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ABSTRACT 

 

Developments in accounting information systems technologies make 

various data presentation methods possible. However, system developers want 

to know how information presentation choices will affect judgments. The current 

study investigates how data hierarchy and information presentation format affect 

performance evaluation judgments. Data hierarchy is an important attribute for 

accounting information presentation. For example, the XBRL technology 

developed to improve the communication of accounting information presents 

accounting information hierarchically. Prior studies had examined the effect of 

presentation format on judgment, but none had specifically investigated how data 

hierarchy can influence accounting judgments. 

The current study relies on the theory of cognitive fit and cost-benefit 

analysis of cognition to develop a research model. The theory of cognitive fit 

argues that problem-solving performance is enhanced if information presentation 

matches the task type consistent with information processing strategies. In 

addition, cognitive psychology research suggests that the starting point used to 

drill down data hierarchies is an important factor in judgment of performance 

evaluation.  

A total of 107 subjects participated in a laboratory experiment. The 

experiment consisted of a 2x2x2 between-subject and within-subject design. 

Data hierarchy (hidden signal versus no-signal) and information presentation 
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format (graphs versus tables) were between-subject factors. Task type (spatial 

versus symbolic) was manipulated as a within-subjects factor. Subjects were 

randomly assigned to four treatment cells and asked to perform two different 

tasks. 

The results indicate that subjects using data hierarchy without hidden 

signals of misleading solutions performed significantly better than subjects in the 

data hierarchy with hidden signals. In addition, subjects performed better when 

information presentation format matched task type. Finally, additional analysis 

suggests that the effect of graphical presentation of accounting information for 

spatial tasks may be dependent on how information is organized. The 

performance advantage of graphical display over tabular format for spatial tasks 

disappears when the data hierarchy does not contain hidden signals at an 

aggregate level. 

This study extends the extant literature on information display research. 

It provides a more complete understanding of cognitive fit by examining an 

important aspect of problem-solving element, data hierarchy, and how it interacts 

with information presentation format and task type.  
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CHAPTER I 

INTRODUCTION 

 

Purpose and Motivation of the Research 

This study investigates the effect of information presentation format and 

flexible data structure on performance evaluation judgments when using business 

performance management (BPM) systems. BPM systems help managers across 

all levels of an organization make performance evaluation judgments by providing 

customized views of performance metrics. Performance information is presented 

in a user-friendly, role-specific interface (Apicella 2002; Prickett 2003; Shaw 

2003). 

 The Sarbanes-Oxley Act of 2002 requires companies to implement 

stricter internal control and closer monitoring of company operations. BPM is 

regarded as a technology of Sarbanes-Oxley (Harreld 2002; Burns 2003; Winters 

2004). It can give managers at all levels access to crucial business performance 

data while assuring integrity of company data. The BPM system was one of 

InfoWorld’s technologies of the year in 2002 (InfoWorld 2003).  

Performance evaluation is an important function for most organizations. It 

is used to determine whether a firm’s goals are met and supports the internal 

control system. According to management accounting research, performance 

evaluation within a firm’s control system can validate the firm’s hiring procedures, 
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motivate employees, establish quality of training programs, and provide feedback 

to employees regarding proper job behaviors (Hunt 1995).  

Although performance evaluation is an important part of a firm’s 

operation, it can be a difficult and complex process. Even if a comprehensive 

performance evaluation system is in place1, it is difficult for managers to process 

multiattribute performance information. Research in cognitive psychology shows 

that people generally lack the ability to simultaneously process more than 7-9 

items of information (Lipe and Salterio 2002).  

The current study focuses on how information systems can be designed 

to help users make higher quality performance evaluation judgments. According 

to information processing theory, acquiring information and making judgments 

can be regarded as two ends of the information processing continuum2. 

Compared to the information acquisition task, evaluation judgment typically is 

more time-consuming and cognitively intensive (Tuttle and Kershaw 1998). A 

role-specific BPM system is designed to aid decision-making. Its flexible 

organization of performance metrics can be regarded as different information 

presentations. The flexible data structure supports providing decision makers with 

                                                 
1 It is difficult to design a comprehensive performance evaluation system 

that incorporates all critical components of the firm. Balanced scorecards were 
proposed to replace or supplement traditional performance evaluation methods 
based on financial measures only for this reason. 

 
2 Information processing theory (Simon 1979) suggests that the process to 

solve a problem involves three steps: information acquisition, information 
combination, and information evaluation. Cognitive efforts range from low to high 
in these three steps. 
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different presentations of the same underlying data. Although performance 

metrics can be organized in multiple ways, the data structure available for drilling 

down to performance problems is pre-defined according to the nature of the 

user’s responsibility. In other words, data structures are role-specific. Such 

interfaces provide end-users with customized performance monitoring tools. 

The performance information provided to regional sales supervisors, for 

example, could have a hierarchical data structure in which the regional level is at 

the top of hierarchy and the store level is lower in the hierarchy. Thus, regional 

sales supervisors could drill down from region level views to store level views of 

product sales. On the other hand, the performance information provided to 

product managers could present product lines information at the top of the 

hierarchy, with individual product information at a lower level. Thus, product 

managers could drill down from product line views to individual product level 

views. The performance data underlying each structure is the same data; the 

flexible data structure provides the most relevant information to managers based 

on their responsibilities and role-specific needs. 

Research in cognitive psychology and information systems learning 

suggests that using an information system to assist problem-solving requires an 

understanding of the complex cognitive interface between the system and users 

(Sein et al. 1987; Pei and Reneau 1990; Shayo and Olfman 2000). The extant 

literature both in management information systems and accounting has examined 

the effect of information presentation on judgments. The findings show that 
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graphical presentations are better than tabular presentations in supporting spatial 

tasks, such as performance evaluations comparing relationships in data (Biggs et 

al. 1988), because both graphical presentation and spatial task require a 

problem-solver to access the problem as a whole, rather than as discrete data 

values (Umanath and Vessey 1994). Conversely, tabular presentations are better 

than graphical presentations in supporting symbolic tasks, such as evaluation 

judgments that require data extraction and calculation since tables are symbolic 

presentations emphasizing discrete data values (Vessey and Galletta 1991).  

When performance data is organized in hierarchical structures, two 

potential problems exist when users drill down the data structure to obtain detail 

performance information. First, end-user’s cognition may not be consistent with 

the task structure. As suggested by judgment and decision-making research, task 

complexity increases when information presentation is not consistent with 

decision strategy (Stone and Schkade 1991, 1994). Thus, it is important to 

examine whether different data structures affect judgments. Second, studies in 

information presentation suggest that a system user’s cognitive processing can 

be directed to different characteristics of the data set, which triggers the use of 

judgment heuristics. Consequently, it is important to investigate whether 

hierarchical data structures are potentially misleading, adversely affecting 

performance evaluation judgments.  
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Theoretical Background 

This study relies on the theory of cognitive fit (Vessey 1991; Vessey and 

Galleta 1991) and the cost-benefit framework of cognition (Payne et al. 1993, 

Todd and Benbasat 1999) to examine whether hierarchical data structures and 

information presentation formats affect performance evaluation judgments. The 

theory of cognitive fit suggests that a problem-solver’s information processing 

would be more efficient and effective when the problem-solver is able to use 

appropriate cognitive processes and thereby develops appropriate mental 

representations of the problem-solving task3. This happens when different 

problem-solving elements are appropriate for the task. On the other hand, a 

mismatch among different problem-solving elements will diminish the 

problem-solver’s creation of an appropriate mental representation of the problem. 

This, in turn, hinders successful problem-solving.  

The cost-benefit framework of cognition (Payne et al. 1993; Todd and 

Benbasat 1999) describes the user’s decision-making behavior and assumes that 

the joint incentives for a decision maker are to maximize decision-making 

accuracy (or quality) and to minimize effort. As these incentives often conflict, the 

decision maker usually makes tradeoffs between perceived efforts and expected 

decision-making quality. 

                                                 
3 Mental representation is an important construct in the theory. It is the way 

a problem is represented in a problem-solver’s working memory when the 
problem-solver receives information about task requirements and information 
presentation (Vessey 1991). 

 5



The bounded rationality framework (Simon 1999) also suggests that 

individual judgment is bounded in its limited rationality. This framework 

acknowledges that individuals try to make accurate decisions, yet the individual 

often lacks the ability to fully search and process all possible alternatives for the 

problem solution. As such, individuals may develop judgment shortcuts, or 

heuristics, to reach an acceptable solution. 

The implication of cost-benefit framework of cognition and bounded 

rationality framework in the information system domain is that system designers 

can shift some of the decision-making burdens from the decision maker to the 

system. However, these decisions could induce judgment heuristics that may or 

may not result in optimal judgments. 

 

Research Methodology 

This study employs a lab experiment with between-subject and 

within-subject factors. The between-subject factors investigate the effect of data 

hierarchy and information presentation format on performance evaluation 

judgments. Subjects in the experiment are asked to investigate the performance 

of various sub-units using a BPM system. The performance information presented 

to subjects is organized hierarchically with either hidden signals or no hidden 

signals, and presented either in tabular format or line graph format. The 

within-subjects variable addresses different task types: spatial judgment versus 

symbolic judgment. 
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The hypotheses are tested using analysis of covariance (ANCOVA). The 

experiment design randomly assigns subjects to one of four experimental cells. In 

addition, the experiment attempts to control for the potential effect of visualization 

ability, a cognitive processing attribute. The dependent variables are spatial and 

symbolic judgment quality. 

 

Results 

The data collected from the lab experiment provides support for both the 

main effect of data hierarchy and information presentation format on performance 

evaluation judgments. When subjects were asked to complete a spatial task, both 

data hierarchy and information presentation format affected their judgments. 

Subjects appeared to perform better when data hierarchy contained no hidden 

signals versus hidden signals indicating an incorrect solution at the lower level 

hierarchy. In addition, subjects performed spatial tasks better when using 

graphical presentations versus tabular. Furthermore, for data hierarchy without 

hidden signals that are misleading, the performance advantage of graphical 

presentation on spatial judgment tasks disappeared. On the other hand, 

compared with tabular presentations, graphical presentations make it easier for 

users to detect hidden signals in the data hierarchy and correct their initial 

judgment, allowing users to make better judgments. 
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For symbolic tasks, the results indicate that tabular presentations were 

superior. Contrary to graphical presentations, tabular presentations allow users to 

perform better regardless of hierarchical data structure.  

 

Contribution of the Study 

Prior studies on task and technology fit did not specifically address the 

combined effect of information presentation format and data structure on spatial 

and symbolic judgments. Accordingly, the current study extends the prior 

literature by examining the effect of information presentation format and 

hierarchical data structure on performance evaluation judgments. BPM systems 

offer technology that supports multiple hierarchical views of the same underlying 

data. Thus, BPM systems have the potential to provide different starting points for 

information processing. This study provides evidence consistent with cognitive 

psychology research that altering data hierarchy can influence the human 

judgment. In addition, the evidence provided in the experiment suggests that 

graphical presentation for spatial judgment does not always result in superior 

performance when compared to the use of tabular presentation. Data 

organization might determine whether presentation format affects spatial 

judgments. 
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Organization of Remaining Chapters 

The organization of the remaining chapters of this dissertation is detailed 

below. The next chapter describes the theoretical background of the current 

research. Chapter III develops the research model and includes hypotheses 

development. Chapter IV details the experimental research methodology and 

experiment procedures. Chapter V examines the results of the current research, 

while chapter VI provides some concluding remarks, discussions, and 

implications for future research. 
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CHAPTER II 

LIETERATURE REVIEW 

 

The research model for this study is based on two lines of prior research: 

the theory of cognitive fit (Vessey 1991) and the framework of cost-benefit 

analysis of cognition (Payne et al. 1993). In addition, the current research 

identifies individual visualization ability as an important difference that could affect 

judgments involving an information system from Human Computer Interaction 

(HCI) literature. Following sections review the relevant literature in these three 

extant literatures. 

 

Theory of Cognitive Fit 

The theory of cognitive fit is a framework for understanding the 

relationship between performance, information presentation and problem-solving 

task. The theory posits relationships among different problem-solving elements 

and models these relationships to predict their effects on problem-solving 

performance. Problem-solving elements are factors influencing mechanisms of 

problem-solving processes (Vessey and Galletta 1991). For example, how 

information is presented to users can influence their processing of information. As 

such, information presentation format is a problem-solving element. 

Figure 2.1 illustrates the theory of cognitive fit. The theory models the 

problem-solving processes as an outcome of the interactions among 
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problem-solving elements. Vessey (1991) discusses the interactions among three 

problem-solving elements: (1) problem presentation, (2) problem-solving task, 

and (3) mental representation. Problem presentation is the format of the 

information presented to the problem-solver. For example, a company’s sales 

information can be presented in tabular format listing weeks or months and sales 

numbers, or the information can be presented graphically. Problem-solving task is 

what the problem-solver is asked to accomplish (Dunn and Grabski 2001). For 

example, a problem-solving task could be performance evaluation based on 

information provided in tables or in graphs. Mental representation is the way a 

problem is represented in the problem-solver’s working memory1 when the 

problem-solver receives information (Vessey 1991). In this context, mental 

representation of the problem is actually a subset of the total problem space, 

where the problem space can be searched selectively for a solution (Simon 1979). 

Mental representation is formulated using the characteristics of both problem 

presentation and the task. The cognitive fit model in Figure 2.1 shows cognitive 

processes as directed flows linking different problem-solving elements. For 

example, processes act on information in problem presentation and 

problem-solving task to produce the mental representation. The problem solution 

is then produced after the formulation of mental representation. 

                                                 
1 Working memory, in contrast to the long-term memory referred to by 

cognitive psychologists, is a system of mental resources that is used to hold 
information in an easily accessible form. It can be viewed as the working place of 
cognition (Reisberg 2001, 143). 
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Vessey (1991) identified two types of cognitive processes that are 

necessary to solve a problem: perceptual process and analytical process. The 

former is also referred to as holistic process by Amer (1991) and Tuttle and 

Kershaw (1998). Cognitive processes are problem-solvers’ strategies to process 

information. Deciding which strategies to use is a choice of which cognitive 

processes to adopt. In perceptual (or holistic) cognitive processing, the whole is 

perceived directly rather than as a consequence of separate perceptual analyses 

of constituent elements (Amer 1991). This information processing strategy helps 

problem-solvers make associations or perceive relationships. For example, to 

determine the trend of sales, comparisons between time series data are 

necessary. Thus, the cognitive processes include observing and making 

comparisons. Another example of perceptual or holistic strategy is a manager’s 

formulation of an overall impression of subordinates’ performance, instead of 

analyzing single, discrete values (Tuttle and Kershaw 1998). 

