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ABSTRACT 
	

Geographic information systems (GIS) are tools used to facilitate locational decision 

making in interactive, graphic-based environments.  GIS and interactive maps allow users to 

customize displays and manipulate data for accomplishing a variety of tasks, ranging from map 

interpretation to wayfinding and land use planning.  Although originally adopted for professional 

use, GIS software is increasingly utilized by both expert and non-expert users.  Despite the 

improved availability, training in cartographic design has not followed suit and studies claim that 

users often employ inefficient displays for task completion.  Research on naïve realism indicates 

that people exhibit a bias for realistic depictions containing irrelevant, extraneous details, leading 

to increased cognitive load and decreased task performance.   

This dissertation explores how display realism affects decision making task performance 

when using a GIS.  Prior studies examining naïve realism have primarily had users perform map 

reading and inference tasks with static displays.  Natural resource management was selected as a 

test case because it often involves the use of geospatial tools and data and people with varying 

levels of GIS expertise.   

This research had expert and novice users utilize a GIS to perform site selection tasks for 

a natural resource management decision making scenario.  The results indicate that increased 

display realism has a negative impact on task performance, especially with regards to task 

completion time.  Individuals in both the expert and novice groups were influenced by naïve 

realism.  It was observed that expert and novice users employed different strategies for task 

completion and the implications on task performance are discussed.  Ultimately, the study results 
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contribute to the theory of naïve realism and make recommendations that inform the use of task-

appropriate graphic displays in an interactive mapping environment.   
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CHAPTER 1: INTRODUCTION 

1.1 Introduction 

Geographic information systems (GIS) and interactive maps are important tools used to 

facilitate decision making.  They have become ubiquitous, especially via the Internet, and are 

increasingly being utilized by non-expert users without formal cartographic training.  GIS allow 

users to modify displays and manipulate data to accomplish a variety of tasks, from map 

interpretation to wayfinding.  The ability to customize displays allows users to visualize data 

with different representations for aesthetic and practical purposes.  For example, Google Maps 

provides users with the option of changing background base maps to show satellite or terrain 

imagery.  

The visual presentation of information is not trivial and has an impact on the process of 

decision making.  McKendry (2000) found that by varying graphic organization and breaking 

normally accepted rules for presenting relationships on maps the difficulty of completing a site 

selection task increased as the quality of the display decreased.  Participant confidence was 

correlated to display quality – test subjects had less confidence in their decisions when using 

maps that followed poor design principles. 

One discipline that makes extensive use of GIS to support decision making is natural 

resource management.  GIS are used to analyze and model natural phenomena, for example, 

determining the range of invasive Sahara mustard or developing habitat suitability models for the 

endangered Sonoran pronghorn.  Although GIS are generally not considered formal decision 

support systems because they lack the analytical models required for decision making, they 

facilitate solutions by allowing users to explore and analyze geographic data (Densham & 
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Goodchild, 1989; Murphy, 1995).  Displaying multiple layers of superimposed georeferenced 

data is an example of how GIS enables decision making by visual means. 

A user’s experience with cartographic information affects how that knowledge is 

accessed and used.  For example, Chang, Antes, and Lenzen (1985) found a difference in how 

experts and novices interpreted topographic maps.  Expert map readers are better able to 

recognize landform patterns and determine the high and low points on test maps because they 

search for patterns in contour lines to match with familiar landform patterns stored in their 

memory.  This allows experts to quickly associate the two-dimensional (2D) map to a three-

dimensional (3D) representation.  Other studies relevant to how users interact with GIS indicate 

that users with a higher level of GIS experience tend to access and display data in a more 

systematic manner than less experienced users (McGuiness, 1994; McGuiness, Van Wersch, & 

Stringer, 1993).  Experts make the most use of available information by examining fewer 

variables at the same time, while also reviewing more combinations of variables than novices.  

Relatively few subsequent studies have been conducted to investigate the impact of expertise on 

cartographic interaction and these studies often focused on improving usage of a single 

cartographic interface (Roth, 2013); however, the research indicates that experience level 

influences what strategies are employed to access and use cartographic information.   

Despite it being easier for novice users to create maps, they often do not choose the most 

effective visual displays for completing tasks, leading to increased cognitive load and decreased 

performance.  Studies found that most users prefer and have more confidence in using realistic 

displays than simpler and more abstract displays, despite the extra time and effort required for 

completing tasks (Hegarty, 2011; Smallman & Cook, 2011).  Example tasks examined in past 
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studies include interpreting meteorological information and plotting routes on 3D terrain models.  

It was found that realistic and more detailed displays hinder task completion – detailed displays 

often show variables that are irrelevant to the completion of assigned tasks.  The disconnect 

between the user’s preference for realism and the user’s lack of awareness about its negative 

effect on task performance is termed naïve realism in the human factors domain.  When 

presented with choices, users may not choose the optimal display that helps them complete a 

task. 

  Currently, it is unclear to what degree naïve realism affects task completion and 

decision performance with interactive maps, where users can manipulate what is displayed on a 

computer screen to evoke changes.  The majority of studies concerning naïve realism involved 

static, unchangeable displays and relatively simple tasks, including map reading and inference.  

Experiment 2 in Hegarty, Smallman, Stull, and Canham’s (2009) study had meteorologists use 

configurable displays but only questioned participants about their preferences and did not 

examine performance.  Other studies had users place routes on terrain maps (Smallman & Cook, 

2011; Smallman, Cook, Manes, & Cowen, 2007; Smallman & St. John, 2005) or perform 

focused tasks, where users had to find relationships in static maps containing extraneous 

variables (Hegarty, 2013; Hegarty, Smallman, & Stull, 2012; Hegarty et al., 2009).   

This dissertation synthesizes prior research in cognitive studies and human factors, 

forming a theoretical foundation that informs the use of graphic displays for decision making in 

an interactive mapping environment, when efficiency is paramount.  Geographic information 

science (GIScience) is defined as the “science behind the systems” and is concerned with the 

access, management and use of spatial information (Goodchild, 1992; Goodchild, 2004).  The 
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design of cartographic displays is one topic in GIScience of particular interest to cognitive 

scientists.  This dissertation integrates the results of prior GIScience studies with the theory of 

naïve realism and has the intent of identifying parameters that affect task efficiency when 

completing decision making tasks on a GIS.   

Site selection is a common decision making task used in economic, urban, and ecological 

studies.  In a GIS, multiple variables are shown simultaneously on interactive map displays and 

superimposing layers of georeferenced data is essential to a site selection task because it allows 

the analysis of variables based on location.  Comparing layers of cartographic data on a map is 

an integrative task because it requires a mental combination of two or more variables to perform 

an analysis (Wickens & Carswell, 1995).  In contrast, prior research on naïve realism involved 

focused tasks that required users to filter out extraneous variables, such as making inferences 

from weather maps (Hegarty, 2013; Hegarty et al., 2009; Hegarty et al., 2012).  By evaluating 

how users interpret the relationship between georeferenced variables and keeping task type and 

complexity constant, the user test in this dissertation clarifies how display realism affects 

performance on site selection tasks, duties that are often undertaken in natural resource 

management.  The results inform the use of customized GIS and dynamic map displays for users 

of varying experience levels in completing map-based decision making tasks pertaining to 

natural resource management. 

The remainder of this dissertation is organized as follows: Chapter 2 provides a 

discussion of the theoretical foundation for this research and presents a literature review on 

geographic information science and cognition, expertise, and decision making to justify the 

research methodology.  Chapter 3 describes the data collection methods employed, including 
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descriptions of participant groups and the tasks for user testing.  Chapter 4 organizes the results 

of the data collection phase for analysis.  Finally, Chapters 5 and 6 discuss the implications of 

the results, their potential applications and their contributions to a broader research agenda. 

1.2 Statement of Purpose  

The results of this study contribute to the development of naïve realism theory by 

elucidating the degree to which realistic displays affect decision making performance with 

interactive maps.  Prior studies in naïve realism had users perform simple tasks with static 

cartographic displays (Hegarty, 2013; Hegarty et al., 2009).  The relationship between naïve 

realism and performance in an interactive map environment has not been observed.  This 

dissertation follows the calls made by Battersby, Golledge, and Marsh (2006) and Albert and 

Golledge (1999) to investigate differences in spatial reasoning between novice and expert GIS 

users when performing spatial operations.  This research concurrently explores how naïve 

realism affects user performance on tasks for a naturalistic scenario that simulates a scenario that 

potentially may be encountered in the real world.  Natural resource management is selected as a 

test case and real-world field data collected from the Cabeza Prieta National Wildlife Refuge 

(CPNWR) were used to develop a GIS for user testing.  Comparisons of user performance on a 

set of rule-based site selection tasks helped to determine if any relationship between domain 

experience, display realism, and task efficiency exists. 

