [199%], data
quality must be considered within the context
of the task at hand; that is, data must be rel-
evant, timely, complete, and appropriate in
terms of amount so as to add value. To ex-
amine contextual data quality problems in
practice, Strong et al. [1997] studied 42 data
quality projects from three data-rich organ-
izations: GoldenAir, an international airline;
BetterCare, a hospital; and HyCare, a Health
Maintenance Organization (HIMO). They em-
ployed qualitative data collection and analysis
techniques and collected data via interviews
of data producers, consumers, and managers.
They found three underlying causes for data
consumers complaints that available data does
not support their tasks: missing data, in-
adequately defined or measured data, and data
that could not be appropriately aggregated.

Strong et al. [1997] addressed the issue of
incomplete data due to operational problems
and design. They found that while GoldenAir's
inventory data was incomplete due to opera-
tional problems, BetterCare’s data was in-
complete by systems design. For example, at

GoldenAir, mechanics sometimes failed to re-
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cord part numbers on their work activity
forms. Because transaction data was incom-
plete, the inventory database could not be up-
dated, which in turn produced inaccurate
records. However, they observed that this
was tolerated because the primary job of me-
chanics is to service aircraft in a timely man-
ner, not to fill out forms. They also found
that because of systems design, the amount
of data in BetterCare’s database is small
enough to be accessible, but complete enough
to be relevant and add value to data consum-
er's tasks. As a result, they observed that
data consumers occasionally complained about
incomplete data.

As organizations increasingly adopt dis-
tributed repositories such as data warehouses,
it seems clear that various kinds of valuable
information can be dispersed across the in-
formation systems in an organization. Strong
et al. [1997] also found some contextual data
quality problems caused by integrating data
across distributed systems. At HyCare, data
consumers complained about inconsistent def-
inition and irrelevant data. They pointed out
that these problems were caused by autono-
mous design decisions in each division. As a
result, decision makers experienced in-
formation overload and difficulties in retriev-
ing valuable information through these dis-
tributed systems.

In conclusion, based on these views, it
could be possible to infer that decision-mak-
ers can benefit from contextual information
because it can increase the efficiency and ef-

fectiveness of browsing and retrieval proc-

esses, as well as information interpretation

processes [Brown and Jones, 2001; Dourish et

al,, 1993; Jul and Furnas, 1997, Park and Kim,

2000]. That is, if the system provides con-

textual information, then decision quality may

be improved due to the improved efficiency
and effectiveness of browsing, retrieval, and
interpretation processes for the information
necessary to make decisions.

Based on the discussion above, the follow~
ing hypotheses are proposed.

H3:Regardless of the types of information
visualization, decision-making with con-
textual information will be faster than
decision-making without contextual in-
formation for a symbolic task.

H3a: If information is provided in the form of
tabular visualization, decision-making with
contextual information will be faster
than decision-making without contextual
information for a symbolic task.

H3b : If information is provided in the form of
graphical visualization, decision-making
with contextual information will be fast-
er than decision-making without con-
textual information for a symbolic task.

H4 : Regardless of the types of information
visualization, decision-making with con-
textual information will be more accurate
than decision-making without contextual
information for a symbolic task.

H4a: If information is provided in the form of
tabular visualization, decision-making with
contextual information will be more ac-
curate than decision-making without con-

textual information for a symbolic task.
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H4b : If information is provided in the form of
graphical visualization, decision-making
with contextual information will be more
accurate than decision-making without
contextual information for a symbolic task.

3. RESEARCH METHODOLOGY

3.1 Experimental Design and Procedures

Since a laboratory environment provides
the control necessary to understand the ef-
fects of different information visualizations
and contextual information on decision qual-
ity, a laboratory experiment was conducted.
For the experiment, two types of information
visualization (e.g., tabular vs. graphical) were
given to subjects. Contextual information was
given to only half of subjects. That is, based
on the two factors, information visualization
types (tabular vs. graphical) and contextual
information (availability vs. unavailability), a
2 % 2 factorial design was implemented to test
the hypotheses.