In contrast, analytical cognitive processing involves initial decomposition 

of the whole into separate properties (Amer 1991). This information processing 

strategy assists problem-solvers in extracting or evaluating discrete data values 

from the information presentation. Analytical cognitive process might require 

mental computations to help data analysis. For example, to estimate sales for 

next month, it is necessary to cognitively extract sales numbers from data.2

                                                 
2 See Tuttle and Kershaw (1998) and Umanath and Vessey (1991) for 

similar discussions about cognitive information processing strategies. 
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Vessey (1991) suggested that graphs are more congruent with tasks that 

emphasize the perceptual process, because graphs are spatial presentations that 

emphasize relationships in the data rather than discrete values. Spatial tasks 

require assessing problems as a whole rather than as discrete data values, and 

therefore require making associations or perceiving relationships in the data. On 

the other hand, symbolic tasks involve cognitively extracting discrete data values 

(Umanath and Vessey 1994). Thus, tables are more congruent with symbolic 

tasks because tables present discrete data values which can be used directly in 

analytical processes.  

Vessey (1991) argued that performance of a decision-making task will be 

enhanced when there is a cognitive fit or match between the information 

emphasized in the presentation type and the information required by the task type. 

This occurs when spatial tasks are supported with spatial problem presentations 

(graphs), and when symbolic tasks are supported with symbolic presentations 

(tables). Although problem-solvers could process information in any way they 

choose, they tend to do so in ways consistent with the presentation of the 

information (Vessey 1991). 

Choosing information processing strategies that match the information 

presentation minimizes cognitive effort, because using a different process 

requires the problem-solver to expend more effort to transform the information 

presented. For example, if a problem task centers on first quarter profits for 2003 

(i.e., a symbolic task) and the data is presented in a table (i.e., symbolic 
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presentation), the problem-solver’s effort will be minimized if he uses a cognitive 

processing strategy that decomposes the whole table into separate properties, 

such as profits by quarters (i.e., analytical process). 

Cognitive processes, whether perceptual or analytical, are crucial 

elements of cognitive fit since they provide the link between problem presentation 

and task. Thus, as long as there is a cognitive fit of problem presentation, 

cognitive processes, and task type, each mental representation will lead to 

efficient and effective problem-solving. Problem-solving elements, types, fit, and 

examples are listed in Figure 2.2.  

When cognitive fit is achieved, problem solving is efficient and effective. 

However, a spatial presentation of information does not have to be used to solve 

a spatial task, nor does a symbolic presentation of information have to be used to 

solve a symbolic task. When the information in the problem presentation and the 

task do not match, similar cognitive processes cannot be used to both act on the 

problem presentation and solve the problem. The mental representation of the 

problem has to be transformed. This happens when the problem is presented in 

tables, but the task requires identifying whether there is an increasing or a 

decreasing trend. If the mental representation formed in the problem-solver’s 

working memory is tabular, this mental representation will not efficiently prepare 

the problem-solver since the task is not based on discrete values. Additional 

cognitive effort is required to transform the mental representation from tabular to 
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graphical. The overall effect is will be an increase in the variability of the accuracy 

(i.e., effectiveness) and time of performance (i.e., efficiency) (Vessey 1994). 

 

Empirical Findings of the Theory of Cognitive Fit 

The theory of cognitive fit has been extended to include other 

problem-solving elements3 that affect problem solutions. These include tools or 

decision aids (Sinha and Vessey 1992; Vessey 1994), problem-solving skills 

(Vessey and Galletta 1991), performance requirement (Vessey 1994), information 

load (Umanath and Vessey 1994), individual differences (Smelcer and Carmel 

1997; Frownfelter-Lohrke 1998; Strong 1999), and experiences and localization 

(Dunn and Grabski 2001).  

Empirical studies have been conducted in both the management 

information systems (Agarwal et al. 1996; Smelcer and Carmel 1997; Dennis and 

Carte 1998; Mennecke et al. 2000) and accounting disciplines (Tuttle and 

Kershaw 1998; Frownfelter-Lohrke 1998; Strong 1999; Dunn and Grabski 2001). 

Accounting studies in this domain concern effects of presentation formats on 

accounting tasks such as performance evaluation and inventory prediction. MIS 

studies examine the design of information systems, including user interfaces. 

                                                 
3 These extensions result in more “boxes” preceding the mental 

representation in Figure 2.1. 
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Amer (1991) reported an experiment that varied types of decision tasks 

and displays of multi-cue financial information4 to test the effects on 

decision-making performance and user perceptions of display type. He 

hypothesized that graphical information presentation should improve performance 

and enhance user experience when subjects must combine multi-cue financial 

information (spatial task) to arrive at a decision. For example, users of financial 

information in a bond-rating task should integrate or combine several financial 

information cues to arrive at an overall creditworthiness assessment. On the other 

hand, if a subject must selectively attend to one cue in a multi-cue information set 

(symbolic task), a tabular presentation should enhance performance and 

judgment quality. In a debt covenant task, for example, the user of financial 

information needs to monitor a specific piece of the borrower’s financial 

information to determine if the borrower’s financial position is acceptable 

according to the loan agreement. The results partially supported the author’s 

argument that superior performance is obtained with tabular presentations when a 

decision maker is required to perform a symbolic task. Amer (1991) implied that it 

is crucial to consider the nature of the decision task when designing the 

presentation of financial accounting information. 

                                                 
4 Multi-cue financial information is a set of financial information, such as 

debt-to-equity ratio, total liabilities, firm size, liquidity and so on. Each financial 
ratio or variable provides a cue signaling some aspect of a firm’s financial health. 
In Amer’s (1991) experiment, multi-cue financial information is used for credit and 
investment decisions. 
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Agarwal et al. (1996) examined the effect of problem-solving tool and 

task on performance of information systems requirements models. According to 

the theory of cognitive fit, superior performance can be expected if 

problem-solving tool and problem-solving task both emphasize the same type of 

information. Agarwal et al.’s (1996) result partially supported the theory of 

cognitive fit in that a process-oriented tool used with a process-oriented task 

resulted in better performance, but an object-oriented tool with an object-oriented 

task did not. 

Geographical information systems (GIS) are computer systems designed 

to help geographical decision-making. Geographical information can be 

presented in maps or tables. Smelcer and Carmel (1997) conducted a three factor 

experiment (problem presentation, geographic relationships, and task difficulty) in 

geographical problem-solving. Their results indicated that, as difficulty increases, 

maps are more effective for problem-solving tasks. Using maps, the tasks are 

simplified by presenting geographic relationships that keep problem-solving time 

and error rates from rising as quickly as with tables.  

Tuttle and Kershaw (1998) tested whether the theory of cognitive fit can 

be applied to overall judgment strategy. Prior studies on cognitive fit focus on 

elementary tasks5 such as information acquisition, but overall judgment strategies 

                                                 
5 Vessey (1991) divided problem-solving tasks into two levels: elementary 

tasks and decision-making tasks. Elementary tasks are defined as tasks requiring 
only one operation on the data. These tasks usually involve information 
acquisition only. For example, to find the January sales level in a table of monthly 
figures is an elementary task. Decision-making (judgment) tasks are more 
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have not been manipulated. Unlike an elementary task, judgment strategy is a 

combination of more than one elementary task to arrive at an overall judgment. 

The results suggested that matching information presentation with judgment 

strategy can reduce task complexity and thus improve performance. Tuttle and 

Kershaw (1998) contributed to the literature by showing that the theory of 

cognitive fit can also be applied to judgment tasks that are more complex than 

elementary tasks. 

Due to mixed results in studies of cognitive fit, many authors have 

suggested including other factors such as individual cognitive style (Smelcer and 

Carmel 1997), learning effect (Frownfelter-Lohrke 1998), and prior knowledge 

(Strong 1999). 

Smelcer and Carmel (1997) predicted that individual spatial visualization 

ability can influence geographical problem-solving performance. The purpose of 

examining individual visualization ability is to design information system interfaces 

to help those with low visualization ability without harming those with strong 

visualization ability. However, Smelcer and Carmel (1987) did not find a 

correlation between performance and individual visualization ability. 

Frownfelter-Lohrke (1998) examined the theory of cognitive fit in an 

accounting task. She argued that because tables have been more common than 

                                                                                                                                                 
complex tasks that may be broken down into several subtasks that are 
elementary in nature. They are tasks that usually involve judgments requiring 
information acquisition and evaluation. For example, to determine the best 
alternative is a decision-making task because it involves information acquisition 
(underlying data for comparison) and judgment (which one is better?). 
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graphics in accounting information systems, there will be a learning effect for 

graphics users. However, due to the study’s limitations, no learning effects 

attributed to presentation format were found. Despite her results, 

Frownfelter-Lohrke’s (1998) suggested the inclusion of individual differences 

when applying theory of cognitive fit to information system user performance. 

Strong (1999) investigated another individual difference, accounting 

knowledge, as a component in the cognitive fit model. That is, in addition to 

information presentation and accounting information systems task, accounting 

knowledge was predicted to have a significant effect on bankruptcy prediction, 

because accounting knowledge affects individuals’ ability to form mental 

representations necessary for problem solutions. His results suggested that 

graphical presentations help individuals with low accounting knowledge make 

more accurate bankruptcy prediction, but not for individuals with high accounting 

knowledge. However, no differences were found for problem-solving efficiency. 

Mennecke et al. (2000) investigated the need for cognition, a construct 

that focuses on individuals’ willingness to engage in problem-solving tasks. In 

addition to individual differences (experts versus novices), they found that the 

need for cognition is marginally related to problem-solving effectiveness. 

In summary, many recent cognitive studies emphasized the need to 

include factors such as individual differences in the cognitive fit model. Cognitive 

style, data structure, and domain knowledge are factors that could contribute to 
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the explanation of mixed empirical findings when applying the theory of cognitive 

fit. Empirical studies of the theory of cognitive fit are listed in Table 2.1. 

The theory of cognitive fit is able to explain the relative performance 

attributed to problem presentation formats. However, the dichotomous types of 

problem-solving tasks, problem presentations, and cognitive information 

processing strategies are neither totally independent nor exclusionary. Rather, 

each construct is a continuous spectrum (Amer 1991). For example, problem 

presentation has been extended to include the use of schematic faces6 for 

presenting financial information (Umanath and Vessey 1994).  

In an accounting context, Dunn and Grabski (2001) examined the use of 

two different accounting models: Debit-Credit-Account (DCA) model and 

Resource-Event-Agent (REA) model. The DCA accounting model uses traditional 

journal entries with debits and credits to store dollar amounts of business 

transactions in various general ledger accounts. The alternative model, REA 

accounting model, captures the underlying reality of the environment being 

modeled, including financial and non-financial activities, agents associated with 

the activities, and resources involved (McCarthy 1982). The REA model 

overcomes the limitation of the DCA model, which stores only summarized results 

of business transactions in monetary terms.  

                                                 
6 Umanath and Vessey (1994) developed schematic faces to present a 

number of financial variables that map each variable to a specific feature of the 
face, for example, nose length, mouth curvature, and pupil size. In addition to 
tables and graphs, they investigated relative performance when using these 
schematic faces. 
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Using the theory of cognitive fit, the difference between DCA and REA 

accounting model is not as distinct as tables versus graphs. The REA model, as 

implemented with E-R diagrams and relational tables, is both spatial and symbolic 

in nature. The DCA model’s ledger accounts are symbolic in nature, yet the chart 

of accounts provides an indexing mechanism not found in tables (Dunn and 

Grabski 2001). Despite the difference in the nature of DCA versus REA and tables 

versus graphs, the theory of cognitive fit still applies because the presentation 

(REA or DCA) enables problem-solvers to focus on relevant task factors, such as 

agents associated with business transactions, by matching cognitive processing 

strategies7 (Dunn and Grabski 2001). 

 

Information Organization and Judgments 

A growing body of research shows that information organization can 

affect judgment processes and outcomes. This section reviews theoretical 

development in this area and the empirical findings regarding information 

organization and judgment performances. 

                                                 
7 For example, in the tables versus graphs case, cognitive fit is a result of 

using cognitive process that match the problem presentation and problem-solving 
task. In the DCA versus REA modeling case, if the problem presentation (REA or 
DCA) and task induce the problem-solver to use respective cognitive process that 
he has experienced (on DCA or REA modeling), then cognitive fit will likely occur 
and task performance will be enhanced. In the case of REA modeling, the theory 
of cognitive fit predicts the best performance in the following combination: the 
problem-solver has experience with REA and DCA modeling, the problem is 
presented using REA modeling, and the task is complex (Dunn and Grabski 
(2001). 
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Studies on the role of information organization have demonstrated that 

how information is organized affects users’ judgments by influencing cognitive 

processes (Jarvenpaa 1989; Kleinmuntz and Schkade 1993; Schkade and 

Kleinmuntz 1994). For example, for a decision involving multiple alternatives 

described by a set of attributes, the information can be organized by alternatives 

or by attributes. Information organized by alternatives lists a series of attributes 

that describe each alternative. On the other hand, the information organized by 

attributes lists all alternatives per attribute. The underlying data is literally the 

same; only the organization of presented information is different.  

Two information strategies used by decision makers that correspond to 

different information organization are alternative-processing and 

attribute-processing. With the alternative-processing strategy, information is 

processed on several attributes of a single alternative before information is 

processed on any other alternatives. Likewise, in attribute-processing, information 

is processed on several alternatives per attribute before the next attribute can be 

processed. In general, prior studies found that information processing strategies 

adopted by decision makers are contingent upon how information is organized 

and presented. For example, Jarvenpaa (1989) studied the effect of task demand 

and graphical presentation on users’ choice of information processing strategies. 

She manipulated graphical presentation (attribute chart or alternative chart) and 

task demand, and documented which information processing strategies were 
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adopted. She found that task type and information organization jointly influence 

the decision strategy employed, which in turn, affected decision performance. 

  Schkade and Kleinmuntz (1994) studied the effect of information 

organization on one aspect of the decision-making process: information 

acquisition. They found that information organization greatly affects information 

acquisition and effort expended.  

How information organization can affect which information processing 

strategy is used because the organization of information makes some strategies 

easier to use. For example, information organized by alternatives facilitates 

comparison among different alternatives. Ease of comparison affects users’ 

choice of the order to process information and to produce solutions to the 

problem.  

These studies on information processing strategies imply that there are 

trade-offs between users’ efforts to solve problems and the accuracy of solutions. 

For example, when subjects in Jarvenpaa (1989) were presented a task that 

required information processing by alternatives, but were presented information 

organized by attributes, subjects chose to process information by attribute instead 

of by alternatives. Obviously, this information processing strategy is not optimal, 

but it is consistent with the information organization.  

Payne et al. (1993) provided a framework of cognitive cost-benefits to 

illustrate the behavior described above. According to this framework, the joint 

objectives of a decision maker are to maximize decision accuracy and to minimize 
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effort. When these objectives conflict, trade-offs are made. In other words, 

perceived effort and accuracy moderate the formulation of information processing 

strategies and, in turn, influence decision-making quality. This idea is consistent 

with H. A. Simon (1999)’s bounded rationality framework. According to this 

framework, decision makers attempt to make rational decisions. However, 

decision makers lack capacity to make the best decisions because of time and 

cost constraints. In addition, limited memory causes decision makers to retain a 

small subset of available information. Intelligence further constrains decision 

makers’ ability to accurately “calculate” the optimal solution from available choices 

(Bazerman 2001). As such, Simon (1999) suggests that decision makers may 

forgo the best solution in favor of a reasonably acceptable alternative.   