From a practical perspective, this line of research could ultimately improve the use of 

customized displays that support tasks relevant to natural resource management.  GIS and 

dynamic, online maps provide users with many choices to display data.  The dissertation results 

provide recommendations about which default settings facilitate decision making tasks.  Natural 

resource managers may benefit by learning how naïve realism influences decision making 
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situations, such as with spatial decision support systems in collaborative environments, where 

stakeholders with varying levels of expertise in different disciplines participate.  Finally, this 

research may have broader implications for other domains that require performing accurate, 

time-sensitive decision making tasks with a GIS, such as disaster and crisis management. 

1.3 Research Questions and Hypotheses 

Research Questions 

This study focuses on three research questions: 

1. To what degree does display realism influence decision making tasks performed on a 

GIS?  

2. What is the relationship between experience level and display realism on decision making 

tasks performed on a GIS? 

3. How can the theory of naïve realism facilitate decision making for natural resource 

managers? 

Hypotheses 

The following hypotheses are tested in this dissertation to address the research questions: 

H1: There is a decrease in accuracy for novice users when completing decision making tasks 

on a GIS with realistic displays. 

H2: There is no significant effect on accuracy in expert users when completing decision 

making tasks on a GIS with realistic displays.  
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H3: There is a correlation between display realism and the time to perform decision making 

tasks on a GIS – increased realism results in additional time needed to complete tasks. 

H4: Display realism has a greater effect on task completion time for novice users than 

experts.  

H5: Both expert and novice users perceive that realistic displays are more effective for task 

performance, in terms of speed. 

H6: Both expert and novice users perceive that realistic displays are more effective for task 

performance, in terms of accuracy. 

H7: Both expert and novice users have higher confidence in their decisions when using 

realistic displays. 

1.4 Limitations and Assumptions 

Decisions for natural resource management are rarely made by individuals and often 

involve collaboration and negotiation with different stakeholders (Greene, Luther, Devillers, & 

Eddy, 2010).  The decision making process is also complex and cannot be entirely replicated 

with controlled tasks.  However, this project is primarily concerned with the effects of using 

different displays, one aspect of decision making.  This dissertation is also focused on decision 

performance (as measured by decision accuracy and decision completion time) as one goal of 

decision makers.  Natural resource managers may create maps and other cartographic products 

for reasons other than task efficiency, such as aesthetics or emphasizing specific perspectives. 

It is also assumed the hypothetical tasks for the user tests sufficiently simulate real-world 

natural resource management situations.  Users have to perform tasks without the benefit of 

having the background knowledge or fieldwork experience in the Cabeza Prieta National 
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Wildlife Refuge that a professional natural resource manager would have.  However, the site 

selection tasks are simplified enough so that background knowledge is not required to accurately 

complete the tests.  Also, for many site selection scenarios that involve multiple criteria, much of 

the required geoprocessing is completed with GIS tools.  Often, a spatial decision support system 

is used to rank sites based on scores received from decision makers and GIS specialists perform 

much of the required analysis.  However, in this dissertation’s user study, a spreadsheet serves as 

a decision support system to rank sites based on assigned scores and performs any necessary 

mathematical calculations.  This simplification allows novice participants and experts with little 

GIS experience to evaluate site criteria and assign scores without having to learn how to use new 

GIS tools.  The process of decision making is the focus of this study.  The method of assigning 

scores and ranking sites simulates the process that participants in real world scenarios follow 

when evaluating alternatives. 

The user study includes a background scenario for selecting Sonoran pronghorn habitat.  

Each criterion is concerned with some aspect of the pronghorn’s habitat preferences.  Criteria 

such as politics and economics are excluded from this study.  Also, each study participant’s site 

rankings are compared to an answer sheet to determine accuracy.  Because this study uses a 

hypothetical scenario, the site rankings are established so that there is only one correct answer 

for each situation, as determined by a suitability model processed through GIS operations.  The 

scenario and tasks were verified with the pretest expert participants as being plausible for a real 

world analysis.  In actual group multi-criteria decision analysis scenarios, participant scores are 

weighed with a model to generate a ranking by consensus – a single correct ranking does not 

exist. 
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Some of the variables assessed in this dissertation, such as relevant experience in natural 

resource management and intuitions about performance, are self-reported by users.  It is assumed 

that users are able to accurately and truthfully report these values.  Demand characteristics are 

situations where participants may bias their responses to conform to desired expectations.  

Demand characteristics may impact the results of this research if participants suspect certain 

responses are expected, such as those that may be suggested by the wording of the required 

consent forms (Nichols & Maner, 2008).  Precautions have been undertaken to phrase the goals 

of the user study in neutral language and standardize the instructions to minimize the likelihood 

of bias.  Follow up research may consider studying possible effects of demand characteristics by 

employing deception to hide the true research objectives or other methods. 

This dissertation examines whether specific subpopulations differ in their task 

performance on a GIS.  University students from departments not typically affiliated with natural 

resource management represent the subpopulation of novice users.  Professional natural resource 

management staff and graduate students in disciplines affiliated with natural resource 

management represent the subpopulation of expert users, primarily out of convenience.  It is 

assumed these groups are proxies for novice and expert users involved in natural resource 

management decisions, in general.  As this dissertation’s research is limited to studying 

subpopulations of university students and staff, the results are only valid for the groups under 

study.  However, the results may provide indications of broader applicability and establish a 

foundation for future research.  This dissertation follows prior relevant studies that have selected 

students in unrelated disciplines as novice participants and graduate students in relevant domains 

as experts (Hegarty et al., 2012; Hegarty et al., 2009) and investigates the effects of display 

realism on decision making within and between these groups.  Individual differences in spatial 
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abilities for certain tasks may exist (Hegarty, Montello, Richardson, Ishikawa, & Lovelace, 

2006), however, the focus of this research is at the group level to inform the design of interfaces 

that would benefit these subpopulations.  Determining how individual differences in users affect 

decision making performance with a GIS is an open research question that should be addressed 

in follow-up studies.  
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CHAPTER 2: LITERATURE REVIEW 

2.1 Introduction 

 This chapter provides a review of literature on GIScience, expertise, and decision making 

to frame this research.  It begins with a discussion about how the proliferation of GIS and lack of 

cartographic training has led to poorly designed information products (Section 2.2).  GIScience 

research, with a focus on cognitive studies, is positioned as a means to alleviate this problem by 

informing the design of GIS to better address the needs of users.  Specifically, the theory of 

naïve realism is introduced, along with information gaps that currently exist.  Section 2.3 

discusses expertise and what defines experts.  Differences in task approaches between experts 

and novices are described with an emphasis on studies in GIS and associated topics, such as 

image analysis.  The final part (Section 2.4) reviews the role of GIS in decision making and 

applications of GIS in natural resource management are discussed.  Site selection tasks are 

described as examples of decision making performed with spatial decision support systems, of 

which GIS are often a component.   

2.2 Geographic Information Science and Cognition 

GIS are software designed to capture, store, manipulate, analyze, manage and visualize 

data that have spatial or geographical components.  They can facilitate analyses and decision 

making in various disciplines, including urban planning, wildlife management, and public safety, 

among others.   

Since the Canada Geographic Information System (widely recognized as the first GIS) 

was created in 1963, computing hardware and software have advanced to the point where digital 
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mapping has become ubiquitous (Coppock & Rhind, 1991).  Google Maps1 and OpenStreetMap2 

are just two examples of map providers that are heavily used on mobile devices, in addition to 

desktop computers.  Today, mapmakers can employ low cost, cloud-based GIS, such as Mapbox3 

and CartoDB4, for basic spatial analyses and setting up customized displays.   

One result of GIS and other digital maps becoming more available in terms of cost and 

access to software is that people without formal cartographic training are increasingly becoming 

map creators and consumers, leading to information products of varying quality. 

  

Most cartographers will tell you that a great many of the maps produced today – 

particularly those created using GIS software – are poor quality cartographic products 

(i.e. they don’t communicate well).  These cartographers will tell you this problem is 

getting worse because it has become increasingly easy for anybody with a computer to 

make a map. (Frye, 2001).   

 

A universal best cartographic display does not exist because maps are created for various 

purposes to support different tasks.  Maps may contain elements for aesthetics, in addition to 

being designed for practical purposes, for example.  According to Monmonier (1992, p. 2), “… a 

single map is but one of an indefinitely large number of maps that might be produced for the 

same situation or from the same data”.  This dissertation is concerned with displays that facilitate 

the tasks they were intended for (e.g. when task efficiency and communication are paramount).  