Because different groups of subjects used
information in the different combinations of
information visualization types and contextual
information, decision quality was expected to
vary depending on the combinations of in-
formation visualization types and contextual
information. Each subject’s decision quality
was assessed based on predetermined meas-
urement, and decision quality referred to deci-
sion time and the accuracy of decision-mak-
ing that most accomplished the objective for
the decision task. Thus, the purpose of the

experiment to identify the effects of different
information visualization types and contextual
information on decision quality could be
achieved.

A Web-based system to deliver a set of
information in different visualization types and
contextual information to the subjects was
developed using the latest version of Web
programming languages, Hyper Text Markup
Language (HTML) and Practical Extraction
and Report Language (PERL). The system
developed for this experiment can be viewed
as a surrogate of the database management
systems such as data warehouses that are
being used in various functional areas in in-
dustry because the subjects accessed in-
formation through this system.

Subjects participating in the experiment
were undergraduate students. The experimental
task for this study asked subjects to solve a
decision problem. The decision task created
by Jarvenpaa [2003] was used for this experi-
ment, with some minor adjustments. It asks
subjects to select a site for the construction
of a restaurant. The information set given to
the subjects was fit for the decision task and
delivered to them by the system. The sub-
jects were assigned randomly to one of the
four treatments. In order to help subjects un-
derstand the decision-making rules for the
task, an example to simulate the decision-
making rules was provided. After that, the
subjects were provided with an answer sheet
to record their solutions as they performed
the task. Next, with the information set and
the task, the subjects made decisions. Finally,
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this study observed the effects of the various
treatments on decision quality.

3.2 Independent Variables

The first independent variable is two dif-
ferent types of information visualization. Pre-
vious information visualization research de-
veloped a sound taxonomy for classifying
tasks: elementary tasks or decision activities
[Newell and Simon, 1972]. The decision task
used here, with known solutions, was close to
decision activities rather than elementary tasks
in terms of difficulty, requiring higher mental
processes and managerial analysis such as
judgment, integration of information, and
inference. The experiment used two different
types of information visualization, referred to
as tabular and graphical visualizations. That
1s, two attributes of information visualization
(e.g., tabular and graphical) were used to map
to the main information types. While a table
presents information as a series of discrete
numbers, a graph presents information as a
series of colors or patterns [Vessey, 1991].
This study carefully constructed the tabular
and graphical visualizations to contain the
same information. In other words, the two
types of information visualization provided
equivalent values, except in the information
visualization formats. Since the experimental
decision-making task for this study was close
to decision activities rather than elementary
or spatial tasks, based on the theory of cog-
nitive fit [Vessey, 1991], it was believed that

there was a cognitive fit between information

in the form of tabular visualization and the
experimental decision-making task. Thus,
tabular visualization was expected to facilitate
the task’ solution and to produce superior
performance than graphical visualization.

Attaining high-quality contextual informa-
tion is a research challenge [Madnick, 1995;
Strong et al., 19971, because tasks and their
contexts vary across time and information
consurmers [Wang and Strong, 1996). As men-
tioned above, Strong et al. [1997] found three
main causes in general for information con-
sumers complaints that available information
does not support their tasks: missing [incom-
plete] data, inadequately defined or measured
data, and data that could not be appropriately
aggregated. Based on their findings, it seems
possible to infer that providing information
consumers with relevant, complete, and ag-
gregated data may add value to the tasks of
information consumers and may be one of the
ways to solve the contextual information pro—
blems.

The second independent variable is con-
textual information. The subjects supported
with an appropriate amount of relevant, com-
plete, and aggregated data were considered as
being assigned to the experimental treatment
of contextual information availability. On the
other hand, the subjects considered as being
assigned to the treatment of contextual in-
formation unavailability was given a limited
amount of contextual data. That is, no ag-
gregated data was given to the subjects. In
addition, they used irrelevant and incomplete

data. For example, a couple of numbers in the
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information set given to the subjects was
missing. Therefore, the subjects had to go
through extra steps to infer the information
necessary to make decisions.