Although bounded rationality is helpful in understanding decision maker’s 

behavior, it does not address how judgments are made. Tversky and Kahneman 

(1974) argued that people simply rely on a limited number of heuristic principles 

which reduce complex tasks to simpler judgments. One judgment shortcut is 

adjustment and anchoring. In many situations, people make judgments from an 

initial value that is adjusted to yield the final answer. The initial value, or the 

judgment starting point, could be the product of the problem formulation and 

information presentation, or it may be a result of inadequate calculations. In either 

case, adjustments are typically insufficient, causing biased judgments.  

Although a study by Hoch and Schkade (1996) found that anchoring and 

adjustment heuristics could be useful for decision-making, the heuristics can bias 
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judgments. Information system designers have tried to help users make better 

decisions and counter the use of anchoring and adjustment heuristics. However, 

the results are inconclusive. For example, George et al. (2000) found that by 

providing an information system decision-making aid, the anchoring and 

adjustment heuristic remains robust. Bruggen et al. (1998) suggested that 

information systems can be effective in terms of making users less susceptible to 

applying anchoring and adjustment heuristics, rather than avoiding the heuristics 

completely. 

Information system design restricts users to certain information 

processing strategies that are embedded in a particular system. Because of the 

relationship between users’ choice of information processing strategy and 

information organization, information system designers are able to guide users, 

directly and indirectly, toward certain types of information processing strategies. 

Such systems can direct users to a normative approach or to prevent them from 

employing undesirable strategies (Todd and Benbasat 1999). However, because 

of decision makers’ limited capacity, these information systems could 

unintentionally induce the use of heuristics, leading to judgment biases. 

 

Individual Visualization Ability 

The information system literature recognizes problems that occur when 

users interact with systems, and propose ways to accommodate individual 

differences. The idea of accommodating user errors can be shown in Figure 2.3. 
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Vicente and Williges (1988) used a similar model to illustrate how to 

accommodate individual differences in the Human-Computer Interaction domain; 

the principles can be generalized to the present discussion. The Venn diagram at 

the upper portion of Figure 2.3 shows that users’ capabilities and system interface 

do not perfectly match. The large circle represents users’ capabilities as a result 

of users’ training, experiences, and cognitive abilities. The smaller circle 

represents system interface. Problems of cognitive fit and memory errors 

discussed in prior sections are results of such mismatches.  

The model suggests two ways of mediating these mismatches. First, as 

shown in the lower left side of Figure 2.3, system interface can be improved to 

match an individual’s capabilities. An alternative approach, as shown in the lower 

right side of Figure 2.3, is to hold the system interface constant and to enhance 

user capabilities through training. The current research adopted the first method 

in an effort to mediate problems of mismatching individual characteristics and 

system interface. 

Human-Computer Interaction (HCI) studies generally consider that 

individual differences account for much more variability in performance than 

differences in system design or differences in training programs. In addition to 

prior experiences, individual cognitive style may be another variable that causes 

performance differences (Freudenthal 2001). The construct of individual cognitive 

style examined in the current research is visualization ability. 
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It is generally accepted by cognitive psychologists that there are two 

distinct types of cognitive codes for knowledge representation in human memory 

– verbal and visual. This is referred to as the dual-code theory of memory (Paivio 

1971; Sein et al. 1993; Hodes 1994; Ruiz-Vargas et al. 1996). The theory entails 

two functionally independent but interconnected systems: the imagery system, 

which specializes in representing and processing information concerning 

nonverbal objects and events, and the verbal system, which specializes in 

representing and processing information in discrete linguistic units (Hodes 1994; 

Ruiz-Vargas et al. 1996). Psychological studies generally provide evidence that 

the ability to think visually varies from individual to individual: some people prefer 

to think visually while others prefer to think verbally (Sein et al. 1993). 

The ability to think visually has been found to be crucial in performance of 

many computer-based problem-solving tasks (Gomez et al. 1986; Vincente and 

Williges 1988; Sein et al. 1993; Westerman and Cribbin 2000; Freudenthal 2001; 

Westerman et al. 2001), especially spatial tasks (Sein et al. 1993; Dull and 

Tegarden 1999; Swaab et al. 2002). A spatial problem-solving task requires 

assessing the problem as a whole rather than as discrete data values (Umanath 

and Vessey 1994). Since a spatial task, such as performance evaluation, asks the 

problem-solver to focus on trends and relationship between variables, people with 

the ability to visualize the problem have an advantage over those who lack this 

ability. This is why sometimes “a diagram is worth ten thousand words” (Larkin 

and Simon 1987). Visualization ability has been investigated in the judgment and 
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decision-making literature. It is defined as the ability to manipulate or transform 

the image of a spatial pattern into other arrangements (Woodland and Szul 1999). 

Visualization ability is part of visual literacy, the ability to understand and 

communicate using visual images (Casey and Wolf 1989). 

  One reason to expect visualization ability to affect spatial task 

performance is that human visual perception can assume some information 

acquisition, freeing other cognitive resources to handle other steps in the 

problem-solving task (Wickens and Carswell 1995). Larkin and Simon (1987) 

found that diagrams are superior to texts and suggested three reasons for these 

results. First, diagrams group together all information that is used together, thus 

avoiding long searches for needed elements. Second, diagrams typically use 

location to aid in information search. Finally, diagrams automatically support 

perceptual inferences. The authors concluded that if users are capable of using 

graphs in problem-solving, diagrams should support more efficient computational 

processes than texts do. Diagrams do not necessarily contain more information, 

but they provide an index for assessing and processing information.  

Visualization ability is important for novice performances. Recent 

advances in visualization technologies provide a possible mechanism to enable 

both experts and novices to use their own visualization abilities when processing 

complex accounting tasks (Dull and Tegarden 1999). This technology can 

transform non-spatial, business, behavioral, or even structural data into visual 

images that provide a metaphor of the problem space (Schroeder et al. 1998). For 
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example, visual technologies are frequently used to help medical students 

understand how the human body functions (Hallgren and Gorbis 1999). In the 

accounting domain, Duffy (1990) suggested that using graphical analysis can 

increase student understanding of interest capitalization. Dull and Tegarden 

(1999) found that as accounting tasks becomes more complex, visualization 

should also increase steadily in order to support performance. 

One reason an expert can outperform novices, even when faced with 

unfamiliar problems, is that an expert is able to form adequate strategies to solve 

problems (Mennecke et al. 2000). However, as described above, both experts 

and novices can benefit from an information system that is designed to enhance 

user visualization abilities. Gomez et al. (1986) suggested that difficulties in 

learning how to use an information system can be removed by providing training 

programs that are tailored to help novices visualize the system. Vincente and 

Williges (1988) compared the performance of users with low and high 

visualization abilities on a verbal interface and a graphical interface for a 

hierarchical file search system. They found that adding visualized file hierarchy to 

the system interface caused both individuals with low and high visualization 

abilities to perform significantly better. Although the graphical interface was not 

entirely successful in eliminating individual differences due to visualization 

abilities, the performance improvement for low visuals was greater than high 

visuals. 
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Sein et al. (1993) argued that visualization ability is a strong predictor of 

information system learning success. More importantly, their investigations on 

users of electronic mail systems, modeling software, and operating systems 

showed that subjects with lower visualization ability can narrow, and in some 

cases eliminate, the performance gap between themselves and subjects with high 

visualization abilities. They also argued that system users with low visualization 

ability can be helped by a graphical user interface. Finally, Leide et al. (2003) 

showed that domain novices can be helped to efficiently search for information by 

providing them appropriate visualization schemes. 

 

Chapter Summary 

This chapter describes two streams of research, the theory of cognitive fit 

and a framework of cognitive cost-benefits analysis, used to develop the research 

model, which is presented in the next chapter. This study attempts to examine the 

effect of information presentation format and data organization on performance 

judgments. 

The literature notes that the judgment performance is a function of 

varying problem-solving elements. For example, information presentation format 

and judgment tasks together produce the mental representation, and the mental 

representation to produce the judgments. Moreover, the data organization may 

influence decision-makers’ calculation of efforts and judgment quality. This model 
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will be used in the next chapter to theoretically model judgment performance 

using flexible data hierarchies and information presentation formats. 

 

 

 

 

 

 

 31



Table 2.1 Empirical Findings of Theory of Cognitive Fit 

Author Problem-Solving 
Elements Discussed Main Finding 

Vessey (1991) Problem presentation 
Problem-solving task 

Articulate the ground work of theory 
of cognitive fit. 

Vessey and Galletta 
(1991) 

Problem presentation 
Problem-solving task 
Problem-solving skill 

Fits between skill and task, skill and 
task and presentation affect 
performance, but not when skill fits 
presentation only. 

Amer (1991) Problem presentation 
Problem-solving task 

Tabular presentation better 
supports symbolic task, but graphs 
did not produce same result for 
spatial task. 

Sinha and Vessey 
(1992) 

Problem presentation 
Problem-solving task 
Problem-solving tool 

Effect of tools on performance is 
stronger than cognitive fit. Theory of 
cognitive fit is partially supported. 

Vessey (1994) Problem presentation 
Problem-solving task 
Performance requirement 
Decision aid 

Discuss of possible effects of other 
problem-solving elements on 
cognitive fit. 

Umanath and Vessey 
(1994) 

Problem presentation 
Problem-solving task 
Information load 

Information load has different 
effects on presentation format. 

Smelcer and Carmel 
(1997) 

Problem presentation 
Problem-solving task 
Task complexity 

Task complexity interacts with 
cognitive fit to predict better 
performance.  

Tuttle and Kershaw 
(1998) 

Problem presentation 
Problem-solving task 
Judgment strategy 

Theory of cognitive fit can be 
extended to overall judgment 
strategies. 

Frownfelter-Lohrke 
(1998) 

Problem presentation 
Problem-solving task 

Partially support theory of cognitive 
fit. Combination format did not 
affect problem-solving 
effectiveness. 

Strong (1999) Problem presentation 
Problem-solving task 
Prior domain knowledge 

Cognitive fit is able to help 
individuals with low domain 
knowledge to perform better, but 
not for individuals with high domain 
knowledge. 

Dunn and Grabski 
(2001) 

Problem presentation 
Problem-solving task 
Experience 
Localization 

Experiences help users recognize 
localization in problem presentation 
in complex task. 
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Figure 2.1 Theory of Cognitive Fit (Vessey 1991) 
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Problem-solving 
elements

Problem 
presentations 

 problem-solving 
tasks 

 Cognitive 
processing 
strategies 

Types(1) Graph  Spatial  Perceptual or 
holistic 

Definition of type 
(1)

Data 
presented are 
then encoded 
in memory as 
graphs. 

 Assess the 
problem as a 
whole rather than 
as discrete data 
values. 

 The whole is 
perceived 
directly rather 
than as a 
consequence of 
separate 
perceptual 
analysis of its 
constituent 
elements. 

Example of type 
(1)

Scatter plots  Who is the best 
student in class, 
John, Mary, or 
Peter? 

 Cognitively 
compare and 
determine high 
vs. low. 

Types(2) Table  Symbolic  Analytical 
Definition of type 
(2)

Data 
presented are 
then encoded 
in memory as 
words. 

 Extract discrete 
data values. 
These tasks lead 
to precise data 
values. 

 Involves initial 
decomposition of 
the whole into 
separable 
properties. 

Example of type 
(2)

Financial 
statements 

 “What did John 
get in the final 
exam?” 
 

 Extract the value 
of a certain data. 

fit fit 

fit fit 

 

Figure 2.2 Problem-Solving Elements in the Theory of Cognitive Fit 
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Figure 2.3 Conceptualization of Accommodating Individual Differences 
(Vicente and Williges 1988) 
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CHAPTER III 

HYPOTHESES DEVELOPMENT 

 

This chapter presents the research model for investigating the research 

questions and develops two hypotheses to examine the effects of data hierarchy 

and information presentation format on two different types of judgment task. 

 

Data Structure and Judgments 

Finding ways to improve decision-making performance by reducing task 

complexity is important for information system designers. The theory of cognitive 

fit suggests that information system users’ information processing will be more 

efficient and effective when system users are able to use appropriate cognitive 

processes. Cognitive fit occurs when information presentation format and 

problem-solving task induce similar cognitive processes. In other words, 

congruence among various problem-solving elements supports better 

performance. 

In addition to information presentation format, prior research has shown 

that information organization is another important dimension of information 

presentation. Information organization can have meaningful structures, such as 

groups, hierarchies, or patterns (Kleinmuntz and Schkade 1993). One common 

data structure is the use of attribute values to describe alternatives, or a listing of 

alternatives for each particular attribute. For example, assume that a company 
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sells three products in three of its retail stores. The business performance data for 

each product/store combination can be organized by stores or by products. As 

demonstrated in Figure 3.1, there are potentially two different data structures. 

However, each alternative data structure is hierarchical in nature. BPM systems 

provide technology where both of these hierarchies can be implemented and 

users can choose which hierarchy to access. 

According to the cost-benefit framework of cognition, the organization of 

information affects how users process information (Payne 1982; Jarvenpaa 1989). 

For example, in the top panel of Figure 3.1, information is organized by stores, 

explicitly directing users to process store information first, followed by detailed 

product information. Conversely, in the bottom panel of Figure 3.1, information is 

organized by products explicitly, directing users to process product information 

first, followed by detailed store information. 

Prior research has shown that the order of information read by the 

decision maker can influence the way in which the information is processed 

(Reneau and Blanthorne 2001; Hogarth and Einhorn 1992; Schkade and 

Kleinmuntz 1994). Further, the anchoring and adjustment heuristics (Tversky and 

Kahneman 1974) suggests that a decision maker makes judgments by starting 

from an initial value and adjusting to yield the final judgment. The main conclusion 

of anchoring and adjustment heuristics is that regardless of the basis of the 

decision starting point, the final judgment is affected by the selection of the 

starting point and biased by failing to adequately process additional information. 
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Thus, hierarchical data structures have the potential to induce judgment bias 

when decision makers over rely on data presented at the top of the hierarchy and 

fail to adequately process data at lower levels of the hierarchy.  

The task-technology fit paradigm (Goodhue and Thompson 1995) 

suggests that information systems and the task at hand together determine which 

decision-making strategy will be adopted by system users (Todd and Benbasat 

1999). This process is further mediated by users’ perceptions about effort 

expenditures and judgment quality (Payne et al. 1993). That is, information 

system users engage in cognitive trade-offs between efforts and judgment quality, 

which have conflicting goals.  