																																																													
1	Google Maps:  https://maps.google.com/	
2	OpenStreetMap:  http://www.openstreetmap.org/	
3 Mapbox:  https://www.mapbox.com/	
4 CartoDB:  https://cartodb.com/	
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Poorly designed cartographic products result in increased cognitive load and reduced task 

performance by users.  Paraphrasing Tufte (1983), the information requirements of tasks should 

inform the design of displays and irrelevant details should be removed.  This message is echoed 

in cartography, where simplification is viewed as an obligation of the communication process 

(Bertin, 1983, p.166).  Maps and other cartographic information products are designed with 

specific purposes in mind and must abstract the real world to be useful.  Maps with extraneous 

information that is irrelevant for a task, such as a visual search, contain clutter that can impact 

performance (Moacdieh & Sarter, 2015; Rosenholtz, Li, Mansfield, & Jin, 2005; Rosenholtz, Li, 

& Nakano, 2007). 

Geographic Information Science (GIScience), particularly research focusing on the 

cognitive aspects of cartographic displays, can inform the design of GIS and other information 

products (Goodchild, 1992; Goodchild, 2004; Hirtle, 2011; Nyerges, 1995).  Roberts, Newton, 

Lagattolla, Hughes, and Hasler (2013) demonstrate how redesigning the Paris Metro map 

improved usability and reduced the time required to plan subway trips.  MacEachren (1995) and 

Montello (2002) provide comprehensive reviews on cognitive map design research, the 

interpretation of maps and other geovisualizations.  Montello describes the rise and fall of 

popularity in conducting cognitive map research and notes the current renewed interest is likely 

due to the proliferation of computer-based geo-information and GIS.  Roth (2013) summarized 

research on cartographic interactions with digital maps.  Cognitive map research often makes use 

of techniques borrowed from psychophysical research, such as eye-movement tracking or task 

performance analysis.  However, empirical research in map design has not been without its 

detractors – criticism has been raised about the emphasis on low-level map tasks, including 

feature detection and size perception of graduated map symbols, rather than higher-level tasks, 
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for example, understanding the thought processes behind map interpretation (Petchenik, 1975; 

Olson, 1984; Gilmartin, 1981).  Other researchers counter that studying low-level tasks is 

necessary for understanding map reading tasks and are therefore valid for informing future 

research on reasoning and inference-making (Montello, 2002). 

Smallman and St. John (2005) coined the term “naïve realism” in human factors research 

to explain users’ misplaced confidence in realistic displays.  There is a general intuition that 

displays should show high fidelity when the advantages are actually derived from abstracting and 

simplifying reality (Hegarty, 2011).  This theory differs from naïve realism as described 

previously in the discipline of philosophy, which concerns the direct perception of objects (e.g. 

Hjorland, 2004) and the related concept in social psychology, which involves the rationality of 

one’s perception of the world (Michell, 2003).  Naïve realism theory, as described in the human 

factors discipline, stems from metacognitive errors (folk fallacies) about visual perception and 

explains the pattern of empirical studies that show user intuitions towards realism often impede 

task performance – there is a mistaken belief that perception is easy to internalize, accurate and 

complete, when in fact, perception is difficult, flawed and sparse, leading to decreased 

performance with realistic displays.  Naïve realism from the human factors perspective 

originated from studies with military displays.  Smallman, St. John, Oonk, and Cowen (2001a) 

found users prefer to work with 3D views of aircraft and ship icons rather than 2D displays of 

abstracted symbols.  This preference contrasts with results that show users performed visual 

searches better with the abstract 2D displays – one explanation being ships and aircraft look 

similar in the 3D view and therefore are more likely to be misidentified, while the 2D symbols 

are explicitly designed to be discriminable.  Subsequent research demonstrates success with 

caricaturing realistic icons to enhance visual search performance (Smallman, St. John, Oonk & 
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Cowen, 2001b).  Further studies investigate task performance with placing routes on 3D terrain 

models (Smallman & Cook, 2011; Smallman et al., 2007; Smallman & St. John, 2005) and 

interpreting weather maps (Fabrikant, Hespanha, & Hegarty, 2010; Hegarty, 2011; Hegarty, 

2013; Hegarty, et al., 2012; Hegarty et al., 2009) to bolster the development of naïve realism 

theory and promote better cartographic design.  

The disconnect between users’ intuitions and choosing appropriate displays to facilitate 

tasks is akin to prior studies where participants preferred 3D graphs over 2D graphs, despite the 

third dimension not conveying any relevant information (Carswell, Frankenberger, & Bernhard, 

1991).  In a review paper comparing animated and static displays, it was found animations 

provide no advantage over static graphics for understanding changes over time because they 

often are too fast or complex (Tversky, Morrison & Betrancourt, 2002).  However, as noted 

previously, different types of displays best support different tasks.  A display that is effective for 

one purpose may be ineffective for another.  For example, while extraneous information is 

considered “clutter” for interpretation tasks, studies have shown that visualization 

embellishments help with memorization tasks (Borgo et al., 2012).  Also, research indicates that 

3D displays are more effective than 2D displays for approximate navigation and relative 

positioning tasks but not tasks requiring precise navigation and positioning (Tory, Kirkpatrick, 

Atkins, & Moller, 2006).  3D displays may provide additional benefits over 2D displays when 

analyzing sequences of events involving movement data (Amini et al., 2015). 

The primary issue with naïve realism is not that realistic displays impede performance 

but rather it is the fact users are unaware of costs associated with using realistic displays.  The 

research emphasis has been on focused tasks (e.g. when evaluating one variable requires others 

to be filtered out), such as map interpretation and making inferences (Hegarty, 2011).  It is 
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unknown how display realism affects performance on decision making tasks when using 

interactive displays.  Additional empirical research can increase understanding of naïve realism.  

The results from several studies indicate that users exhibit an unconscious bias towards realistic 

displays and their intuitions do not lead them to select the best map from a task efficiency 

perspective (e.g. Hegarty et al., 2012; Hegarty et al., 2009).  However, these studies measured 

participant responses through surveys, asked questions before and after users completed tasks, 

and had users select the best option from a set of displays.  The authors frequently state that 

naïve realism applies to interactive displays; however, this claim has not been tested in an 

environment where users could customize displays.  Interactivity provides users with the ability 

to make instantaneous changes to displays and this affects how users think about using data 

(Windsor, 2016; Wood, 1994).  This dissertation verifies if naïve realism exists in settings where 

users can manipulate display variables during a task.  Users are observed while performing 

decision making tasks on a GIS to determine if experts and novices behave differently when 

display realism is a factor.  

2.3 Expertise 

According to Hoffman (1998), expertise is defined in terms of its development, experts’ 

knowledge structures, and experts’ reasoning processes. The accumulation of experience and 

practice is key to increasing a person’s understanding of a domain – knowledge of concepts 

becomes interrelated in meaningful ways and judgments eventually become intuitive and 

effortless.  As a person’s expertise grows, their analytical process also evolves, becoming more 

consistent, accurate, and complete (Sternberg, 1998).  Experts develop strong cognitive and 

problem solving skillsets as a result of the demands of their tasks (Ericsson, 2006; Kobus, 

Proctor, & Holste, 2001).  They are able to integrate separate decisions into a cohesive strategy 
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and become increasingly self-dependent.  Hoffman (1998) classified expertise into a spectrum 

containing seven categories based on level of understanding: naivette, novice, initiate, 

apprentice, journeyman, expert, and master.   

Voss and Post (1988) indicate that experts can break down complex, ill-structured 

problems into subtasks and smaller, more manageable problems.  Experts also show higher 

accuracy in problem solving when uncertainty is involved (Johnson, 1988).  This results from 

employing different strategies than novices when reasoning.  In the physics domain, Larkin 

(1983) discovered that expert physicists form conceptual understanding of problems, while 

novices form superficial understandings.  Analogous studies have been conducted with how 

cartographic information is used and accessed.  In research involving ordnance survey maps, 

Williamson and McGuinness (1990) found less experienced users concentrate on surface details 

(e.g. colors and place names), while experienced geographers focus on contextual information, 

such as spatial frame of reference and the relationship of features.  Differences in novice and 

expert approaches also exist with map interpretation, memorization, and route planning (Baker, 

Johnson, Callahan, & Petcovic, 2015; Gilhooly, Wood, Kinnear & Green, 1988; Ooms, De 

Maeyer, & Fack, 2015).   