3.3 Dependent Variables

The dependent variable of this study is de-
cision quality. Decision quality was operation-
alized as the accuracy of decision-making and
decision time. Decision-making accuracy was
measured by the number of correct answers
from the correct solutions. That is, decision-
making accuracy was measured by dividing
the number of correct answers by the number
of total problems and expressing the result as
a percent of the correct solution.

This study measured decision time as the
total time in seconds the subjects required to
select the best site from the candidates. That
is, decision time was measured from the time
when the subjects began working on the task
until they recorded their solutions on their
answer sheet and logged out of the system.
Fisher et al. [2003] distinguished between time
constraints and time pressure. According to
them, a time constraint is a specific allotment
of time for making a decision, while time
pressure is a subjective reaction to the am-
ount of time allotted. Researchers found some
mixed results with respect to the effects of
time pressure on decision-making. Time pre-
ssure decreases decision accuracy [Zakay and
Wooler, 1984] and can impair the performance
of some decision makers more than others
[Ahituv et al, 1998]. On the other hand, Austin

[2001] found that increasing time pressure
may increase quality in software development
projects. According to Dukerich and Nichols
[1991], time constraints may have more im-
pact on decision-making for novices than for
sophisticated decision-makers. Because time
factors, pressure or constraints, affect deci-
sion-making, subjects were not informed of

any time expectation for this experiment.

4. RESEARCH FINDINGS

A total of 40 undergraduate students par-
ticipated in the experiment. Decision accuracy
aﬂd time were each analyzed with two-way
ANOVAs. The tests were carried out at a
95% confidence level. The descriptive sta-
tistics for the dependent variables are sum-
marized in <Table 1>.

The results of the two-way ANOVA for
time showed that the main effects of infor-
mation visualization (p=.044) and contextual
information (p=.000) on decision time were
significant (see <Table 2>). However, since
the main effect of information visualization on
time was barely significant, one~-way ANOVA
was performed for this variable. The one-way
ANOVA for time showed no significant main
effect of information visualization (F=1.734, p
=.196). The results indicated that regardless
of the availability of contextual information,
subjects using tabular visualization did not
take less time than subjects using graphical
visualization. That means, decision-making with
tabular visualization was not significantly

shorter than decision- making with graphical
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(Table 1) Descriptive Statistics for Decision Quality

Treatment Conditions

Tabular Visualization Graphical Visualization

Measures When contextual When contextual When contextual When contextual

information information information information
was available was not available was available was not available

Decision Accuracy : (a higher score implies greater accuracy)

Mean 95.00 69.63 56.25 23.12

Std. Dev. 9.3541 2164 24.32 12.73

N 10 10 10 10

Decision Time : (minutes : seconds)

Mean 22:22 3318 25112 36:29

Std. Dev. 6:35 03:15 04:21 03:10

n 10 10 10 10

{Table 2> ANOVA Table for Two-Way Analysis ‘of Decision Time : Information Visualization by Contextual Information

Source Type I Sum of Squares Mean Square F Sig.
Corrected Model 4766379.500(b) 1588793.167 21.200 000
Intercept 123981452.100 123981452.100 1664.341 000
Contextual Infor. Use 4439556.900 4439556.900 59.239 000
VISUAL 325802.500 325802.500 4,347 044
Context Infor. Use * VISUAL 1020.100 1020.100 014 908
Error 2697952.400 74943.122
Total 131445784.000
Corrected Total 7464331.900

) (a) R Squared = 639 (Adjusted R Squared = .608).

visualization for a symbolic task. Therefore,
Hl was rejected. However, consistent with
expectations, the task with contextual in-
formation was solved more quickly than the
task without contextual information. Therefore,
H3 was supported.

The ANOVA on decision accuracy found a
significant main effect for information visual-
ization (p=.000, see <Table 3>>). Subjects us-
ing tabular visualization made more accurate
decisions than subjects using graphical visu-
alization. Therefore, H2 was supported. Also,

the results of ANOVA for decision accuracy
showed that there was a significant main ef-
fect of contextual information for decision ac-
curacy (p=.000, see <Table 3>). Subjects com-
pleting the task with contextual information
had superior decision accuracy to those com-
pleting the task without contextual infor-
mation. Thus, H4 was also supported.