The current study examines how flexible data structures in a BPM system 

affect performance evaluation judgments. The BPM system organizes large 

amounts of data in hierarchical structures. Users of BPM systems are able to drill 

down this hierarchical data structure for detailed information used for final 

judgments. Paths for drilling down imply restrictions on how underlying data is 

assessed. The hierarchical data structure of the BPM systems and the 

performance evaluation task together determine the sequence of processing 

steps. For instance, if performance data is organized first by stores, a BPM 

system user will tend to process store information first, followed by drilling down to 

more detailed product information in each store. Although the drill-down capability 

of a BPM system can guide system users on how to process information, this 

information processing sequence implicitly provides the system user with a 
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judgment starting point, which becomes the basis for the decision maker’s final 

judgment. As such, hierarchical data structures have the potential to be 

misleading because aggregation of data at the top levels of a hierarchy can mask 

positive or negative signals sent from individual performance units at lower levels 

in the data hierarchy. 

From a normative point of view, it should not matter whether a decision 

maker uses data hierarchy “A” or data hierarchy “B” as a starting point for 

examining and evaluating performance at the lowest level in the data hierarchy. In 

fact, flexible data structures implemented in BPM systems suggest that decision 

makers have access to multiple views of the same underlying data and can “pick 

and choose” which view to use as a starting point. However, from a cognitive 

processing perspective, whether decision makers use data hierarchy “A” or data 

hierarchy “B” as a starting point for evaluating performance at the lowest level in 

the data hierarchy probably is important, if decision makers are not able to 

adequately adjust the initial judgments they form when first viewing performance 

data at the highest level of the data hierarchy. 

These arguments suggest that decision makers are likely to form different 

judgments about identical underlying performance units based on whether the 

top-level view of the data correctly, or incorrectly, signals which subunits are most 

likely experiencing success or failure.   
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H1: When using hierarchical data structures to evaluate individual 

sub-unit performance, decision makers’ judgments are biased when 

aggregate information systematically differs across multiple 

hierarchies.  

 

Presentation Formats and Judgments 

The task-technology fit paradigm describes decision-making as the result 

of interactions between information system capabilities and task characteristics. 

The theory of cognitive fit extends the fit notion to include the user’s mental 

representation of the problem. Vessey and Galletta (1991) argued that for 

judgment performance to be enhanced, users must be able to develop an 

appropriate mental model for efficient and effective completion of the task. The 

effect of information presentation format on judgment quality has also been 

examined in the accounting domain (Amer 1991; Tuttle and Kershaw 1998; 

Frownfelter-Lohrke 1998; Dunn and Grabski 2001). However, the lack of 

differences in measurements between studies has made it difficult to reach a 

consensus about the effect of presentation format on judgment quality. 

Lack of consensus on a definition of task type is another reason for 

conflicting results found in prior studies. While it is commonly accepted that task 

type and information presentation format together influence system user’s internal 

representations of the task problem, there is no consensus on how to measure 

the variety of different business task types. (Frownfelter-Lohrke 1998). The extant 
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literature provides a model to explain the relationship between a simple task, such 

as information acquisition and judgment performance. However, for more 

complex tasks encountered in business decision-making, it is not clear whether 

the theory of cognitive fit can be used to explain judgment processes and predict 

judgment performance. 

As previously described, BPM systems are designed to help business 

decision makers process large amount of business data and support 

decision-making. The drill-down capability of BPM systems provides a 

mechanism for incorporating different aspects of the underlying data set in the 

decision-making process. However, the hierarchical data structure of the system 

adds more complexity to the judgment process. In addition, accounting financial 

information is usually presented in tabular format.  

Information systems can enhance users’ abilities to make better spatial 

judgments by providing computer-generated graphics. Thus, some information 

processing burdens are shifted from the user to the system. For example, 

performance evaluation tasks require decision makers to consider multiple 

measures and form a mental picture of each unit being evaluated. Based on the 

cognitive pictures formed, decision makers then make comparisons. To this end, 

graphical presentations are helpful since decision makers are able to directly use 

the information presented. In addition, graphs are known to direct users’ attention 

to some characteristics of the underlying data set, such as trends and 

relationships among variables (Tufte 1997; 2001; Vessey and Galletta 1991). 
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On the other hand, if performance evaluation involves users in a symbolic 

task, tabular presentation format is expected to better support this task. A 

symbolic task requires decision makers to extract discrete data values from the 

supporting information systems (Vessey and Galletta 1991). The extracted data 

values are then used for computational purposes. For instance, the performance 

evaluation task might require managers to compare subordinates’ performance 

based on sales generated in the last year. Hence, symbolic tasks are best 

supported by BPM systems’ tabular presentation because data in tables are 

easier to extract for performing calculations.  

Although performance difference due to information presentation format 

and task characteristics has been examined both in accounting and management 

information system domains, the effects of different presentation formats utilized 

by drill down systems such as BPM systems, where data is organized in 

hierarchical structures, has not been examined. Hence, the second hypothesis 

concerns the effect of BPM systems’ presentation format on performance 

evaluation judgments.  

 

H2: When using hierarchical data structures to evaluate individual 

sub-unit performance, decision makers’ judgments will be more 

accurate when using graphical displays for spatial performance tasks 

and tabular display for symbolic performance tasks. 
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Control Variables 

Visualization ability is an individual difference that affects 

computer-based problem-solving tasks. People with high visualization ability can 

transform or manipulate the relationship among variables into spatial 

arrangements (Woodland and Szul 1999). Information system designers need to 

consider this factor and to incorporate it into system design. For instance, Dull and 

Tegarden (1999) found that novice system users can be helped in their 

performance if visualization ability is enhanced by the system interface. For BPM 

system users, if performance data is presented in tables, spatial judgment 

performance is expected to suffer from cognitive fit problems, since tabular 

information presentation is not the optimal presentation method that supports 

spatial tasks. For people with low visualization ability, performance is expected to 

be even worse, as low visualization ability together with unmatched information 

presentation substantially increases task complexity level. On the other hand, 

individuals with low visualization ability are expected to be helped more by a 

graphical interface because low visuals recognize the structure of information 

presented to them spatially.  

Based on the above discussion, the current study uses individual 

visualization ability as a control variable. Essentially, visualization ability is a 

co-variate that will be employed to account for inherent differences among 

decision makers (experimental subjects).  
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Store A:  
Products sold in store A are desktop computers, laptop computers, and handheld 
devices. 
Store B: 
Products sold in store B are desktop computers, laptop computers, and handheld 
devices. 
Store C: 
Products sold in store C are desktop computers, laptop computers, and handheld
devices. 

 
 
Desktop computers: 
Stores selling desktop computers are store A, store B, and store C. 
Laptop computers: 
Stores selling laptop computers are store A, store B, and store C. 
Handheld devices:  
Stores selling handheld devices are store A, store B, and store C. 
 
 

 

 
Figure 3.1 The Same Information Presented Either 

by Stores (top) or by Products (bottom) 
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CHAPTER IV 

METHODOLOGY 

 

This chapter provides the description of method employed in the current 

research. The following sections describe the overview of the experimental design, 

participants, procedures, and how variables of interest were measured and 

statistical models employed. 

     

Experiment Overview 

Research participants were first assigned the role of a product line 

manager or a retail store manager at Gadgets4U, a fictitious firm specializing in 

electronic products sold through its retail stores. Participants were told that 

Gadgets4U recently implemented an information system that allows managers to 

analyze product line or retail store performance information. 

The case materials focused on Gadgets4U’s three product lines: desktop 

computers, laptop computers, and handheld devices. In addition, Gadgets4U 

operates three retail stores: the Alexville store, the Billysville store and the 

Chesterville store. With each of the three products sold in each store location, 

there are nine individual sub-units to evaluate. Underlying performance 

information was identical across participants; however, data hierarchy and 

presentation format (i.e., graphical and tabular presentations) differed across 

treatment groups.  
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Participants were given four months of performance data based on 

advertising expense and sales for each store/product sub-unit. The performance 

data was structured differently according to each subjects’ assumed role. For 

participants whose role was product line manager, the performance data was 

aggregated by product line. Participants could drill down for detailed information 

about sales performance for each product, subsequently detailed by individual 

store. Similarly, for participants who assumed the role of retail store manager, the 

performance data was aggregated by store. Participants could drill down for 

detailed information about the sales performance for each store, subsequently 

detailed by product line. 

In addition to different data structures (by product lines vs. by retail 

stores), information presentation format was manipulated. Half of the participants 

were given performance information presented in graphs, while the other half 

were given performance information presented in tables. See Figure 4.1 for 

screenshots of performance data presented to participants.  

Participants were asked to evaluate the sub-unit performance of three 

product lines by the three retail stores to determine how to spend additional 

advertising monies. They were told that all four months of historical data are 

equally important in this decision; there were no seasonal or carry-over effects of 

advertising expenses. In other words, the advertising expenditure would have an 

immediate impact on sales.  
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There were two different performance evaluation tasks: a spatial task and 

a symbolic task. The spatial task required participants to identify the store/product 

sub-unit that had the strongest response to each dollar of advertising. A 

participant needed to examine historical information to determine which sub-unit 

was most responsive to advertising expenditures. The second experiment task 

was symbolic. Participants were asked to report the highest sales figure of the 

store/product sub-unit in a certain month. Figure 4.2 shows examples of the 

spatial and symbolic tasks used. The sequence of these two tasks was counter 

balanced within treatment groups.  

To make these judgments, participants used the system to examine 

performance data aggregated across three levels. The top level was total sales 

and total advertising expenditures for the company as a whole. The second level 

was sales and advertising expenditures for each store or each product according 

to the participants’ assumed roles. At this level, the aggregate information could 

contain a hidden signal, depending on whether the hierarchy was summed by 

product or by store. In this study, the store-based data hierarchy had hidden 

signals, indicating that a particular store most likely was the most responsive 

sub-unit in regards to additional advertising expenditures. However, the most 

responsive product/store sub-unit (the correct answer) was located somewhere 

else in the hierarchy (under another store). In other words, participants needed to 

expand their information search to all stores in order to identify the correct 

answer.  
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For participants who assumed the product line manager role, the 

performance data at the product level did not have hidden signals. That is, the 

correct answer (the most responsive product/store sub-unit) could be found by 

selecting the most responsive product line and drilling down to the store level for 

that product line. As such, participants were able to find the correct answer 

without expanding their search effort, if they selected the signal communicated at 

the aggregate level. The purpose of this manipulation was to implement 

qualitatively different data hierarchies.  

In order to generate meaningful monthly sales and advertising expense 

data, advertising expense steadily increased from month to month for all 

store/product sub-units. A simple regression was used to generate the advertising 

payoff: 

Sales = 5 + β * Advertising + ε 

β, or the slope of the regression line, determines the sensitivity of sales to 

each advertising dollar spent. ε is the random error built into the model so that the 

sales-advertising relationship is not absolutely linear. 

Two data sets were needed in the experiment for the two different tasks. 

The first data set was generated using the regression formula above. A simple 

mathematical transformation was used to generate the second data set. Each 

participant used both data sets, one for the spatial task and the other for the 

symbolic task. The two data sets were counter balanced within each treatment 

cell to avoid confounding effects.  
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The scenario of three stores and three products is within the cognitive 

threshold of working memory yet sufficient in number to make the case real (Lipe 

and Salterio 2002; Tuttle and Kershaw 1998). The use of a hypothetical company 

and retail locations is necessary to provide for uncorrelated information cues 

(Ashton 1981). Accordingly, all measurement values were generated so that 

these values can vary from each other in a meaningful way. The experiment 

instrument is included in the appendix. 

 

Experiment Participants and Design 

The study was conducted using a 2 x 2 x 2 with between-subjects and 

within-subjects design. Information presentation method (graphs versus tables), 

and data structure (hidden signal versus no hidden signal) were manipulated 

between-subjects. The performance evaluation task (spatial versus symbolic) was 

manipulated within-subjects. The underlying advertising expense and sales data 

for each product/store sub-unit was the same, regardless of whether the 

hierarchical data was structured by product lines or by stores. The experiment 

design is shown in Figure 4.3. 

In order to test the use of BPM systems, performance data and 

participants’ judgments were presented on computer screens. Since some 

criticism of research findings regarding tabular versus graphical presentations 

centers on the quality of the presentation method (Tuttle and Kershaw 1998), this 

study implemented relatively simple information presentations. 
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The number of participants in each treatment cell (presentation format by 

data structure) was targeted to be 20, resulting in 80 total participants. 

Participants were upper division undergraduate accounting-major students 

enrolled in the required accounting information system course in the Rawls 

College of Business. An incentive was incorporated into the experimental design 

so that subjects’ monetary rewards would be based on their judgment 

performance. 

 

Experiment Procedure 

The experimental procedure consisted of five steps: 

1. Participants first read the instructions. After reading the instructions, 

participants completed a practice exercise to ensure that they 

understood the task and had the necessary skills to read the 

presented information. 

2. When each session started, the system recorded the participants’ 

start time. Participants then completed the first judgment task: either 

spatial task or the symbolic task. Again, the system automatically 

recorded the ending time for each session and the computer screens 

visited by each subject. 

3. In the second session, participants completed the other performance 

evaluation task. Participants who completed a spatial performance 
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evaluation task during the first session were asked to complete a 

symbolic task, and vice versa. 

4. After two sessions were completed, participants completed 

manipulation check questions. For example, participants were asked 

to rate their perceived efforts and degree of ease in making the choice 

in the experiment task. In addition, participants assessed confidence 

in their decision and completed questions concerning their 

supervising experience, gender, age, major, and computer usage. All 

data was gathered electronically. 

5. Participants then completed the test for individual visualization ability: 

VZ-2 test (Ekstrom et al. 1976; Westerman et al. 2001; Woodland and 

Szul 1999; Vicente and Williges 1988), which serves as a control 

variable.  

 

Dependent Measures 

Judgment accuracy was the dependent variable used to test the 

judgment effect in the current research. This is a surrogate for judgment quality, 

and is defined as follows: Judgment accuracy measures the choice made by each 

participant’s judgment per experiment session. Recall that the spatial task 

required participants to select the store/product sub-unit with the highest 

coefficient (β) for advertising expenditures. Judgment accuracy is defined as  
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Judgment accuracy i 
 available highest  The

subject aby chosen  i

β
β

=  

For example, if the correct regression slope (β) is 20, a subject’s choice 

of 15 would score 0.75.  

For the symbolic task, participants were required to report the highest 

sales figure of the store/product sub-unit in a certain month. The judgment 

accuracy for a symbolic task was measured as the absolute deviation from the 

best answer. As such, a subject’s response of 32 when the correct answer is 30 

would score 2. A larger absolute deviation indicates poorer performance in the 

symbolic task. These performance measures are similar to that of Vessey and 

Galletta (1991).  

 

Other Experimental Factors 

As noted in previous sections, two data sets were used for two tasks. 

Each subject completed two tasks using two different data sets. The order of 

tasks administered to subjects and data sets used were additional two factors of 

the experimental design and subjects were also randomly assigned to these cells.  