  Expertise studies in the image analysis domain are informative to understanding the 

process of image interpretation, in general.  Expert medical image analysts are faster and more 

accurate than non-experts in anomaly detection (Wood, Batt, Appelboam, Harris, & Wilson, 

2014) and selective attention (Krupinski, 2011).  Empirical studies involving expert image 

analysts have focused on expertise as an influencing factor on perceptual processing for land-use 

categorization (Lloyd, Hodgson & Stokes, 2002), change detection (Lansdale, Underwood, & 

Davies, 2010), and plant pathology (Nilsson, 1995).  Lloyd et al. (2002) discuss expertise effects 
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on land-use categorization with aerial imagery.  They report expert geographers are more 

confident and faster than novices and experts are more accurate in identifying low-order land-use 

categories, such as “residential areas”.   

Recent work examines the effect of expertise on visual search characteristics and 

categorization habits.  In the domain of cognitive science, professionals and graduate students in 

relevant disciplines often are selected as expert groups and undergraduate students as novices 

(e.g. Fabrikant et al., 2010; Hegarty et al., 2012).  Eye movement tracking was used to evaluate 

the differences between experts and novices in performing aerial image change detection tasks 

(Lansdale et al., 2010).  The authors found that the visual saliency of objects was more important 

to novice searches than to expert searches.  These results are supported by the conclusions drawn 

by Hegarty et al. (2012) and their work with weather maps in experiment 3.  The studies suggest 

that prior knowledge acquired by experts is a more important factor than salience in 

interpretation tasks.  Battersby, Hodgson, and Wang (2012) found that both experts in hazard 

management and experts in image interpretation are more accurate than novices at making 

damage assessments from remotely sensed imagery.  Regarding studies on naïve realism 

comparing expert meteorologists with novice undergraduate students, Hegarty et al. (2009) 

found that detailed displays impacted both groups; the former group took longer to complete map 

inference tasks, while the latter group also required more time and had reduced accuracy in 

completing the same tasks.  Naïve realism may have a stronger effect on novices and experts 

during more complex tasks involving images, such as decision making, because additional 

cognitive processing leads to larger errors (Hegarty et al., 2012).   

Klein (1997) proposes six aspects of expertise relevant to decision making, including: 1) 

recognizing patterns, 2) making fine perceptual discriminations, 3) recognizing typicality and 
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detecting anomalies, 4) mentally simulating future and past states, 5) improvising, and 6) 

adapting to events.  Decision making during a map interpretation task is akin to the thought 

process employed when considering potential moves in chess because familiar patterns are stored 

in an expert map reader’s memory (Chang et al., 1985).  Chase and Simon (1973) found that 

chess grandmasters are able to recall approximately 50,000 game patterns to apply to a game 

situation, much greater and faster than the patterns memorized by novices.  This is consistent 

with Hoffman, Shadbolt, Burton, and Klein’s (1995) observation that experts are adept at 

familiar and routine tasks.  This affects the reasoning strategy used by expert and novice chess 

players – novice players use superficial backward thinking, while experts leverage their pattern 

collection to plan ahead.  Chang et al. (1985) relate this pattern recognition strategy to how 

expert map readers are better able to recognize landform patterns and determine high and low 

points on topographic maps.  The authors found that experts search for patterns in contour lines 

to match with familiar landform patterns stored in their memory, allowing experts to quickly 

convert the 2D map to a 3D representation.  These results are supported by Ooms, De Maeyer, 

and Fack’s eye-tracking study (2014) that found expert users are more efficient at recognizing 

features and interpreting maps than novice users. 

Other expertise studies relevant to how users interact with GIS indicate that users with a 

higher level of GIS experience tend to access and display data in a more systematic manner than 

less experienced users (McGuiness et al., 1993; McGuiness, 1994).  Experts make the most use 

of available information by examining fewer variables at the same time, while also reviewing 

more combinations of variables than novices.  Relatively little research has been conducted on 

the impact of expertise on cartographic interaction and these studies often focus on improving 

usage of a single cartographic interface (Roth, 2013); however, the research posits that past 
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experience affects what strategies are employed to access and use cartographic information, as 

supported by other studies (e.g. Ooms, De Maeyer, and Fack, 2014). 

2.4 Decision Making  

Decision making is defined as a process where a group or organization identifies a choice 

or judgment to be made, gathers and evaluates information about alternatives, and selects from 

among the alternatives (Carroll & Johnson, 1990).  Natural resource managers make decisions, 

such as designating protected areas for wildlife and deciding on appropriate strategies for 

controlling invasive species (e.g. Sells, Mitchell, Gude, & Anderson, 2016; Southwell, Tingley, 

Bode, Nicholson, & Phillips, 2016).  These decisions are often location dependent.  A GIS 

enables decision making by generating intermediate data products that affect how alternative 

choices are identified and presented.  In agreement with the stages of decision making introduced 

by Carroll and Johnson (1990), users can create hypothetical scenarios with a GIS to produce 

alternatives that can provide insights into other data that are needed.   

The relationship between display realism in a GIS and decision making is core to this 

project.  Making a final judgment or choice is influenced by how data are displayed and 

interpreted, which results in a specific action.  Different presentations of the same data may lead 

to different cognitive results.  For example, visual embellishments can increase the difficulty of 

using a map.  McKendry (2000) provides evidence that manipulating cartographic design 

elements in paper maps increases the challenge of making decisions even when each map 

represents the same data.  

Decision support systems (DSS) are typically employed to develop solutions to semi-

structured and unstructured problems based on specified criteria.  They are designed to support 

decision making within a delimited scope and many of the implemented models originate from 
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management science, operations research, and finance disciplines (Cats-Baril & Huber, 1987).  

DSS contain an information system component that provide access to internal and external 

databases, a model system to access decision making models, an analysis system that answers 

questions with data and models, and a user interface to provide access to the other systems.  GIS 

are not formally considered as DSS due to a lack of interactive analytical models (Densham & 

Goodchild, 1989; Murphy, 1995).  GIS are, however, a component of spatial decision support 

systems (SDSS) and enable users to visualize data through maps and other displays.  SDSS have 

been used to support land use decisions, including controlling invasive species (e.g. Pontikakos, 

Kontodimas, & Tsiligiridis, 2015) and developing strategies for wildland fire management (e.g. 

Guarnieri & Wybo, 1995). 

Carroll and Johnson (1990) describe several methods used in decision research, including 

self-reports, case studies, weighted-additive models, process methods, and controlled tasks.  Self-

reports have participants detail how an alternative is selected.  Case studies are closely examined 

as unique and distinct events.  Weighted-additive models evaluate the preferences of decision 

makers.  Process methods typically have decision makers verbalize their thoughts as a decision is 

made.  With controlled tasks, hypothetical situations are created to regulate variables and 

minimize the effects of confounding factors.  Controlled tasks for site selection are used in this 

research project to compare the effects of using different displays.  Although the situations are 

artificial, controlled tasks provide for strong tests of hypotheses and theory development.  This 

method allows the use of situations or alternatives that do not currently exist and create decision 

situations rather than waiting for an appropriate one to occur naturally.  Study participants also 

self-report their preference about their performance in a questionnaire provided after the site 

selection task. 
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To solve locational problems, decision makers must perform three primary tasks: identify 

a problem, develop alternative plans for solving it, and select the most suitable plan.  

(Armstrong, Densham, Lolonis & Rushton, 1992).  Site selection is an activity that requires 

evaluating multiple criteria at alternative sites to determine which are the best options.  This 

approach has been used for locating new businesses, selecting new distribution centers and 

prioritizing sites to establish biological reserves for endangered species (Ando, Camm, Polasky, 

& Solow, 1998).  Sites are ranked based on rules or models to determine the best alternatives.  In 

natural resource management, many stakeholders often take part in the decision making process 

and not all participants are professional managers; some decision makers may have vested 

interests in the locations under consideration, such as farmers and tourism operators.  SDSS are 

often used in these situations because they provide capabilities to input and output geospatial 

data, provide analytical capabilities unique to geospatial data, and allow complex geospatial 

representations to facilitate decision making (Densham, 1991).  SDSS often incorporate multi-

criteria decision making methods for site selection and land use issues to consider the impacts of 

alternatives along different dimensions (Jankowski, 1995; Rikalovic, Cosic, & Lazarevic, 2014).  

Sites that earn the highest score or cross a specified threshold level are considered the best 

alternatives. 