For decision time, the interaction between
information visualization and contextual in-
formation was not significant (p=.908, see
<Table 2>), indicating these two variables do
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(Table 3> ANOVA Table for Two-Way Analysis of Decision Accuracy : Information Visualization by Contextual Information

Source Type I Sum of Squares Mean Square F Sig.
Corrected Model 26977.183(b) 8992.3% 27463 000
Intercept 147622.500 147622.500 450.839 000
Contextual Infor. Use 8265.625 8265.625 25.243 000
VISUAL 18597.656 18597.65%6 56.797 000
Context Infor. Use * VISUAL 113.906 113.906 348 559
Error 11787.813 327439
Total 186387.500
Corrected Total 38765.000

%) (@) R Squared = .69 (Adjusted R Squared = 671).

not jointly affect decision time. <Table 1>
shows that a comparison involving tabular
and graphical visualizations in the effect of
contextual information indicated no significant
mean difference on decision time (p=.271, see
<Table 4>). Therefore, Hla was rejected.
This suggests that tabular visualization did
not provide benefits to decision time in the
effect of contextual information. That is, the
subjects using graphical visualization with
contextual information for the task apparently
take only a small amount of additional time to
translate the information in graph format into
the precise numeric information it represents
than the subjects using tabular visualization
with contextual information. Based on these
results, it could be possible to infer that the
subjects using graphical visualization with
contextual information did not spent most
time primarily on translating the data pre-
sented in the graph into the precise numeric
data. Instead, they might spent most time
primarily on understanding and solving the
decision task as the subjects using tabular

visualization with contextual information did.

On the other hand, the effect of information
visualization on decision time was significant
when contextual information was not avail-
able (p= .41, see <Table 4>). Therefore, Hlb
was supported. When no contextual informa-
tion was given, the subjects using the graph-
ical visualization for the task took more time
than the subjects using the tabular visual-
ization for the task. This is likely due to the
fact that when no contextual information was
provided, the complexity of the task increases.
That is, the subjects have to take additional
effort to get the complete and relevant in-
formation by inferring and calculating activ-
ities with only the given incomplete and irrel-
evant information. In addition, the subjects
using the graphical visualization try (as mea-
sured by time) not only to translate the graph
information into the precise numeric in-
formation it represents to generate good sol-
utions, but also to complete the task by un-
derstanding the task using the information
they found at the previous step. In summary,
it appears that the insignificant interaction ef-

fect between information visualization and
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contextual information resulted from the in-
significant mean difference between tabular
and graphical visualizations in the effect of
contextual information, indicating these two
variables do not jointly affect decision time.
For decision accuracy, the interaction be-
tween information visualization and contextual
information was also not significant (p =.559,
see <Table 3>), indicating these two varia-
bles do not jointly affect decision accuracy. It
means that even though the main effects of
information visualization and contextual in-
formation were each significant on decision
accuracy, the interaction effect was not sig-
nificant when these variables were used to-
gether simultaneously. <Table 4> presents the
results of testing the hypotheses of this study.

(Table 4> Summary of Hypotheses Testing

Hypotheses Statistics Evaluation
H1 F=174 | P=.1% | Rejected
Hla F =128 =.21 Rejected
Hib F = 4872 = (41 Supported
H2 F = 35042 = .000 Supported
H2a F = 23267 =000 | Supported
H2b F = 34286 =.000 | Supported
H3 F = 55774 =.000 | Supported
H3a F = 22.080 =.000 | Supported
H3b F = 43675 =.000 Supported
H4 F = 10298 = .003 Supported
Hda F = 11582 = .003 Supported
H4b F=13690( P =.002 | Supported