As a result, in addition to two treatment factors (HIERARCHY and FORMAT), the 

experimental design also include two control factors (ORDER and DATASET). All 

these factors had two levels. Thus, there were total 16 experimental cells. 
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Statistical Model 

The statistical model used in the current study to test the hypotheses was 

analysis of variance (ANOVA). Let Y ijkm be the mth observation (m=1,…..,n) of the 

judgment accuracy for the treatment consisting of the ith level of data hierarchy 

(i=1,2) and the jth level of presentation format (j=1,2), k th level of order of task, and 

l th level of data set used. The initial model can be presented as (Neter et al. 

1996): 

=mijklY )( HIERARCHYi + FORMATj + ORDERk + DATASETl +  

HIERARCHY X FOIRMATij mijkl )(ε+  

Where, 

mijklY )( = judgment performance measure 

HIERARCHYi = effect due to i-th data hierarchy treatment 

FORMATj = effect due to j-th presentation format 

treatment  

ORDERk = effect due to k-th order treatment 

DATASETl = effect due to l-th dataset treatment 

HIERARCHY X FOIRMATij = component to measure the interaction 

resulting when the i-th hierarchy treatment 

and the j-th format treatment are combined 

mijkl )(ε = between-subject error, which is assumed to 

be Nmijkl ~)(ε  and iid (0, σ2
Є) 
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Co-variate Variable 

The next issue regarding a statistical model is potential co-variates. A 

co-variate or a concomitant variable is a variable that varies with the dependent 

variable. By assigning subjects to experiment treatments randomly, experimental 

errors may be quite large due to heterogeneity of subjects. One method for 

reducing errors is to include co-variate(s) in the statistical model (Neter et al. 

1996). Without adjusting the model to include the co-variate(s), the experimental 

errors could be inflated and make true differences in response caused by 

treatments harder to detect (Montgomery 2001).    

The current study uses the individual visualization ability as a possible 

co-variate. In order to see if individual visualization ability, as well as other 

demographic variables, shares variance with each dependent measure, a 

correlation analysis was conducted. If any of these variables correlated 

significantly with the dependent variable, the statistical model was adjusted to 

include the co-variate. 

If correlation analysis indicates that co-variates are needed, the next 

issue is to determine if the co-variate’s slope is homogenous across experimental 

treatments. Lack of homogeneity would indicate the co-variate could interact with 

one or more of the independent variables (Darlington 1990). The interaction term 

of individual visualization ability with independent variable is tested to determine if 

the potential co-variate is homogeneous across experimental cells. 

The final analysis of covariance (ANCOVA) model can be expressed as: 
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=mijklY )( HIERARCHYi + FORMATj + ORDERk + DATASETl +  

HIERARCHY X FOIRMATij + +mVβ  other possible co-variate(s) and 

interactions mij )(ε+  

Where, 

mijklY )( = judgment performance measure 

HIERARCHYi = effect due to i-th data hierarchy treatment 

FORMATj =effect due to j-th presentation format treatment 

ORDERk = effect due to k-th order treatment 

DATASETl = effect due to l-th dataset treatment 

HIERARCHY X FOIRMATij = component to measure the interaction 

resulting when the i-th hierarchy treatment 

and the j-th format treatment are combined 

Vm = measure of individual visualization ability 

(m=1,…..,n)  

β = the linear regression coefficient of individual 

visualization ability 

mijkl )(ε = between-subject error, which is assumed to be

Nmijkl ~)(ε  and iid (0, σ2
Є) 
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Panel 1. The performance information of Alexville store is presented in a tabular 
format 

 

 
 
Panel 2. The performance information of Alexville store is presented in a graphical 

format 

 
 

Figure 4.1 Presentation Format Manipulation 
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Spatial Task 

What is the specific product at a specific store that was most sensitive to 

advertising in the past? 

Symbolic Task 

Please provide the following amounts: 

What is the highest sales figure of a specific product at a specific store in 

January? 

 

Figure 4.2 Examples of Tasks Used 
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Presentation Format 
Graphical Presentation 

Format 

Tabular Presentation 

Format 

Data Structure 
Misleading 

Signal 
No Signal 

Misleading 

Signal  
No Signal 

Subjects 20 20 20 20 

Spatial     
Task Type 

Symbolic     

 

Figure 4.3 Experiment Design Layout 
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CHAPTER V 

RESULTS OF TESTING RESEARCH HYPOTHESES 

 

This chapter presents an overview of data collected in the experiment 

and statistical tests. First, this chapter presents a description of the sample. 

Second, the randomization checks are presented to ensure the experimental 

manipulation yielded comparable groups. Third, measures of subjects’ 

involvement in the experiment and their general attitude toward the experiment 

are discussed. Finally, this chapter presents the results of hypothesis testing.   

 

Sample 

Subjects were recruited from undergraduate accounting systems and 

intermediate accounting classes at Texas Tech University. To motivate 

participants, each was paid $4 to $8 for their 20 -40 minutes. The actual cash 

reward depended on individual subjects’ performance in the experiment.  

Undergraduate students enrolled in accounting courses were considered 

adequate surrogates for decision makers in this study for the following reasons. 

First, many prior works on information presentation and decision-making used 

students as subjects in their experiments (Amer 1991; Dunn and Grabski 2001). 

Second, it is important to note that the current study is not concerned with the 

performance of decision-makers in a professional context, but with 
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interrelationships between information presentation, information organization, and 

task type. 

A total of 107 subjects participated in this experiment. Six subjects did not 

complete the experiment and were excluded from the analysis. In the remaining 

sample of 101 subjects, ten did not pass the experiment’s tutorial session and 

were excluded1. In addition, two subjects in the spatial task and six subjects in the 

symbolic task had zero computer screen visit before they reached their final 

judgments. Thus, these eight subjects were omitted from data analysis because 

they appeared to exert very little effort to complete the task. Finally, four outliers in 

the symbolic task were excluded2. The process of this subject selection is 

summarized in Table 5.1. 

The final sample of subjects consisted of 79 participants. These subjects 

were randomly assigned to one of four treatment cells. The summary of the 

sample size in each treatment cell is reported in Panel A of Table 5.2. Within each 

treatment cell, the data set used and the sequence of task were also manipulated. 
                                                 

1 Subjects completed tutorials before they started the experimental task. At 
the end of each tutorial, practice questions were used to ensure they fully 
understood the task requirement. Subjects who did not pass the practice 
questions were presented with instructions and practice questions again. If 
subjects failed to pass the practice questions for the second time, they were 
signed out by the system automatically. 

   
2 All four subjects were graphical presentation users. The scale used to 

produce plots of sales by advertising expense for each individual sub-unit was 
100 and 50 for two different data sets used in the experiment. All four subjects’ 
absolute deviations were significantly larger than the scale used to produce plots, 
suggesting they either did not pay attention to the task or they did not understand 
the task requirement. As a result, these four subjects were excluded from the final 
analysis to prevent biased results.  
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The detailed summary of sample size of 16 cells is reported in Panel B of Table 

5.2. 

 

Demographic Characteristics 

Table 5.3 reports demographic characteristics of subjects in this research. 

The overall sample (N=79) consisted of students enrolled in accounting systems 

(82.3%) and intermediate accounting (17.7%). The majority of them were 

undergraduate juniors and seniors (44.3% and 53.2%, respectively). Only three 

subjects were graduate students. In reporting gender, 59.5% were males and 

40.5% were females. Age ranged from 19 to 35 years with an average of 21.9 

years (standard deviation = 2.7). The mean undergraduate GPA was 3.3 

(standard deviation = 0.4). In addition, the average number of statistics hours 

taken was 3.6 (standard deviation = 1.2) and the average accounting hours taken 

was 10.5 (standard deviation = 4.3).  

 

Randomization Checks 

The purpose of randomization checks is to test whether the random 

assignment of subjects to each treatment cell yielded equivalent treatment groups 

on variables of interest. That is, randomization checks determine whether subject 

characteristics in one treatment cell differ from those in another cell (Cook and 

Campbell 1979). Variables of interest were gender, major, age, undergraduate 

GPA, work experience, and VZ2 score. Since these variables were not controlled 
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in the experiment, randomization should yield comparable groups in the final data 

analysis.    

The type of statistical test depended on the variable of interest. 

Categorical variables such as gender and major were examined using Chi-square 

tests. Interval and ratio variables were examined using one-way analysis of 

variance (ANOVA). In each analysis, the variable of interest is the dependent 

variable and the four treatment cells are independent variables. A discussion of 

test results follows. 

 

Categorical Variables 

Chi-square tests examined whether or not two variables are independent 

of each other. For the 79 subjects included in the final data analyses, 59.5% were 

males and 40.5% were females. Table 5.4 lists the contingency table of gender by 

treatment cells. As the table indicates, gender did not differ significantly among 

treatment cells (χ2 = 0.896, p = 0.826). 

For subjects’ major in school, the majority were accounting majors 

(70.9%), followed by MIS majors (22.8%). Table 5.5 reports the test of major by 

treatment cells. Again, major in school did not differ significantly across treatment 

cells (χ2 = 10.522, p = 0.310).   
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Interval and ratio Variables 

One-way ANOVA were used to test for differences in VZ2 score, 

self-reported undergraduate GPA, age, and work experience across treatment 

cells. 

VZ2 test is an assessment of subjects’ individual visualization ability (Dull 

and Tegarden 1999; Swaab et al. 2002). The score ranges from 0 to 1. Subjects 

were required to complete two 10-question paper folding tests; the time to 

complete each test was limited to three minutes. The average score on VZ2 test 

was 0.618, with a standard deviation of 0.162. Means of subjects assigned to four 

treatment cells were compared using a one-way ANOVA. No significant difference 

was found (F = 1.680, p = 0.179).   

For self-reported undergraduate GPA, the average was 3.305 with a 

standard deviation of 0.408. GPA did not significantly differ across treatment cells 

(F = 1.244, p = 0.300).   

For age and work experience, the means were 21.873 and 3.132 years, 

respectively. Both of them did not differ significantly across treatment cells (F = 

0.734, p = 0.535 for age, F = 0.194, p = 0.900 for work year). The summary of test 

results for interval and ratio variables is reported in Table 5.6. 

In general, random assignment of subjects to treatment cells yielded 

comparable groups on all variables of interest3. As a result, possible confounding 

                                                 
3 Some variables reported in Table 5.6 were not normally distributed. 

Kruskal-Wallis test with Chi-square approximation was used to test for differences 
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effects due to these variables should have been controlled in the experiment 

through randomization. 

 

Experimental Checks 

The purpose of experimental checks is to assess subjects’ general 

attitude toward the experiment and their involvement in the experiment. All 

subjects responded to two questions soliciting their attitude about the experiment 

and four questions about their involvement on a seven-point Likert scale. Each 

item and its results are discussed below. 

 

Involvement in the Experiment 

Two scale items assessed subjects’ motivation and effort level for 

experimental tasks. For the single question regarding subject motivation, 

independent-samples t test was calculated comparing the mean response of 

subjects across two different information presentation format groups (graph 

versus table). No significant difference was found (t = -1.906, p>0.05). Likewise, 

the mean response of subjects assigned to two different data hierarchy settings 

(without hidden signal versus with hidden signal) was not significantly different 

from each other (t = 0.332, p > 0.05). In general, subjects across two information 

presentation format and two data hierarchy settings were equally motivated.  

                                                                                                                                                 
among treatment cells. The results were consistent with parametric tests (p = 
0.381 for VZ2 score, p = 0.461 for undergraduate GPA). 
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In addition, subjects’ self-reported efforts were also examined to assess 

their involvement in the experiment. Again, independent-samples t test confirmed 

that no significant difference existed for subjects assigned to two different 

presentation format groups (t = -0.340, p>0.05) and two different data hierarchy 

settings (t = 1.174, p>0.05). On average, subjects seemed to report reasonable 

efforts between experimental settings. These results are summarized in Table 

5.7. 

 

General Attitude Questions  

Subjects’ attitude toward the experiment was measured by six questions 

(Table 5.8). In general, subjects appeared to think that the experimental tasks 

were not very difficult (“The games were very difficult”), the demands were not too 

heavy (“I had to make too many judgments in this game”), the system provided for 

the experimental tasks was useful (“I found the system provided to me very useful 

to complete the tasks in the game”), and they felt comfortable with accounting 

concepts used in the experiment (“I am comfortable with accounting concepts”). 

The summary of these tests is reported in Table 5.8. 

Only one item in Panel A of Table 5.8 appears to be significantly different 

between information presentation format settings: “The game was very realistic” (t 

= -2.25, p < 0.05). Subjects in the graphical presentation setting felt that the tasks 

were less realistic, compared to subjects in the tabular presentation setting. Both 

settings, however, had means between “7” and the scale midpoint, indicating that 
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subjects in both settings, on average, felt that the experimental tasks were 

realistic. Nevertheless, this factor is evaluated when testing hypotheses regarding 

information presentation settings. Also, the manipulation check suggests a bias 

against subjects in the graphical treatment perform better than subjects in the 

tabular treatment. 

Panel B of Table 5.8 reports the experimental checks between two data 

hierarchy settings on subjects’ general attitude toward the experiment. The two 

sample t test confirmed that subjects’ mean responses on these six items were 

not significantly different between two data hierarchy settings. 

 

Dependent Variables 

There are two sets of dependent variables employed in this study: one for 

the spatial task and another for the symbolic task. This section provides 

descriptive statistics for the dependent measures and control variables. 

 

Spatial Task Variable 

For the spatial task, judgment accuracy score is calculated as percentage 

of the correct answer. The descriptive statistics are reported in Table 5.9. 

Subjects had mean spatial judgment accuracy score of 0.9785 (out of possible 

1.0). This judgment score was tested for normality using the one-sample 

Kolmogorov-Smirnov Test. This goodness of fit test examines whether the 

probability distribution of subjects’ judgment accuracy score for the spatial task 
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was equivalent to a normal distribution (Conover 1999). The asymptotic 

significance level is less than 0.001, suggesting that the null hypothesis is 

rejected, and the probability distribution of subjects’ spatial task judgments is not 

normally distributed. In addition, Levene test of equality of error variances was 

used to test ANOVA homogeneity assumption. Levene test is robust against 

departures from normality (Neter et al. 1996). The result of Levene test indicated 

that the error variances of the spatial judgment scores were not equal across 

treatment cells (p < 0.001).  

To address these normality and equality of error variances problems, two 

remedial measures were taken. First, the arcsine transformation was employed 

for spatial judgment accuracy (Vessey and Galletta 1991) since the spatial 

judgment score was a percentage measure of the correct judgment. However, the 

transformation was not successful in sufficiently stabilizing the error variances 

and bringing the distribution closer to normality, required in parametric tests. 

Following Neter et al.’s (1996) recommendation, the rank transformation 

procedure proposed by Conover and Iman (1981) was used. The rank 

transformation replaced the observed spatial judgment scores with ranks from 

smallest to largest and then applied usual analysis of variance to the ranks 

(Conover 1999).  