In a review paper of site selection studies conducted in the business domain, Erskine, 

Gregg, Karimi, and Scott (2013) found that authors often cite cognitive fit theory, complexity 

theory, task fit theory (also known as task-technology fit theory), and image theory.  Vessey’s 

cognitive fit theory (1991) suggests that decision performance improves when the problem 

representation matches the problem solving task.  Dennis and Carte (1998) showed that when 

map presentations are paired with appropriate tasks, task performance is influenced.  Complexity 
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theory suggests that as task complexity increases, the need for information presentation to match 

problem solving tasks also increases.  Increased task difficulty leads to decreased performance 

(Smelcer & Carmel, 1997).  Jarupathirun and Zahedi (2001) claim that tasks can be classified 

based on the number of alternatives under evaluation, desired outcomes, variables, and 

uncertainty.  Task fit theory suggests decision makers become more efficient when the task and 

technology fit, enabling the user to form appropriate mental representations of the problem 

(Mennecke, Crossland, & Killingsworth, 2000).  Image theory stems from Bertin’s (1983) 

research on graphics, which states that some representations of data are more efficient.  User 

characteristics can also influence decision making, including experience level and spatial 

reasoning ability (Erskine et al., 2013).  The methodology in Chapter 3 addresses how this 

dissertation’s user tests fit under these theoretical frameworks.   

Georeferenced data allows users to ascertain spatial relationships between GIS data 

layers.  Overlay procedures are related in concept to comparing superimposed layers but actually 

combine variables to form new data.  Examples of overlay operators are shown in Figure 1.  

Overlays are fundamental GIS tasks and central to site selection applications for land-use 

suitability, including multi-criteria decision analyses, visualization methods, and Web-GIS 

(Malczewski, 2004).  Prior research on simulated overlay tasks in paper and pencil spatial ability 

tests indicate there is no significant difference between high school and undergraduate students 

for understanding the AND, OR, and NOT operators (Battersby et al., 2006); students achieved 

an accuracy level of over 95 percent.  Also, Albert and Golledge (1999) found there was no 

significant effect from sex or GIS experience when testing performance on simulated overlay 

tasks with spatial ability tests.   
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Figure 1: Examples of overlay operators, OR, AND, and NOT 

	

	

 Several site selection studies have examined decision performance by measuring 

accuracy and time when users make decisions with geospatial information (e.g. Smelcer & 

Carmel, 1997; Dennis & Carte, 1998; Ozimec, Natter, & Reutterer, 2010).  The most commonly 

used metrics of efficiency are time and accuracy (Erskine et al., 2013).  Dennis and Carte (1998) 

evaluated time and accuracy to compare how users perform with maps versus tabular geographic 

information, for example.  Other studies have included perceptions of the decisions made or 

about the process itself, such as decision quality and decision confidence (Jarupathirun & 

Zahedi, 2007; Ozimec et al., 2010).  Many of the studies in naïve realism used these same 

assessments to gauge user performance. 

The theory of naïve realism is not well understood in the context of decision making.  

This dissertation applies the theory to a site selection context where expert and novice users 

perform tasks for a hypothetical natural resource management scenario.  User performance is 

measured by decision completion time and accuracy and participant intuitions towards display 

effectiveness are self-reported.  This research clarifies the influence that display realism has on 

decision making in an interactive map environment.  
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CHAPTER 3: METHODOLOGY 

3.1 Introduction  

 This dissertation investigated the effects of display realism on decision making with 

interactive maps.  Prior research on naïve realism involved focused tasks that required users to 

filter out extraneous variables.  Following the calls made by Hegarty (2013) for additional 

empirical studies with interactive displays, this dissertation applied research in naïve realism to 

site selection tasks on a GIS.  Site selection is an example of decision making and the tasks in 

this research required users to rank alternative sites for a natural resource management scenario.  

Site selection involves a series of integrative tasks, such as comparing georeferenced data layers 

to perform an analysis (Wickens & Carswell, 1995).  Task performance on display treatments 

containing different levels of realism was compared to determine if there was any effect on 

accuracy or completion time. 

Data collection comprised a user test, questionnaire, and direct observation to assess user 

performance, decision confidence, user intuitions about performance, and demographic 

information.  Expert and novice users participated in the site selection task for a hypothetical 

natural resource management scenario.  Participants used a SDSS to rank alternate sites by 

following established guidelines and analyzing GIS displays.  From the perspectives of both 

cognitive fit theory and task fit theory, using a GIS was appropriate for this research because 

decision makers who correctly use maps make faster and more accurate decisions (Vessey, 1991; 

Jarupathirun & Zahedi, 2007).  Bertin’s (1983) image theory applies to this research and states 

that maps enable decision makers to visualize multiple pieces of information simultaneously, 

thereby enabling a comprehensive understanding of relationships between data.    
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This dissertation addresses the need to research the effects of visualizations on natural 

resource management decisions (Sheppard, 2001).  Participant expertise was determined by the 

user’s educational background and professional experience in natural resource management, 

including GIS use.  Users performed their tasks with displays showing two different levels of 

realism.  The displays and tasks were validated with a pretest and task complexity was held 

constant for both display treatments.  During the user tests, direct observation provided context 

for interpreting the results.  The dependent variables in this research were decision accuracy, 

decision completion time, decision confidence, and user intuitions about time and accuracy.  

Accuracy and completion time were determined from the user test and users self-reported their 

confidence and intuitions about display effectiveness.  The results provided indications of any 

presence of naïve realism and any effects on task performance were evaluated.   

 Permission was obtained from the University of Arizona’s Institutional Review Board 

prior to conducting the pretest or any data collection activities involving human subjects. 

3.1.1 Background Information 

For the user study in this dissertation, a natural resource management scenario 

concerning the Sonoran pronghorn was used as a motivation for conducting the site selection 

tasks.  The background details of the scenario and site selection tasks are described in this 

section. 

 The Sonoran pronghorn (Antilocapra americana sonoriensis) is a charismatic species of 

primary concern at Cabeza Prieta National Wildlife Refuge and neighboring regional 

administrative units.  This subspecies of pronghorn antelope is endangered with only four 

populations remaining, two in southwest Arizona and two separate populations in Mexico 

(O’Brien, Rosenstock, Hervert, Bright, & Boe, 2005).  After a severe drought in 2002, the 
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population of Sonoran pronghorn in Arizona declined to an estimated 21 individuals (U.S. 

Department of Defense [DOD] & U.S. Fish and Wildlife Service [USFWS], 2004).  Several 

regional agencies met and formulated a recovery plan for the Sonoran pronghorn that included a 

captive breeding program (USFWS, 2015).  Pronghorn were relocated to breeding pens in the 

Cabeza Prieta National Wildlife Refuge and Kofa National Wildlife Refuge, with the selection 

process for the latter being documented in the recovery plan report.  A suitability analysis was 

performed and the criteria used for selecting relocation sites were reported.  Landscape models 

were used to locate potential relocation sites and a SDSS was employed to help specialists decide 

where to build the breeding pens (O’Brien et al., 2005). 

  In the user study, each participant assumed the role of a natural resource manager for a 

hypothetical site selection task.  The scenario objective was to determine which of the proposed 

site alternatives was most suitable for relocating Sonoran pronghorn in the Cabeza Prieta 

National Wildlife Refuge.  CPNWR was selected as the location of the scenario because GIS 

datasets were made available, including those from a previous vegetation mapping project of the 

area (Malusa, 2003).  It was determined that a plausible scenario could be generated as context 

for site selection tasks from the datasets and would provide external validity to this research.  As 

reported by O’Brien et al. (2005), their analytical models identified potential relocation sites 

within the boundaries of CPNWR.  The study area also contained mountainous terrain that could 

be visualized in 3D with a digital elevation model and provided a more interesting test case than 

a flatter landscape. 

A spatial model was created with ArcGIS software to incorporate slope, precipitation, 

vegetation, and proximity to roads data to represent CPNWR as raster cells that were ranked by 

suitability for Sonoran pronghorn.  Cells were scored from 1 to 5, with 1 being most suitable 
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based on decision guidelines developed with information from O’Brien et al. (2005) and Cohn 

(2007).  Contiguous areas containing the same cell value were transformed into vector polygons 

and represented site alternatives.  Five polygons were chosen from the model output (each with a 

different ranking from 1 to 5).  The ranking values were removed and presented to participants as 

potential site locations for relocating Sonoran pronghorn.  This allowed participants to calculate 

rankings for each site by manually assigning their own values to each criterion.  The exercise 

simulated for participants the process that would occur when a natural resource manager has 

limited GIS knowledge, for example, in a group decision making scenario where scores are 

collected from participants and used to calculate rankings of site alternatives.  Accuracy was 

measured by comparing each participant’s results to the GIS model results, which were treated as 

correct answers in the user study.  