5. DISCUSSION

There was a significant main effect of con-

textual information on decision accuracy and
time. In addition, there was a significant main
effect of information visualization on decision
accuracy. These results, especially the in-
formation visualization effect, are consistent
with the theory of cognitive fit [Vessey, 1991]
that was built upon a considerable amount of
graphs versus tables visualizations studies.
The task used in this study can be viewed as
a symbolic task since it is best accomplished
using precise information values. That is,
subjects need discrete precise information
values for carrying out accurate computations.
The task used in this study does not involve
the aspects of spatial task facilitated by the
spatial properties of graphs, such as detecting
trends over time or comparing pafterns of
variables. Therefore, it is hard to see the task
used in this study as a spatial task. When
tabular visualization was used in this experi-
ment (e.g., symbolic task), decision-making
with cognitive fit resulted in increased deci-
sion-making effectiveness. However, when
graphical visualization was used for the task,
a mismatch occurred between the information
visualization and the task, which required
subjects to transform the information values
derived from the information visualization
(e.g., graphs) into the mental visualization
suitable for task solution, which in turn had a
negative impact on decision-making effec-
tiveness. Therefore, it seems clear that the
results of this study, especially the main ef-
fect of information visualization on decision
accuracy, are compatible with the cognitive fit

theory.
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As mentioned previously, contextual in-
formation was found to influence decision
performance. In the effect of tabula visual-
ization, the mean difference on decision accu-
racy between when contextual information
was available (95.00) and when it was not
available (69.63) was significant (F=11.582, p
=003, see <Table 4>). This indicates that al-
though there was a cognitive fit between in-
formation visualization (e.g., tables) and task
type (e.g., symbolic task), the subjects pro-
duced more accurate outcomes when they
used contextual information than when they
did not use contextual information. In addi-
tion, in the effect of tabular visualization, the
mean difference on decision time between
when contextual information was available
(22:22) and when it was not available (33:
18) was also significant (F =22.080, p =.000,
- see <Table 4>). That means, even though
there is a cognitive fit between information
visualization and task type, more time was
required for the subjects without contextual
information than the subjects with contextual
information. As discussed before, these re-
sults may imply that if subjects used in-
formation in tabular visualization without con-
textual information, then the unavilableness of
contextual information detrimentally affected
decision-making by increasing cognitive com-
plexity, which in turn had a negative impact
on formulating a mental visualization, despite
a fit between information visualization and
task type. In other words, decision makers
cannot use processes (and therefore cannot

formulate mental visualizations) that require

accurate and precise information.

According to the theory of cognitive fit,
decision makers have to supply precise in-
dividual data values into the mental visual-
ization suitable for task solution. However,
when contextual informatioin is not available,
the information given to the subjects con-
tained incomplete and irrelevant data. In addi-
tion, no aggregated data was provided. Thus,
even though the types of information empha-
sized in the decision-making elements {e.g.,
information visualization and task) match, in-
complete and irrelevant information might
hinder decision makers from furnishing accu-
rate (precise) data into a mental visualization.
Therefore, the interaction of contextual in-
formation with tabula visualization on deci-
sion-making accuracy and time that was ob-
served in this study may demonstrate the im-
portance of contextual information in the light
of the cognitive fit theory.

In summary, based on the theory of cogni-
tive fit and the analysis of decision-making
outcomes, contextual information should be
considered as an additional dimension to the
domain of variables in the theory of cognitive
fit (see <Figure 1>). However, since a single

Problem
Representation

Problem Solving

Mental Problem
Task —p

Visualization Solution

Contextual
information

<Figure 1) Cognitive Fit with Contextual Information
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empirical study is not sufficient to validate
this finding, additional research would be
needed on the effect of contextual information
on the formulation of a mental visualization.
The resuits of this study may have a prac-
tical implication for organizations to justify
their attempt of improving decision quality
and/or their investments in a certain in-
formation technology. A data warehouse pro-
vides the repository of information used for
decision support [Watson, 2001} and a data
warehousing project is a quite expensive
undertaking. According to Watson and Haley
[1997], the typical project costs over $1 mil-
lion in the first year alone. Many organ-
izations expect that a data warehouse as a
dedicated source of information [Gray and
Watson, 1989] will provide high quality in-
formation, which leads to the improvement of
decision quality. Based on their expectations,
many organizations might have made invest-
ments in such expensive data warehousing
projects. Since the findings of this study
showed that the use of information visual-
izations and contextual information brought
decision effectiveness and efficiency improve-
ments, having decision makers to use various
information visualizations and contextual in-
formation by investing in database practices
would improve decision quality and appear to
be beneficial for organizations' performance.
In other words, rather than providing users
with information in fixed formats, some tools
to convert information formats from tables to
graphs or vice versa should be provided.