Since the number of total sub-units to be evaluated by a subject was nine, 

there were nine possible spatial judgment scores. Thus, the probability 

distribution of spatial judgment scores is discrete. Akritas and Brunner (2003) 
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suggests that rank statistics are well suited to the ambiguity of scaling typical in 

social sciences. In addition, rank statistics are robust against outliers and have 

good power properties (Akritas and Brunner 2003). As a result, the rank 

transformed spatial performance score was used in the following statistical 

analyses.  

Symbolic Task Variables 

Table 5.9 also summarizes the descriptive statistics for symbolic 

performance. For the symbolic task, subjects reported the highest sales figure for 

nine sub-units. The performance was measured by the absolute difference 

between subjects’ reported number and the correct answer4. The mean absolute 

difference was 4.790 (without hidden signal in the structure) and 8.000 (with 

hidden signal in the structure) for subjects in the graphical presentation group, 

and 0 (without hidden signal in the structure) and 1.286 (with hidden signal in the 

structure) for subjects in the tabular presentation group.  

Like spatial judgment score, the variable used to measure subjects’ 

symbolic task performance violates ANOVA’s assumption of normality for the 

error distribution.5 As a result, the symbolic judgment score is transformed by 

applying rank transformation procedure, ensuring the appropriateness of 

statistical conclusions. However, Conover (1999) cautions: 
                                                 

4 Since two data sets were used to generate experimental tasks, each 
subject’s symbolic judgment score was standardized by dividing the score by its 
respective correct symbolic answer. The analyses using standardized symbolic 
score were not different from the results reported in this chapter. 

5 Both the Kolmogorov-Smirnov test and Shapiro-Wilk test rejected the 
hypothesis that the error distribution of the symbolic performance is normal.  
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The recommended procedure in experimental designs is to use the usual 
analysis of variance on the data and then to use the same procedure on 
the rank transformed data. If the two procedures give nearly identical 
results the assumptions underlying the usual analysis of variance are 
likely to be reasonable and the regular parametric analysis valid. (p.419)  
 
The results of hypothesis testing using both original data and the ranks 

were identical. Therefore, the ANOVA with original data is reported in the 

analyses that follow. Nonparametric tests using rank transformed data are also 

reported where appropriate. 

Potential Co-variate 

A co-variate is an explanatory variable that varies with the dependent 

variable. This section reports on the relationship between dependent variables 

and demographic, post-experiment questionnaire items, and control variables that 

are potential co-variate(s). The post-experiment questionnaire collected subjects’ 

attitudes toward the experiment, their mental states when they interacted with the 

system, their perceptions about the experimental tasks, and demographics. If 

these items significantly correlated with dependent variables, they were included 

in the final statistical model as co-variate. 

Pearson product-moment correlation assesses the strength of the 

relationship between dependent variables and potential co-variate (Table 5.10). 

For the spatial task, subjects’ statistics hours taken significantly correlated with 

the rank transformed spatial judgment score. As a result, it was included in the 

final data analyses as a co-variate.  
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For the symbolic task, eight significant correlations existed. Most notably, 

total time used by the subject significantly correlated with the dependent variable 

for the absolute difference between subjects’ judgments and the correct answer (p 

= 0.01). Motivation, usefulness of the system, and subjects’ answer on the 

question “I had to make too many judgments in this game” significantly correlated 

with symbolic performance (p < 0.05). These results indicate that subjects who 

performed well in the symbolic task were more motivated to do well in the task, felt 

the system used to make symbolic judgments was more useful, and felt less 

burden to complete the task. The same set of significant correlation coefficients 

existed when rank transformed symbolic judgment score was used. Therefore, 

four co-variates are included in the final analysis of the symbolic task.  

To determine the effect of co-variates for both spatial and symbolic tasks, 

Analysis of Covariance (ANCOVA) was used to test each potential co-variate one 

at a time. The final ANCOVA included the two treatment variables (HIERARCHY 

and FORMAT) and any statistically significant co-variates. 

For spatial task judgments, statistics hours taken was significant (F = 

6.22, p = 0.015). For symbolic task, VZ2 score (F = 4.16, p = 0.045) was 

significant, and total time spent (F = 3.66, p = 0.059) was slightly significant. Thus, 

hypothesis testing of spatial task included statistics hours as a co-variate. 

Similarly, hypothesis testing of symbolic test task included VZ2 score and total 

time spent as co-variates.  
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An assumption of ANCOVA is that the slope of co-variates is the same in 

each treatment cell. Lack of homogeneity would indicate the co-variate interacted 

with one or more independent variables. To determine whether total time spent 

violated the homogeneity assumption, an ANCOVA tested an interaction of 

treatment cells with total time spent. The interaction terms were not significant (p 

= 0.22 for total time spent by FORMAT and p = 0.36 for total time spent by 

HIERARCHY). For other co-variates, ANCOVA analyses were also conducted to 

test the interaction of treatment cells with statistics hours taken and treatment 

cells with VZ2 score. The results confirmed that both co-variates do not violate the 

homogeneity assumption (p = 0.22 for statistical hours taken by FORMAT and p = 

0.44 for statistical hours taken by HIERARCHY; p = 0.31 for VZ2 score by 

FORMAT and p = 0.41 for VZ2 by HIERARCHY). As a result, ANCOVA models 

for hypothesis testing do not include any interaction terms between co-variates 

and independent variables. 

 

Hypotheses Testing 

 ANCOVA test results for hypothesis testing are presented in Table 5.11. 

Hypothesis 1 proposes a main effect for the data hierarchy. The hypothesis 

states: 

H1: When using hierarchical data structures to evaluate individual sub-unit 

performance, decision makers’ judgments are biased when aggregate 

information systematically differs across multiple hierarchies.  
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Two separate ANCOVA models were carried out to test this hypothesis. Panel A 

of Table 5.11 shows statistics hours taken significantly affected the spatial 

judgment (F = 4.519, p =0.037). Panel B of Table 5.11 shows that total time spent 

on making the judgment (F = 4.960, p = 0.029) and individual visualization ability 

(F = 6.796, p = 0.011) significantly affected symbolic judgment. After controlling 

for these co-variates, data hierarchy significantly affected spatial judgment (F = 

16.140, p < 0.001) and symbolic judgment (F = 9.545, p = 0.003). On average, 

subjects’ judgments were biased when hidden signals were presented in the 

hierarchy for both spatial and symbolic tasks. The H1 predicts the main effect of 

data hierarchy. This hypothesis is supported. Users using data hierarchy with 

hidden signals made biased spatial as well as symbolic judgments.  

Hypothesis 2 examines the main effect of information presentation format 

on spatial and symbolic performance evaluation judgments. The hypothesis 

states: 

H2: When using hierarchical data structures to evaluate individual 

sub-unit performance, decision makers’ judgments will be more accurate 

when using graphical displays for spatial performance tasks and tabular 

display for symbolic performance tasks. 

The ANCOVA model presented in Table 5.11 reports the test results for a main 

effect attributed to information presentation format. A significant main effect for 

information presentation format was found for both spatial task (F = 8.826, p = 

0.004) and symbolic task (F = 47.792, p < 0.001). Since the hypothesis predicts 
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different information presentation format effects when tasks are different, Panel C 

and Panel D of Table 5.11 report the results of the planned comparison between 

information presentation formats. In Panel C, the planned comparison for spatial 

task shows that subjects in graphical presentation format performed better than 

their counterparts in the tabular presentation format when the data hierarchy had 

hidden signal (t = 4.8, p < 0.01). However, when there was no hidden signal in the 

data hierarchy, subjects using graphical presentation format did not perform 

better than subjects in the tabular presentation format (t = 0.95, p = 0.17). In Panel 

D of Table 5.10, the planned comparison for the symbolic task shows that 

subjects in tabular presentation format performed better than graphical format 

users, when data hierarchy had a hidden signal (t = 2.97, p =0.003) and when the 

data hierarchy had no hidden signal (t = 5.62, p < 0.001).  

The H2 predicts the main effect of information presentation format. After 

controlling for time spent to make judgments and visualization ability, subjects 

performed better if they used graphical presentation format for the spatial task 

and tabular presentation format for the symbolic task. This hypothesis is 

supported. Subjects using matching information presentation format to task made 

better performance evaluation judgments. The hypothesis testing results are also 

presented graphically in Figure 5.1 and Figure 5.2. 

Panel A and Panel B of Table 5.11 also show that the order of tasks 

administered to subjects did not significantly affect performance evaluation 

judgments (p = 0.43 for spatial task and p = 0.92 for symbolic task). Also, the data 
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set used in each task did not affect judgments (p = 0.35 for spatial task and p = 

0.32 for symbolic task). As a result, the possible effect due to different data set 

and order of tasks administered can be excluded. 

Figure 5.3 shows the separate effects attributed to information 

presentation format, data hierarchy, and their interaction effect for spatial tasks 

and symbolic tasks. As indicated by Figure 5.3 and the statistical test result6, 

graphical presentation can better support spatial task, but this effect was only 

observed when the data hierarchy had hidden signal. Stated differently, the effect 

of graphical presentation format on spatial task depends on data hierarchy used 

to organize data. 

For the symbolic tasks, Figure 5.3 indicates that both data hierarchy and 

information presentation format affect symbolic judgment. Subjects made larger 

errors when the data was organized in a hierarchy with hidden signal and when 

data was presented in graphs. On the contrary, tabular presentation format better 

supported symbolic task by allowing subjects to make less errors. Same effect 

can also be found when data hierarchy did not have hidden signals.  

                                                 
6 A significant interaction effect of hierarchy by format for spatial task (F = 8.506, p 
= 0.005) also confirmed that the positive effect of graphical presentation on spatial 
judgment performance depends on how data is organized.  
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Table 5.1 Sample Development 
 

Subject 
Selection 
Process 

Number 

Total subjects 107 

Subjects did not 
complete the 
experiment 

(6) 

Subjects filtered 
out by the 
system  

(10) 

Subjects did not 
properly use 
the system* 

(8) 

Outliers (4)

Final subjects 
included in the 
data analysis 

79 

 
* Subjects who had zero screen visits when they did the experiment task were 

excluded from the final data analysis. 
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Table 5.2 Summary of Sample Size in Each Cell 
 
Panel A: Summary of Sample Size in Treatment Factors 
 

Information Presentation Format  
Data Hierarchy Graph Table Total Subjects 
Without Signal 19 21 40  

With Signal 8 21 39 1  
Total 7 42 79 3

 
Panel B: Summary of Sample Size  Treatment and Co rol Factors 
 

Treatment Factors Control Factors 

 in nt

Data Hierarchy Format Order Dataset Number of Subjects 

Set 1 5 Spatial First Set 2 3 
Set 1 6 Graph 

Symbolic First Set 2 5 
Set 1 7 Spatial First Set 2 6 
Set 1 5 

Without Signal 

Table 
Symbolic First Set 2 3 

Set 1 5 Spatial First Set 2 6 
Set 1 4 Graph 

Symbolic First Set 2 3 
Set 1 7 Spatial First Set 2 5 
Set 1 2 

With Signa

Table 
Symbolic First Set 2 7 

l 
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Table 5.3 Demographic Characteristics (N=79) 
 

haracteristics Number (N=79) Percentage (%) C
Gender   

Male 47 59.5 
F ale 32 40.5 em

Academic classification   
Junior 35 44.3 
Senior 42 53.2 
Others 2 2.5 

Class enrolled   
Accounting systems 65 82.3 
Intermedia nting 1 17.7 te accou 4 

Major   
Accounting 56 70.9 
MIS 18 22.8 
Others 6.3 5 

Employment   
Unemploy 3 41.8 ed 3 
Employed full time 5.1 4 
Employed part time 4 53.2 2 
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Table 5.4 Randomization Checks: Frequency Table and Chi-Square Test of Gender by Treatment Cells 
 

Gender  Male Female 
Total 

 
Count 11 8 19 

Percent 57.9% 42.1% 100.0% Graph / 
Without Signal 

Row percent 23.4% 25.0% 24.1% 
Count 12 6 18 

Percent 66.7% 33.3% 100.0% Graph / 
With Signal 

Row percent 25.5% 18.8% 22.8% 
Count 11 10 21 

Percent 52.4% 47.6% 100.0% Table / 
Without Signal 

Row percent 23.4% 31.3% 26.6% 
Count 13 8 21 

Percent 61.9% 38.1% 100.0% 

Treatment 
cells 

Table / 
With Signal 

Row percent 27.7% 25.0% 26.6% 
Count 47 32 79 

Percent 59.5% 40.5% 100.0% Total 
Row percent 100.0% 100.0% 100.0% 
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χ2 = 0.896 
p = 0.826 

 



Table 5.5 Randomization Checks: Frequency Table and Chi-Square Test of Major by Treatment Cells 
 

Major  
 Accounting MIS Finance Others 

Total 
 

Count 13 6 0 0 19 
Percent 68.4% 31.6% .0% .0% 100.0%

Graph / 
Without 
Signal Row percent 23.2% 33.3% .0% .0% 24.1% 

Count 15 3 0 0 19 
Percent 83.3% 16.7% .0% .0% 100.0%Graph / 

With Signal 
Row percent 26.8% 16.7% .0% .0% 26.6% 

Count 15 5 0 1 21 
Percent 71.4% 23.8% .0% 4.8% 100.0%

Table / 
Without 
Signal Row percent 26.8% 27.8% .0% 33.3% 26.6% 

Count 13 4 2 2 21 
Percent 61.9% 19.0% 9.5% 9.5% 100.0%

Treatment 
cells 

Table / 
With Signal 

Row percent 23.2% 22.2% 100.0% 66.7% 26.6% 
Count 56 18 2 3 79 

Percent 70.9% 22.8% 2.5% 3.8% 100.0%Total 
Row percent 100.0% 100.0% 100.0% 100.0% 100.0%

79

 
χ2 = 10.522 
p = 0.310 

 
 
 

 



Table 5.6 Randomization Checks: Means, Standard Deviation, and Test for Differences among Treatment Cells 
 

Mean 
(Standard deviation) 

Experiment Cells 

Test for Mea
Differences 

n 

Item 
Overall Graph/ 

Without Signal 
Graph/ 

With Signal 
Table/ 

Without Signal 

Table/ 
With  

Signal 
F p 

VZ2 
score 

0.618 
(0.162) 

0.668 
(0.177) 

0.644 
(0.159) 

0.562 
(0.162) 

0.607 
(0.143) 

1.680 0.179

GPA 3.305 
(0.408) 

3.429 
(0.379) 

3.343 
(0.365) 

3.189 
(0.488) 

3.278 
(0.372) 

1.244 0.300

Age 21.873 
(2.662) 

22.211 
(3.537) 

22.000 
(2.497) 

22.191 
(3.092) 

21.143 
(0.854) 

0.734 0.535

Work 
year 

3.132 
(3.256) 

2.605 
(2.772) 

2.778 
(2.8

3.262 
13) 

2.762 
(2.406) 

0.194 0.90
40) (3.5

0

   
   * The F statistic is for ANOVA test. 
 