Five arbitrary site alternatives selected from the GIS model output were presented for 

each display treatment and participants assigned scores to each site.  Each score pertained to the 

criteria relevant to habitat preferences of the Sonoran pronghorn (proximity to roads, slope, 

precipitation, and vegetation).  Participants had to rank the sites by using a spreadsheet combined 

with a GIS display that served as a simplified SDSS to facilitate decision making.  The decision 

guidelines used to create the GIS model were also described in the spreadsheet for users to 

manually input scores.  Participants ranked sites by total score, with the highest score considered 

as the best alternative site.  The spreadsheet used a simplified weight-additive function approach 

that assumed equal weight for each criteria and each alternative received a score based on 

application of the decision guidelines (Jankowski, 1995). 

Although the best alternatives for each display treatment were determined beforehand, 

the controlled tasks evaluated how users performed on displays with different levels of realism.  



 39 

There were some drawbacks to using controlled tasks, including the decision situation becoming 

artificial because of the restrictions of the research design, making it difficult to reveal other 

variables or phenomena outside of the controlled setting (Carroll & Johnson, 1990).  However, 

the standardized nature of these tasks allowed the effects of the display treatments to be 

determined while minimizing the effects of external variables.  All necessary data and layers to 

make decisions were provided and real world data was used for these exercises.   

3.2 Research Design 

 The user study followed a quasi-experimental, within-subjects, 2 x 2 factorial design 

(Figure 2).  The participants were university students who responded to an email invitation.  Two 

groups possessing different levels of natural resource management expertise participated.  The 

novice users were students recruited from information science and computer science 

departments, while the expert users were graduate students or professionals in disciplines 

relevant to natural resource management.  Volunteers were screened for colorblindness and 

mapping experience prior to being selected to participate.  Monetary compensation was provided 

to participants for their time and effort.  Because these groups were samples of convenience and 

not randomly selected, this user study was quasi-experimental.   

Participants took a user test consisting of two display treatments, each containing a 

different level of realism.  Participant performance on each display treatment was compared.  

The research design was counterbalanced, so that half of the participants received the 2D display 

first, while the other half received the 3D display first.  ArcGIS software was used to visualize 

the criteria relevant to the site selection task with ArcMap used for the 2D display and ArcScene 

for the 3D display.  A spreadsheet was provided to assist participants with following the decision 

guidelines and assigning scores to sites.  Participants needed to assess relationships between 
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superimposed variables.  These assessments were similar to performing manual versions of 

spatial overlays.  Research by Albert and Golledge (1999) and related work by Battersby et al. 

(2006) indicate that spatial ability has no effect on simulated spatial overlay tasks.  Spatial ability 

is also not an important factor for site selection tasks (Erskine et al., 2013; Ozimec et al., 2010).  

Furthermore, users possessing different levels of spatial ability are susceptible to naïve realism 

(Smallman & Cook, 2011).  Therefore, a spatial ability test for users was deemed unnecessary 

for this research. 

 

 Display Type 

3D 2D 

Level of Expertise 
Expert 

Experts using a 3D 
display 

Experts using a 2D 
display 

Novices 
Novices using a 3D 
display 

Novices using a 2D 
display 

 

Figure 2: 2 x 2 Factorial design 

 

3.2.1 Independent Variables 

The independent variables are summarized in Table 1.  Participants were separated into 

expert and novice groups based on expertise.  Expertise follows a continuum without a clear 

threshold level separating novices from experts (Roth, 2013).  This dissertation follows the 

approach by Fabrikant, et al. (2010) and Hegarty et al. (2012) to define experts as participants 

having at least several years of experience in an appropriate domain.  In this user study, students  
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Table 1: Independent Variables 

Independent Variable Factors Description Characteristics 

Participant Expertise 
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decision guidelines and scenario 
for all situations 

Undergraduate or 
graduate student in 
information or 
computer science; one 
course or less in natural 
resource management 
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graduate student in 
natural resource 
management 

 

Male or female 
participant; self 
reported 

 
Terrain base map 

 

 

Digital elevation model 
and high resolution 
aerial imagery 

 

5 alternatives, 4 criteria 
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who have completed at most one course related to natural resource management (including GIS 

courses) were classified as novice decision makers.  Graduate students and professionals in 

natural resource management and related disciplines were considered expert decision makers.  

The experts were screened to ensure they had experience using GIS software.  Years of related 

educational, professional, or other experience were self-reported by users on a questionnaire.   

Sex is analyzed as an independent variable to determine if there is effect on task 

performance.  Prior research indicates that males perform certain spatial tasks better than females 

(Linn & Petersen, 1985), which may impact this user study’s results.  However, those 

conclusions are controversial and it may be the prior results are not supported when considering 

factors, such as age (Goldstein, Haldane, & Mitchell, 1990) or training with tasks (Cherney, 

Bersted, & Smetter, 2014).  This dissertation acknowledges that sexual identity is not always 

clearly defined and may follow a spectrum rather than a binary choice (Siann, 2013).  However, 

it is worthwhile to investigate sex differences for possible differences in results, which may be 

beneficial for informing the development of customized interfaces.  Users self-reported their sex 

in the questionnaires given after the user tests concluded. 

According to a classification of 2D and 3D visualizations by Chen (2007), 2D graphics 

facilitate orientation, navigation, and distance estimation.  More realistic visualizations afford 

greater interaction, provide users with the feeling of being immersed in the simulated 

environment, and are information rich.  3D visualizations, such as digital elevation models 

(DEM), are used for urban and land use planning (Bathrellos, Gaki-Papanastassiou, Skilodimou, 

Papanastassiou, & Chousianitis, 2012; Sever, Suzen, Doyuran, 2006) and habitat studies (Li, 

Zhai, Jiao, & Wang, 2015).  
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In this research, display realism is represented at two levels, 2D and 3D.  Both display 

types contained layers generated from the same dataset, including a boundary of CPNWR, slope 

data, vegetation data, roads data, precipitation data, and locations of the site alternates.  The 2D 

display had a base map that depicts terrain information with a simple base map (Figure 3).  The 

3D display contained a 1 arc-second DEM (approximately a 30 meter resolution), downloaded 

from the National Elevation Dataset (NED), a component of The National Map managed by the 

United States Geological Survey5 (Figure 4)6.  DEMs visualize terrain surfaces in 3D, similar to 

a relief map.  Draped over the DEM was high resolution aerial imagery obtained from the United 

States Department of Agriculture’s Natural Resources Conservation Service7 to further enhance 

the realism of this display.  The other GIS layers were draped over the DEM to produce a 3D 

display.  Visualizing the DEM required use of the 3D Analyst extension for ArcGIS.  Users 

could rotate the DEM along the third dimension, in addition to panning and zooming, similar to 

the 2D map.  Elevation data were not required to evaluate the site selection criteria in this user 

study. 

As described by Smallman and Cook (2011), increasing display realism from 2D to 3D 

shifts the burden of information extraction towards the viewer as depth cues are added and 

information is subtracted or masked.  For example, topographic contours extract and present 

absolute elevation information, while users must discern elevation from 3D displays with their 

eyes and mentally calculate relative position when performing a visual analysis.  Parameters for 

displaying the layers, such as continuous and discrete classifications, were evaluated during a 

																																																													
5 The National Map:	http://viewer.nationalmap.gov/basic/ 
6 Figures 3 and 4 depict the same geographic area.  A red X has been added to the images to identify the same 
geographic location in both figures.  The X does not appear in the actual datasets. 
7	https://gdg.sc.egov.usda.gov/ 
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pretest to verify they were similar to those used for natural resource management work.  The 

pretest is described further in Section 3.3.2. 

	

Figure 3: 2D display treatment of the study area (in central polygon) and surrounding lands 

 

	

Figure 4: 3D display treatment of the study area 
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Task complexity was held constant across the display treatments.  Complexity is defined 

as the number of alternatives under evaluation and the number of criteria used for evaluating 

each location, similar to the approach taken by Mennecke et al. (2000) in the business domain.  

For both display treatments, users had to assign scores to five sites and evaluate four criteria per 

site.  The parameters followed Mennecke and colleagues results as a guideline.  For a site 

selection task involving five sites and three criteria, students required a mean time of 7.9 minutes 

and professionals needed a mean time of 14.0 minutes (standard deviation of 5.5 minutes) when 

using a SDSS.  Adding an additional criterion was estimated to bring the mean time for experts 

to approximately 19 minutes.  With two display treatments, it was estimated that expert users 

required a mean time of 38 minutes.  Additional time was needed for the introductory period and 

questionnaire.  Participants were also given a Sudoku puzzle to work on as a distraction task to 

suppress any learning effect in between the first and second display treatments.  This user study 

aimed for user testing to last approximately an hour to prevent user fatigue and discouragement 

of potential volunteers by a long time commitment.        