Building such flexible information systems is

necessary but not sufficient for information
problems. Since incomplete (missing) and ir-
relevant data that exists across distributed
systems in an organization triggers in-
formation problems [Strong et al., 1997], pro-
viding users with data access to easily update
these incomplete and irrelevant data without
database administrators’ approval is required.
This approach then may be able to solve
contextual information problems due to in-
complete and irrelevant data. That is, con-
stant maintenance of database and systems
(eg., constant database updates) to meet
changing data requirements is the best ap-
proach to provide high-quality information
that matches with information consumers’
tasks. In sum, this study may provide evi-
dence that helps organizations to justify their
efforts to improve decision quality.

Although this study provided a number of
findings and conclusions that will be useful
for improving our understanding of the impact
of different information visualizations and
contextual information on decision quality, it
is subject to the limitations of laboratory
research. Thus, a number of limitations should
be considered in terms of the methods used
when interpreting the findings. It is almost
impossible to control the influence of all po-
tential extraneous variances by the nature of
the experimental setting, the subject pop-
ulation, the task type, and the set of in-
formation used in this study. For example,
data were collected in different experimental
sessions held in different computer labora-

tories. Although every effort was made to
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provide the subjects with the same instruc-
tions consistently on how to complete the
task, it is possible that the subjects might not
receive the same instructions due to different
laboratory circumstances. Another example is
that the subjects may have different cognitive
abilities and cognitive styles. Thereby, a par-
ticular treatment group may have more in-
trovert subjects than other groups or vice
versa. However, it was believed that proper
randomization was accomplished, the influen-
ces of those independent variables extraneous
to the purposes of the study might be mini-
mized or isolated.

Second, data were collected from a small
sample of 40 students. Since the decision task
used in this study is not so difficult for deci-
sion makers in practice, they were not con-
sidered as appropriate subjects. It is recom-
mended that future study use more compli-
cated decision tasks with practitioners. Since
the subjects were undergraduate students, the
findings of this study might not generalize to
a broader population. In addition, there are
hundreds of thousands of different platforms
(PC, Macintosh, Unix etc.), different monitors,
different browsers, and different versions of
browsers. The website can look drastically
different depending on which platform it is
viewed. However, the experiment for this
study cannot be conducted with every single
platform and every single browser. This is an
area of concern for external validity. External
validity defines representativeness or general-
izability and it is a difficult criterion to sa-

tisfy. When an experiment has been com-

pleted and a relation found, one should ask to
what populations it could be generalized. This
important scientific question should always be
asked and answered. Because a single empiri-
cal study is not sufficient to validate the
findings, further research should address these
limitations (i.e, subject characteristics and
experimental tools) and apply the findings of
this study in specific contexts and decision
support and data warehousing technology as

a whole.

6. CONCLUSIONS

This study empirically investigated the in-
teraction effects of different information visu-
alizations and contextual information on deci-
sion quality by conducting a laboratory ex-
periment. The results demonstrated that the
effects of contextual information on deci-
sion-making effectiveness and efficiency are
significant. In addition, there was a significant
effect of information visualization on decision
effectiveness. The findings provided empirical
evidence to partially validate and extend the
cognitive fit theory. Therefore, this study
may be useful for informing the academic
communities about the effects of information
visualization types and contextual information.
However, a number of limitations should be
considered in terms of the methods used
when interpreting the findings and future re-
searchers would be wise to further examine
and extend the findings of this study. Finally,
it is postulated that despite these limitations,

practitioners should be able to facilitate the
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design of database management systems such
as data warehouses to improve their decision
"quality by enhancing the quality of informa-
tion visualization types and contextual infor-

mation in database management systems.
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