 
 
 

80

 



81

Table 5.7 Experimental Check: Mea , Standard Devi ons, and Tests for Differences between Treatments for 
ects’ Involvement in the Experiment 

Panel A. The Information Present
Mean 

(Standard 
Deviation) 

Test for Mean 
Differences 

ns
Items Assessing Subj

ation Setting 

ati

 

Experimental Check 

Graph Table t p 
How motivated were you to make the best judgments during the game? 
(1= Low / No) 

5.45 
(1.15) 

5.92 
(1.04) 

-1.906 0.060 

How would you categorize your effort level during the game? 
(1= Low / No) 

5.58 
(1.52) 

5.70 
(1.63)

-0.34 0.734 
 

 
Panel B. The Data Hierarchy Setting 

Mean 
(Standard 
Deviation) 

Test for Mean 
Differences 

Experimental Check 
Without 
signal 

With 
signal 

t p 

How motivated were you to make the best judgments during the game? 
(1= Low / No) 

5.74 
(1.27) 

5.65 
(0.95)

0.332 0.741 
 

How would you categorize your effort level during the game? 
(1= Low / No) 

5.85 
(1.46) 

5.44 
(1.67)

1.174 0.244 
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Table 5.8 Experimental Check: Mea , Standard Devi ons, and Tests for Differences between Treatments for 
Items Assessing Subjects’ General 

 
Panel A. The Information Present

Mean 
(Standard 
Deviation) 

Test for Mean 
Differences 

ns ati
Attitude toward the Experiment 

ation Setting 

Experimental Check 

Graph Table t p  
The games were very difficult. (1= Low / No) 3.08 

(1.46) 
2.98 

(1.37)
0.33 0.74 

 
I found the system provided to me very useful to complete the tasks in 
the game. (1= Low / No) 

5.59 
(1.21) 

5.95 
(1.10)

-1.37 0.17 
 

I had to make too many judgments in this game. (1= Low / No) 2.76 
(1.46) 

2.43 
(1.04)

1.16 0.25 
 

I was comfortable with the relationship between two variables for 
identifying the best sub-unit. (1= Low / No) 

5.95 
(0.88) 

5.95 
(0.94)

-0.31 0.98 
 

The game was very realistic. (1= Low / No) 4.78 
(1.34) 

5.43 
(1.21)

-2.25 0.03 
 

I was comfortable with accounting concepts (sales and advertising 
expense). (1= Low / No) 

6.19 
(0.88) 

6.38 
(0.80)

-1.02 0.31 
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Panel B. The Data Hierarchy Setting 

Mean 
(Standard 
Deviation) 

Test for Mean 
Differences 

Table 5.8 Continued.

Experimental Check 
Without 
signal 

With 
signa

t p 
l 

The games were very difficult. (1= Low / No) 3.23 
(1.31) 

2.82 
(1.45)

1.29 0.20 
 

I found the system provided to me ver useful to complete the tasks in 
the game. (1= Low / No) 

5.88 
(1.14) 

5.69 
(1.22)

0.70 0.49 y 
 

I had to make too many judgments in this game. (1= Low / No) 2.58 
(1.13) 

2.59 
(1.39) 

-0.52 0.96 

I was comfortable with the relationshi
identifying the best sub-unit. (1= Low / No) 

p between two variables for 6.03 
(0.86) 

5.87 
(0.95) 

0.75 0.46 

The game was very realistic. (1= Low / No) 5.30 
(1.24) 

4.95 
(1.36) 

1.20 0.23 

I was comfortable with accounting concepts (sales and advertising 
expense). (1= Low / No) 

6.33 
(0.80) 

6.26 
(0.88) 

0.36 0.72 

 

 



Table 5.9 Summary of Dependent Variables and Descriptive Statistics (N=79) 
 

Variable (Definition) Mean Standard 
Deviation 

Min. Max 

Graph / Without Signal Setting (N=19)     
Spatial task judgment score 
(Percentage of the correct answer) 

1.000 0.000 1.000 1.000 

Symbolic task judgment score 
(Absolute unit deviation from correct 
answer) 

4.790 3.910 1.000 13.000

VZ2 score 0.668 0.177 0.300 0.950 
Graph / With Signal Setting (N=18)     

Spatial task judgment score 
(Percentage of the correct answer) 

0.990 0.028 0.910 1.000 

Symbolic task judgment score 
(Absolute unit deviation from correct 
answer) 

8.000 6.020 2.000 23.000

VZ2 score 0.644 0.159 0.250 0.950 
Table / Without Signal Setting (N=21)     

Spatial task judgment score 
(Percentage of the correct answer) 

0.986 0.066 0.700 1.000 

Symbolic task judgment score 
(Absolute unit deviation from correct 
answer) 

0.000 0.000 0.000 0.000 

VZ2 score 0.562 0.162 0.150 0.850 
Table / With Signal Setting (N=21)     

Spatial task judgment score 
(Percentage of the correct answer) 

0.942 0.079 0.650 1.000 

Symbolic task judgment score 
(Absolute unit deviation from correct 
answer) 

1.286 2.101 0.000 5.000 

VZ2 score 0.607 0.143 0.450 0.900 
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Table 5.10 Correlations between Dependent Measures and Potential Co-Variates 
 

Spatial Task Symbolic Task Control  
Spatial  

Score Rank 
Absolute 

Symbolic Score 
Symbolic 

Score Rank 
VZ2 Score 

Spatial rank 1.00 
( -- ) 

-- -- 0.099 
(0.34) 

Absolute 
symbolic score 

-- 1.00 
( -- ) 

-- -0.03 
(0.77) 

Symbolic  
score rank 

-- -- 1.00 
( -- ) 

0.06 
(0.62) 

VZ2 0.10 
(0.39) 

-0.03 
(0.77) 

0.06 
(0.62) 

1.00 
( -- ) 

Total time 0.12 
(0.29) 

-0.29 
(0.01)** 

-0.30 
(0.01)** 

-0.24 
(0.03)* 

No screens 0.20 
(0.07) 

-0.02 
(0.89) 

0.04 
(0.75) 

0.15 
(0.20) 

Confidence 0.07 
(0.57) 

-0.05 
(0.68) 

-0.26 
(0.12) 

0.11 
(0.36) 

Effort 0.18 
(0.12) 

-0.15 
(0.20) 

-0.08 
(0.46) 

-0.28 
(0.81) 

Motivation 0.02 
(0.87) 

-0.24 
(0.03)* 

-0.24 
(0.04)* 

-0.24 
(0.83) 

Mental picture 0.05 
(0.69) 

0.02 
(0.88) 

0.05 
(0.64) 

0.06 
(0.6) 

Mental compute 0.11 
(0.36) 

-0.04 
(0.76) 

-0.05 
(0.65) 

0.26 
(0.02)* 

Difficult -0.05 
(0.69) 

0.19 
(0.10) 

0.11 
(0.34) 

0.08 
(0.42) 

System useful -0.06 
(0.60) 

-0.24 
(0.03)* 

-0.26 
(0.02)* 

-0.13 
(0.26) 

Burden -0.09 
(0.41) 

0.22 
(0.05)* 

0.22 
(0.05)* 

-0.12 
(0.69) 

Realistic 0.05 
(0.67) 

-0.12 
(0.23) 

-0.15 
(0.19) 

-0.19 
(0.18) 

Acct concept 0.17 
(0.13) 

-0.15 
(0.18) 

-0.17 
(0.14) 

-0.05 
(0.66) 
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Table 5.10 Continued. 
 

Spatial Task Symbolic Task Control  
Spatial  

Score Rank 
Absolute 

Symbolic Score 
Symbolic 

Score Rank 
VZ2 Score 

Age 0.14 
(0.22) 

-0.15 
(0.20) 

-0.09 
(0.43) 

0.15 
(0.18) 

Statistics hours -0.26 
(0.02)* 

0.05 
(0.68) 

0.05 
(0.64) 

-0.07 
(0.56) 

Acct hours 0.21 
(0.07) 

0.01 
(0.95) 

0.03 
(0.83) 

-0.10 
(0.43) 

MIS hours 0.17 
(0.13) 

0.06 
(0.58) 

0.13 
(0.26) 

0.35 
(0.14) 

GPA 0.37 
(0.75) 

0.06 
(0.58) 

0.12 
(0.28) 

0.10 
(0.34) 

Work year 0.02 
(0.98) 

-0.11 
(0.34) 

-0.05 
(0.66) 

0.13 
(0.24) 

Supervise year 0.02 
(0.86) 

-0.22 
(0.06) 

-0.22 
(0.07) 

-0.06 
(0.96) 

 
** significance at 0.01 level. 
* significance at 0.05 level. 
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Table 5.11 Analysis of Covariance Table for Effects of Data Hierarchy and 
Information Presentation Format on Spatial and Symbolic Judgments 

 
 
Panel A: Analysis of Covariance: Dependent Variable is Rank Transformed 
Spatial Judgment Score 
 

+×++++= ijlkjimijkl FORMATHIERARCHYDATASETORDERFORMATHIERARCHYY )(

         +× mSTATHRβ mijkl )(ε  
 

Source df Sum of 
Squares 

Mean 
Square 

F p 

Hierarchy 1 2950.640 2950.640 16.140 0.000 
Format 1 1613.553 1613.553 8.826 0.004 
Order 1 128.152 128.152 0.625 0.432 
Dataset 1 164.038 164.038 0.897 0.347 
Hierarchy * Format 1 1555.047 1555.047 8.506 0.005 
Statistics Hours 1 826.109 826.109 4.519 0.037 
Error 72 13163.065 182.820   
 
 
 
Panel B: Analysis of Covariance: Dependent Variable is Absolute Deviation of 
subjects’ Judgment and the Correct Symbolic Answer 
 

+×++++= ijlkjimijkl FORMATHIERARCHYDATASETORDERFORMATHIERARCHYY )(

mm VZTOTALTIME ×+× 21 ββ + mijkl )(ε  
 

Source df Sum of 
Squares 

Mean 
Square 

F p 

Hierarchy 1 113.575 113.575 9.545 0.003 
Format 1 568.674 568.674 47.792 0.000 
Order 1 0.110 0.110 0.009 0.924 
Dataset 1 12.127 12.127 1.019 0.316 
Hierarchy * Format 1 12.859 12.859 1.081 0.302 
Total Time Spent 1 59.019 59.019 4.960 0.029 
VZ2 Score 1 80.860 80.860 6.796 0.011 
Error 71 844.822 11.899   
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Table 5.11 Continued. 
 
Panel C: Planned Comparison: Dependent Variable is sf  Sp
Judgment Score 

df Mean Difference  

 Rank Tran ormed atial 

 
Source t p

Hierarchy With Signal     
Graph vs. Table 37 6  0.71 4.80 0.00  

Hierarchy Without Signal     
Graph vs. Table 38 2.40 0.95 0.174 

 

Pa  Variable is A e D  o
subjects’ Judgment and the Correct Symbolic Answer 
 

an Difference* t P 

 
nel D: Planned Comparison: Dependent bsolut eviation f 

Source df Me
Hierarchy With Signal     

Graph vs. Table 37 1 7 38.15* 2.9 0.00  
Hierarchy Without Signal     

Graph vs. Table 38 4 2 0.79* 5.6 0.00  
 
* Note the dependent variable is the absolut tion e co ns
Thus, the positive mean difference between graphical presentation setting and 
tabular presentation setting would indicate a poorer performance in the symbolic 
task using graphical presentations than tabular presentations. 

 

e devia from th rrect a wer. 
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Figure 5.1 Hypotheses Testing Results (H1) 
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Figure 5.2 Hypotheses Testing Results (H2) 
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* As indicated in the graphs, graphical presentation format better supports spatial 
tasks, and tabular presentation format better supports symbolic tasks. 
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Figure 5.3 Main and Interaction Effects of Treatments  
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CHAPTER VI 

CONCLUSIONS 

 

The current research investigates the relationship between hierarchical 

data structure, information presentation format, and their effects on performance 

judgment tasks. This chapter presents the discussion of experimental findings, 

their implications, and limitations of the research. Also, this chapter presents how 

the current research contributes to the extant literature on judgment and 

decision-making in accounting information systems area. Finally, this chapter 

also discusses possible future research. 

 

Discussion of Findings 

This study uses the theory of cognitive fit paradigm to examine the effect 

of data hierarchy and information presentation format on performance evaluation 

judgments using a BPM system. The current research articulates two formal 

hypotheses: a data hierarchy hypothesis and an information presentation format 

hypothesis. Hypothesis 1 investigates the effect of data hierarchy on 

performance evaluation judgments when a BPM system is used. Hypothesis 2 

considers the effect of presentation format (graphical versus tabular) on those 

judgments. Both hypotheses consider effects contingent on type of tasks 

required. Spatial tasks emphasize the examination of the relationship between 

variables, whereas symbolic tasks require the extraction of discrete data values. 
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Hypothesis 1 predicts that given exactly the same underlying 

performance evaluation data, different data hierarchies used to organize data 

can cause systematic differences in judgments. The evidence provided in the 

experiment suggests that after controlling for potential co-variates, data hierarchy 

affects performance evaluation judgment, regardless of task type. When the 

same underlying data is presented using different hierarchies, users were misled 

if the data hierarchy contained hidden signals. That is, users were vulnerable to 

signals hidden in the aggregation of data. 

Hypothesis 2 examines the effect of information presentation format on 

performance evaluation judgments. The data collected in the current research 

provides evidence that for different types of tasks, users make better judgments if 

provided with appropriate presentation format. Graphical presentation of 

performance data supports tasks that require users to examine relationships 

among various variables; tabular presentation of performance data support tasks 

that require users to extract discrete values. The theory of cognitive fit paradigm 

suggests that because graphs are spatial presentations of performance data, 

they match the information processing strategies required by spatial tasks. 

Conversely, because tables are symbolic presentations of performance data, 

they better match the information processing strategies of symbolic tasks. 

Findings from this study are consistent with the theory of cognitive fit’s (Vessey 

1991) prediction and other studies in the accounting literature (Frownfelter-

Lohrke 1998; Tuttle and Kershaw 1998). As predicted, users of graphical 
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presentations performed better when the task required examining the relationship 

between variables. Because graphs help users see relationship more easily, task 

complexity is reduced, and performance is improved. On the other hand, when 

tasks require analytical processing of information, tables better support the task 

because tables present information as discrete values, enabling users to extract 

data more easily. 

The concurrent main effect of data hierarchy and information 

presentation format suggests an interesting story. Like many prior works, the 

current research finds that graphical presentations are able to better support 

spatial tasks. However, the findings of this study also suggest that this 

performance advantage may depend on how performance evaluation data is 

organized. When the data hierarchy contains hidden signals at the aggregate 

level, graphical presentations provide better support for spatial judgments. 