The same scenario and decision guidelines were used for both display treatments and also 

kept task complexity constant.  Guidance for assigning scores was provided on the spreadsheet 

and the criteria were based on habitat characteristics associated with the Sonoran pronghorn.  

The five sites for each display type were selected beforehand based on the computationally 

processed GIS model and indicated on the map.  Each display type had a different set of site 

alternatives, yet were equivalent in terms of difficulty level.  Task complexity was evaluated 

during the pretest and modified according to the feedback received.  
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3.2.2 Dependent Variables 

The dependent variables for this research are decision performance, confidence and 

intuition about display effectiveness.  Table 2 summarizes the discussion below.   

Performance on site selection tasks is commonly evaluated based on time to complete a 

decision and the accuracy of the decision (Erskine et al., 2013).  Research on naïve realism often 

uses the same metrics to assess map reading and interpretation tasks (e.g. Hegarty et al., 2012; 

Hegarty et al., 2009).  Both decision time and decision accuracy were therefore used to evaluate 

task performance in this user study. 

The measurement for accuracy depends on the context of a study.  For example, in a 

business placement site selection task, Ozimec et al. (2010) defined accuracy as the percentage 

difference between revenues of the optimal site and the revenue of the chosen site.  For this 

study, accuracy was calculated similarly to the approach taken by Mennecke et al. (2000) by 

measuring Kendall’s Tau coefficient to compare the participant’s site rankings to the answer 

sheet rankings.  This metric calculates the similarity between rankings – a score of 1 indicates a 

perfect match.  In the site selection tasks for Sonoran pronghorn, after total scores for each of the 

five alternatives were computed, users ranked the sites based on score totals (with a rank of 1 

being best).  This allowed the scores for each site to be accounted for rather than only evaluating 

the best site. 

Decision time was measured with keystroke logging software.  The counter started after a 

GIS file was opened and ended when the participant indicated that the spreadsheet was 

completed.  As this was a naturalistic study, no time limit was imposed.  A stopwatch was also 

used to measure how long a participant took to complete each site selection exercise, in case of 

software error with the keystroke logging software.  Decision time was reported in seconds.   
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Table 2: Dependent Variables 

Dependent Variable Factors Description Characteristics 

Decision 
Performance  

 

 

 

 

 

Decision 
Confidence 

 

 

User Intuitions 

 

 

 

 

 

2 

 

 

 

 

 

 

1 

 

 

2 

 

 

 

 

 

 

Decision Time 

 

 

Decision Accuracy 

 

 

 

Confidence in decision 

 

 

Accuracy Intuition 

 

 

 

Time Intuition 

 

Time required to rank all sites; 
evaluated during user test; measured in 
seconds 

 

Ability to correctly rank all sites by 
following decision guidelines; evaluated 
during user test; measured by Kendall’s 
Tau coefficient  

 

Self-reported after each user test; 
Measured on a 5 point scale (1 = low 
confidence, 5 = high confidence) 

 

Perception of which display facilitated 
decision accuracy; self-reported on 
questionnaire; participants chose the 2D 
display, 3D display or no difference 

 

Perception of which display facilitated 
decision time; self-reported on 
questionnaire; participants chose the 2D 
display, 3D display or no difference 

 

Another aspect of decision quality described by Ozimec (2010) is decision confidence.  

Confidence in a display is an indicator of data quality.  Prior research with 2D maps and 3D 

displays found that people place higher confidence in realistic displays (Fabrikant & Boughman, 

2006; Zanola, Fabrikant, & Coltekin, 2009).  Confidence was self-reported by users after 

performing the site selection task for each display treatment.  It was measured with an ordinal 5-
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point scale, with a score of 1 indicating low confidence in the decision made and a score of 5 

indicating high confidence. 

Intuition was evaluated as an indicator of naïve realism.  Intuitions are based on everyday 

experience rather than formal study (Hegarty et al., 2009).  Whether correct or incorrect, 

intuition influences behavior and reasoning.  For example, Hegarty et al. (2012) measured 

intuition by having users choose one display out of options that best addressed a prompt about 

weather maps – e.g. “If you wanted to determine the wind strength in one or more locations on 

the map, with which of the displayed maps would you answer fastest?”.  A similar approach was 

undertaken in this study. The questionnaire captured user perceptions about display preferences 

for performing the site selection tasks, presuming that users want to use GIS displays to make 

decisions as quickly and accurately as possible, as stated in the given instructions.  Intuition was 

compared to actual performance to determine if a participant was subject to naïve realism – e.g. 

when a user had the perception that the more realistic 3D display was superior but performance 

was better with the simpler 2D display.  

3.2.3 Covariates 

Covariates may show a relationship with the independent and dependent variables and 

were analyzed after the data were collected.  These included age, experience in natural resource 

management, experience using GIS, experience with using 3D software, and the number of times 

GIS tools were used.  The questionnaire collected user reported data on age, and experience with 

natural resource management, GIS and 3D software.  Data on GIS tool use were obtained 

through direct observation of participants by the proctor during the user tests. 
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3.2.4 Participants 

 Forty participants were recruited from samples of expert and novice user populations and 

were segregated based on natural resource management experience, following the approach 

taken by Hegarty et al. (2009) and Hegarty et al. (2012).  The breakdown of the participants was 

20 experts and 20 novices, and 19 males and 21 females.  All participants were screened for 

colorblindness and received monetary compensation.  The sample of novices was selected from a 

population of computer and information science students at the University of Arizona.  An 

invitation email was sent to students in these departments to recruit volunteers for participation.  

Priority was given to upper-level undergraduates (juniors and seniors) and graduate students. 

These departments were chosen primarily out of convenience.  Selected students were 

comfortable using computers.  This ensured the novice users had enough computer literacy to 

use a GIS.  Selected individuals had taken at most one course relevant to natural resource 

management, including GIS courses.  The convenience sample represented decision makers with 

limited knowledge of natural resource management.   

The sample of expert users was recruited from a population of graduate students or 

professionals in natural resource management, also from the University of Arizona.  Members of 

the expert group had, on average, several years of natural resource management experience, 

including familiarity with using GIS.  A recruitment letter was emailed to the natural resources 

and geography departments to seek volunteers.  The sample of expert users represented decision 

makers who are experienced in natural resource management.   

3.3 Data Collection 

Prior to data collection, a pilot study was conducted to gather preliminary data about how 

display realism affects decision making tasks.  This was followed by a pretest with professional 
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natural resource managers to calibrate the testing instruments.  Data was collected from 

participants through a GIS user test, direct observation and questionnaire. 

3.3.1 Pilot Study 

 A pilot study was conducted in March 2016 to gather baseline data about the effects of 

display realism on task performance.  Four students participated in the pilot study, with two 

individuals having prior experience with GIS and two who did not.  Each participant received 

both display treatments, with one participant from each group receiving the 3D test first.  After 

user testing was complete, participants were verbally asked questions about the user tests, such 

as difficulty and comprehension of the activity objectives. 

Each of the participants submitted site rankings that matched the software-generated 

rankings.  There was some indication that naïve realism was present.  The novice participants 

indicated they were faster with the 3D display, when they were actually slower.  In the 

discussion after the user tests, it was revealed that participants became aware of mistakes made if 

they ended up with tie scores for sites – the wording on the decision scoring sheet hinted that no 

ties were present and led participants to check their answers.  As a result, the instructions on the 

scoring sheet were modified to specify that tie scores were acceptable if participants thought sites 

were equally suitable.  Text in the introduction to the scenario was also bolded to emphasize that 

participants should aim to work as accurately and fast as possible when completing the tasks.  

3.3.2 Pretest 

 The decision problem and GIS treatments were pretested to improve the test materials.  

Specifically, the criteria for site selection were evaluated for validity, along with the cartographic 

presentations of the GIS data.   
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 The pretest involved 5 expert and 5 novice volunteers and took place in April 2016.  The 

5 experts were staff members of the Luke Air Force Base Range Management Office located 

near Phoenix, Arizona.  Each expert volunteer had over a decade of experience related to natural 

resource management and using GIS.  They were selected as participants because they were 

familiar with the Sonoran pronghorn and they used, collected or provided much of the CPNWR 

data used in the user tests.  The user tests took place on the air force base and were intended to 

measure the appropriateness of the displays.  These participants were also asked about any GIS 

tools they would use and the approach they would take to complete the activities.   