Graphical presentations mediate the negative effect attributed to misleading 

signals in the data hierarchy. However, if the data hierarchy does not have 

misleading signals at the aggregate level, the performance advantage of 

graphical presentations disappears. Putting it differently, if the data hierarchy 

does not have hidden signals suggesting incorrect solutions, users of graphical 

presentations do not outperform tabular presentation users. 

In summary, if the data hierarchy has hidden signals that are misleading, 

users tend to follow these signals, and their judgments are skewed in a negative 

manner. In addition, graphical presentation of performance data seems to be 
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useful in assisting users when performance evaluation judgments require 

comparison and examination of relationships between variables. However, this 

performance advantage depends on the quality of hierarchical data. When data 

hierarchy does not have hidden signals at the aggregate level, and the task is 

spatial, both tabular presentation and graphical presentation users perform well. 

When the performance evaluation judgment is symbolic, the mediating effect of 

information presentation format on data hierarchy does not exist, and tabular 

presentation users perform better than graphical presentation users.  

 

Limitations 

The effect of data hierarchy and information presentation format on 

performance evaluation judgments using a BPM system was explored in the 

current research. Like other similar studies, the current research was not free of 

limitations. Some of the limitations are inherent in the methodology; others are 

attributed to research design choices. Any conclusions drawn from the current 

research must acknowledge these limitations. 

External validity may be limited because of the experimental 

methodology employed. The evidence presented in the current research may not 

be generalized beyond the choice of undergraduates as experiment subjects, the 

performance evaluation tasks employed, data hierarchies applied, and the 

specific data presentation formats implemented. Additional limitations concern 

the lack of focus on institutional features in the decision-making setting. Some 
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key features include individual decision-maker differences and possible 

environmental factors. The choice of levels for dependent variables and 

measurement instruments suggest limited generalizability.  

For instance, the data hierarchy used in the experiment consisted of 

three levels, and the hidden signal manipulation was operationalized at the 

second level of the hierarchy. Obviously this three-level hierarchy is simplistic 

compared to modern business data. However, the simple data hierarchy 

employed in the current study suggests a bias against finding an effect. In other 

words, more complex data hierarchies are more likely to affect judgments in a 

negative manner. Finally, information collected in the post-experiment 

questionnaire is self-reported information, and may not fully identify differences 

among subjects.  

 

Implications and Contributions 

The decision-making framework for information systems proposed by 

O’Donnell and David (2000) is a model to understand how accounting 

information system research can contribute to the literature and our 

understanding of decision-making in general. Their model describes judgment 

and decision-making using an information system as a function of three 

exogenous variables: information system features, the decision-making 

environment, and problem-solving skills, as well as an endogenous variable: the 

information processing strategies. Performance effect attributed to information 
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presentation format has received significant research attention. However, as 

suggested by O’Donnell and David (2000), whether judgment tasks are aided by 

different presentation formats requires more research on characteristics of 

judgment tasks and dimensions of the decision-making environment. The current 

research contributes to this line of research by exploring the effect of 

presentation format in a decision-making environment. Specifically, the current 

research found that a graphical presentation of accounting information is 

specifically useful in spatial judgments when data hierarchy does communicate 

hidden misleading signals at the aggregate level.  

Prior research has shown that users’ judgments could be altered if 

graphs are used to present accounting information (Arunachalam et al. 2002). 

Results from the current study provide evidence that in addition to improperly 

designed graphs, different data hierarchies of accounting information can affect 

judgments.  

The fact that data hierarchy influences performance evaluation 

judgments has important implications for accounting information system design. 

When performance evaluation data accumulates over time, it is often necessary 

to organize the data in hierarchical structure in order to adequately use 

information in decision-making. For example, the XBRL (eXtensible Business 

Reporting Language) is a technology that allows accounting information to be 

stored, distributed, analyzed, and processed by multiple computer software 

programs. XBRL documents must reference taxonomies, or sets of definitions for 

 97



data elements, in a given business context. As a result, the development of 

taxonomies determines how accounting information will be presented in an XBRL 

document. In essence, XBRL taxonomies are hierarchies of accounting 

information elements. In other words, XBRL taxonomies allow a document to 

display accounting information in a logical hierarchy (Hannon and Gold 2005; 

Ramin and Prather 2003). Given accounting information is displayed in different 

hierarchies, decision makers are likely to encounter hierarchical changes in date 

organization. In addition, the same underlying dataset can be used for different 

judgments supported by the different data hierarchies. As such, switching 

between different views of the same data become routine operations when an 

information system is used to support business decision-making. In these 

situations, the results of the current research suggest that the decision makers 

are less likely to make biased judgments attributed to different data hierarchies if 

the task type matches the presentation format. 

In other circumstances, the change in organizational structure may lead 

to biased judgment when misleading signals are communicated in the 

aggregated data. This has implications for systems design. The flexibility of 

accounting information allows users to organize accounting information in various 

hierarchies. For instance, a company can issue its accounting information in 

electronic form and financial analysts can download the information. However, 

using the data hierarchy provided by the company, financial analysts may focus 

on some signals communicated at higher levels in the hierarchy, and overlook 
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information hidden by data aggregation. The results of the current research 

suggest that accounting information users’ judgments can be affected by the way 

accounting information is organized and aggregated hierarchically. 

Prior to this study, researchers had not investigated the effect of data 

hierarchy on accounting decision-making. One possible explanation for this lack 

of research may be the belief that the choice of data aggregation has a minimal 

effect (if any) on decision-making since the underlying data is the same 

regardless of the hierarchy used. Different hierarchies simply provide different 

starting points for searching for information; as a result, users should rely on the 

underlying data, not by the starting point. Nevertheless, the results of the current 

research refute that argument. Users’ cognition is affected by the starting point 

for drilling down data hierarchies. Their final judgments will tend to be biased if 

hidden misleading signals are communicated in the hierarchy. 

This research also contributes to the literature by extending the theory of 

cognitive fit (Vessey 1991). Prior research had called for more extensive 

investigation of other factors that explain cognitive fit and individual person-

related differences (Dunn and Grabski 2001; Goodhue and Thompson 1995). 

This study contributes to that literature by adding another aspect of cognitive fit: 

data hierarchies and its interrelationship with presentation format and task type. 

The findings of the current research support the theory of cognitive fit that a 

match between hierarchy and information processing strategies can contribute to 

better decision-making.  
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Future Research 

Several possibilities for future research exist. First, research indicates 

that more experienced decision-makers apply more efficient strategies than 

inexperienced ones (Choo 1989). Future research could examine how other 

individual differences, such as user experience, affect judgments when different 

hierarchies and presentation formats are used. That is, does user experience 

mediate performance judgments given varying data hierarchies and presentation 

formats? 

Second, while this study measures the outcome of performance 

judgments, other predictor variables could be examined in the future research. 

For example, time pressure experienced by the system user and mental state of 

users when they interact with the system could give a more complete 

understanding of how decision makers interact with varying data hierarchies and 

presentation formats. 

Third, the current research provides evidence on how presentation 

format affects performance evaluation judgments. Future research can explore 

other types of presentation format such as combination formats (Frownfelter-

Lohrke 1998). To compare the performance effects of various presentation 

formats with different data hierarchies would provide valuable insight into 

accounting information systems design. 

Finally, environmental factors could be investigated. Different business 

settings require different types of judgments. Flexible accounting information 
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systems promise to facilitate individual decision-making. However, it is important 

to understand the cognitive fit between the tasks, individual differences, judgment 

strategies, and various system characteristics. To accomplish this goal, future 

research should examine whether users have the ability to choose appropriate 

system features, and whether system designs can improve the “fit” between 

users’ cognitive strategies and information organization.  
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Consent Form 
 

I hereby give my consent for my participation in the research project entitled “The Effect of Data 
Structure and Information Presentation Format on Performance Evaluation Judgments Using 
Business Performance Management Systems.” The purpose of this study is to increase our 
understanding about how an information system can be used to assist decision making for 
accountants. I understand that the person responsible for this project is: Jacob Peng, in BA 316 
at Texas Tech University, (806) 742-1517. 
 
If I choose to participate in the experiment I will: 
 

1. Sign one copy of a consent form and hand it to the experiment administrator. I will retain 
one copy for my self. 

2. Provide my name and social security number for the purpose of monetary awards. 
3. Hear a short presentation that explains the procedure. 
4. Interact with a computer system, reading some information and making some judgments 

about performance evaluation of a hypothetical company given some financial 
information. 

5. Answer some brief questionnaires. 
6. Follow instructions provided by the experiment administrator with regards to finish the 

experiment. 
 
I understand that the benefits associated with participation are following: 
 

1. I will be rewarded with cash based on the accuracy of my judgments. The monetary 
award is up to $10, to be paid within thirty days after the last participant completes this 
study. 

2. I can contribute to increasing understanding of decision making. 
3. I can learn about how accounting research is conducted. 

 
I understand that there is only minimal risk associated with participating. My participation will take 
approximately 35-45 minutes. 
 
I understand that my confidentiality will be kept by the experiment administrator. Only those 
working on this project will have access to your records. My responses in the experiment will only 
by used for data analysis purposes, and could not reasonably place me at risk of criminal or civil 
liability, or be damaging to my financial standing, employability, or reputation. If any of the 
findings from this study are published, my name and personal information will not be used. 
 
Jacob Peng has agreed to answer any questions you have about the study. For questions about 
your rights as a subject or about injuries caused by this research, contact the Texas Tech 
Institutional Review Board for the Protection of Human Subjects, Office of Research Services, 
Texas Tech University, Lubbock, Texas 79409. Or you can call (806) 742-3884. 
 
I understand that my participation in the experiment is voluntary, and I may discontinue this study 
at any time I choose without penalty. 
 
Signature of subject: 
 
                                                                                                                Date                                 . 
 
This consent form is not valid after January 31, 2006. 
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Appendix B 
 

EXPERIMENT INSTRUMENT: INTRODUCTORY AND TUTORIALS  
(GRAPHS) 
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Appendix C 
 

EXPERIMENT INSTRUMENT: INTRODUCTORY AND TUTORIALS  
(TABLES)  
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Appendix D 
 

EXPERIMENT INSTRUMENT: PERFORMANCE EVALUATION JUDGMENTS 
(WITHOUT SIGNAL / GRAPHS)  
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Appendix E 
 

EXPERIMENT INSTRUMENT: PERFORMANCE EVALUATION JUDGMENTS 
(WITHOUT SIGNAL / TABLES)  
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Appendix F 
 

EXPERIMENT INSTRUMENT: PERFORMANCE EVALUATION JUDGMENTS 
(WITH SIGNAL / GRAPHS) 

 161



 

162

 



 

163

 



 

164

 



 

165

 



 

166

 



 

167

 



 

168

 



 

169

 



 

170

 



 

171

 



 

172

 



 

173

 



 
 
 
 
 
 
 
 
 
 
 
 
 
 

Appendix G 
 

EXPERIMENT INSTRUMENT: PERFORMANCE EVALUATION JUDGMENTS 
(WITH SIGNAL / TABLES) 
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APPENDIX H 
 

POST-EXPERIMENT QUESTIONNAIRE 
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1. Please answer the following questions based on the decisions you made 

during the game: 

Are you confident that you accurately "identified the best sub-

unit" during the game? (1= No) 

1 2 3 4 5 6 7 

How would you categorize your effort level during the game of 

"identifying the best sub-unit"? (1= No) 

1 2 3 4 5 6 7 

How motivated were you to find "the best sub-unit" during the 

game? (1= No) 

1 2 3 4 5 6 7 

To what extent did you try to make judgments regarding 

"identifying the best sub-unit" quickly? (1= No) 

1 2 3 4 5 6 7 

To what extent did you hurry to complete the task of "identifying 

the best sub-unit"? (1= No) 

1 2 3 4 5 6 7 

While looking at the data when I was asked to "identify the best 

sub-unit", I tended to build a mental picture of the data as a 

whole. (1= No) 

1 2 3 4 5 6 7 

While looking at the data when I was asked to "identify the best 

sub-unit", I tended to perform numeric analyses or computations. 

(1= No) 

1 2 3 4 5 6 7 
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2. Please answer the following questions based on the decisions you made 

during the game: 

Are you confident that you accurately " reported the highest 

sales in January"? (1= No) 

1 2 3 4 5 6 7 

How would you categorize your effort level during the game of 

"reporting the highest sales in January"? (1= No) 

1 2 3 4 5 6 7 

How motivated were you to "report the highest sales in 

January" during the game? (1= No) 

1 2 3 4 5 6 7 

To what extent did you try to make judgments regarding 

"reporting the highest sales in January" quickly? (1= No) 

1 2 3 4 5 6 7 

To what extent did you hurry to complete the task of "reporting 

the highest sales in January"? (1= No) 

1 2 3 4 5 6 7 

While looking at the data when I was asked to "reporting the 

highest sales in January", I tended to build a mental picture of 

the data as a whole. (1= No) 

1 2 3 4 5 6 7 

While looking at the data when I was asked to "reporting the 

highest sales in January", I tended to perform numeric analyses 

or computations. (1= No) 

1 2 3 4 5 6 7 
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3. Please answer following general questions about the games you just 

completed. 

The games were very difficult. (1=strongly disagree) 1 2 3 4 5 6 7 

I found the system provided to me very useful to complete the 

tasks in the game. (1=strongly disagree) 

1 2 3 4 5 6 7 

I had to make too many judgments in this game. (1=strongly 

disagree) 

1 2 3 4 5 6 7 

I was comfortable with the relationship between two variables for 

identifying the best sub-unit. (1=strongly disagree) 

1 2 3 4 5 6 7 

The game was very realistic. (1=strongly disagree) 1 2 3 4 5 6 7 

I was comfortable with accounting concepts (sales and advertising 

expense). (1=strongly disagree) 

1 2 3 4 5 6 7 

 

4. Your gender:          Male         Female 

5. Your age:             . 

6. What is your academic classification? 

        Freshman       Sophomore      Junior        Senior     Graduate 

7. Your major? 

      Accounting       MIS       Finance       Marketing       Business 

8. What is your country of birth? 

      USA       Other (Specify) 
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9. How many hours of undergraduate statistics have you completed? (Do not 

include classes you are currently enrolled in, or are taking over.) 

         hours 

10. How many hours of undergraduate accounting have you completed? (Do 

not include classes you are currently enrolled in, or are taking over.)           

      hours 

11. How many hours of undergraduate MIS have you completed? (Do not 

include classes you are currently enrolled in, or are taking over.)                  

      hours 

12. What is your undergraduate GPA?      . 

13. How many years of business experience do you have?       years 

14. How many years of supervising experience do you have?       years 

15. Are you currently employed? 

      Yes       No 

16. Are you working 

      part-time       full-time 

17. What is your job title?                              . 

18. How long have you been in this position?      Month(s) 

19. Do you supervise anybody in your present position? 

      Yes       No 
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20. How frequently do you make a judgment?     

      I don't have supervising duty      every day      every week      every month 

       others(specify) 
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