The novice participants were 5 undergraduate and graduate students from the University 

of Arizona.  Each novice participant was proficient with using computers but had no experience 

with GIS or natural resource management.  The novice pretest took place at the University of 

Arizona.  Participants in the pretest performed trial runs of the site selection exercises to provide 

estimates of the time required to complete each activity with the display treatments.  Each 

participant received both display treatments and the order of the treatments was counterbalanced.  

The majority of the participants submitted the correct site rankings.  In general, the novice 

participants took longer than the experts to complete the activities.  All participants thought the 

activities were straightforward and could be completed by people without GIS experience.  The 

expert participants exhibited interest in the study and thought the variables under consideration 

were appropriate for the scenario.  Appendix A contains a description of the background scenario 

shown to participants.  It was apparent that more participants were familiar with using ArcMap 

(the 2D software) than ArcScene (the 3D software).   

A separate subgroup of expert and novices were tested with a gap of several hours in 

between the display treatments to determine if there was a different effect than with the Sudoku 
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puzzle distraction task.  The results appeared to be similar and it was therefore decided to 

continue using the distraction task in between the display treatments because it simplified the 

scheduling of the user tests. 

Experts at the University of Arizona were consulted and changes were made to the 

questionnaire, displays and user tests based on the trial runs.  The questionnaire was modified to 

separately measure experience with GIS and natural resource management.  Additional open-

ended questions were added asking about past experience with 3D software and had users self-

report their level of GIS expertise. 

The test materials were revised based on feedback from the pretest and prior to 

conducting the user tests with the novice and expert groups.  Modifications were made to the 

GIS displays to enhance clarity and realism.  The slope variable was originally represented by a 

dichromatic color scheme, with flatter areas colored in green and steeper colored in red.  This 

was changed to a monochromatic scheme that better corresponded to the continuous nature of the 

data, with lighter hues representing flatter areas and darker hues representing steeper areas.  The 

site colors were also changed to make them more salient from the other layers and 

distinguishable from each other.  The ColorBrewer8 website was used to select the colors.  The 

distance from roads layer was also reclassified to better match the guidelines.  The original layer 

had distance bands up to 9 kilometers from a road.  The layer was changed so that the furthest 

distance shown was 5 kilometers from a road.  The study area displayed in the user tests covered 

parts of Pima and Yuma counties.  The aerial photo background in the 3D display was changed 

because it had visible seamlines resulting from separate images being joined together; it was 

replaced by mosaicked aerial photos of the counties from a different year.  This removed any 

																																																													
8 http://colorbrewer2.org/ 
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noticeable seamlines and resulted in a more natural landscape appearance without any major 

color contrasts.  The transparency of the GIS layers in both the 2D and 3D displays were also 

slightly increased to enhance realism.  Appendix B contains the decision scoring sheet and 

Appendix C shows the final versions of the display treatments. 

 As a result of the pretest, it was decided that keystroke logging software would be used to 

track the time that users required to input values into the spreadsheet.  This served as a proxy for 

measuring the amount of time users spent in making their decisions.  The software ran in the 

background and was less intrusive than using alternative screen recording software.  A data 

collection form was created to standardize and simplify the data recorded with direct 

observation.  The form was used to note the frequency that any software tools were used, the 

number of times users rotated the 3D display, the order users completed the activities, the time 

required for each activity, whether multiple layers were displayed, whether users checked their 

work and any anomalies during the testing period.  The form facilitated the tracking of which 

tools were used to fill in the decision scoring sheet. Appendix D shows a copy of the data 

collection form. 

3.3.3 Instrumentation 

 Decision task performance was assessed through a user test, direct observation and a 

post-test questionnaire.  This section describes in detail the instruments used to collect data.  All 

participants were assigned a unique identification number to link their user test results with their 

questionnaire responses. 

 

 User test.  The setting for user testing was standardized to minimize the impact of 

externalities on the results.  All user tests took place in a private office located on the University 
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of Arizona campus.  It was anticipated that some participants were enrolled in courses relevant to 

natural resource management; therefore, all user tests were conducted from May to June 2016 

and completed within a month of the first test to reduce the likelihood of learning during the 

semester.  

Participants used a Dell OptiPlex 7040 desktop computer (2x 3.40 GHz processor, 16 GB 

RAM) running Windows 7 with two ASUS VS238 23 inch monitors (Figure 5).  Each participant 

completed the site selection tasks using ESRI’s ArcGIS 10.3 software and a Microsoft Excel 

spreadsheet containing the scoring criteria.  ArcGIS was the selected software package because it 

contained the necessary functions to support site selection tasks and is commonly used by natural 

resource managers in their work.  The combination of GIS and spreadsheet acted as a simple 

SDSS to facilitate locational decision-making.  Participants employed the GIS as the basis for 

assessing the suitability of different sites.  The spreadsheet contained a blank scoring sheet and 

instructions for how to award points to five different sites based on four different criteria.  The 

GIS was displayed on the left monitor and the decision scoring sheet on the right monitor.  Score 

totals for each site alternative were automatically calculated and participants ranked the sites by 

score total.  Testing was conducted on an individual basis with the researcher serving as a 

proctor.  
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Figure 5: Setting for the user tests 

 

 

Prior to beginning the user test, users received a brief introduction to the scenario.  

Afterwards, the proctor led an orientation of using the GIS software, the scoring sheet, and the 

goals of the exercise.  An orientation was provided prior to each display treatment.  Because the 

display treatments were counterbalanced, some users received the 2D treatment first, while 

others received the 3D treatment first.  Users were introduced to a customized set of GIS tools 

and manipulating GIS layers was demonstrated by switching on and off layers.  For the 2D 

display treatment, the set of tools made available to users were the Zoom In, Zoom Out, Pan, 

Identify and Measure tools.  The Zoom In and Zoom Out tools allow users to zoom into or out of 

areas that are clicked with the mouse.  The Pan tool permits users to navigate by clicking and 

dragging the map to scroll side-to-side or up and down.  The Identify tool allows users to click 
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on areas of the map to query the database.  Users also had the option of using the Measure tool to 

determine the distances between different areas – once activated, the tool provides distances 

between areas that are designated by the user’s mouse clicks.  The 3D display treatment 

contained the same tools as the 2D treatment but also included the Navigate tool that allowed 

users to rotate the map along the third dimension. 

The orientation lasted approximately three minutes and two minutes were provided for 

users to explore using the GIS software firsthand on test data, as well as to ask questions. A 

second orientation, similar to the first one and also lasting approximately five minutes total, was 

provided to users to familiarize them with the second display treatment.  Greene et al. (2010) 

reported the benefits of allowing a data exploration phase prior to a formal multiple criteria 

decision analysis.  

 There were two versions of the user tests and each utilized the same GIS dataset, 

including an outline of CPNWR, vegetation data, roads data, slope data, precipitation data and 

locations of the site alternatives.  Staff at Luke Air Force Base and researchers at the University 

of Arizona provided the datasets to generate the GIS layers for the user test.  All layers were 

displayed by default at the beginning of the test.  The 2D displays were oriented so that the entire 

study area was visible at the beginning of the test.  The 3D displays were oriented at a 45-degree 

angle so that the entire study area was visible but users would need to rotate the display to see all 

of the sites.  During the site selection tasks, users may have attempted to employ ArcGIS 

geoprocessing tools to facilitate site analyses.  Although this user study simulated a natural 

decision making scenario, users were not permitted to use any GIS analysis tools and functions 

aside from those introduced at the beginning of the session.  This research tested the effects of 
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different display treatments on decision performance; therefore the restriction on GIS tools 

prevented external effects of unpermitted tool use on performance results.   

Both display treatments each had five alternative sites and four criteria displayed as 

individual layers.  The vegetation data was categorical that the data for the remaining criteria 

were classified into discrete classifications that were displayed to the users in the Table of 

Contents panel on the left side of the screen.  Figure 6 shows an example of a 2D display 

treatment test from a dataset with only one site for illustrative purposes.  The distance from roads 

layer is displayed in the map and the site of interest is colored in teal and located on the left side.  

Users would identify which value corresponded to each site by using the Table of Contents panel 

(legend) located on the left side of the screen.  In this example, the site is located in the “ 3 – 4 

km” band.  By looking at the decision scoring sheet located on the other monitor, the user can 

see this site best corresponds to the “If site 1 km to 5 km from a road, 3 points” guideline.  

Therefore, the user would assign three points to this site in the appropriate cell in the 

spreadsheet.  After users filled in all scores for each site, the spreadsheet calculated point totals 

and users ranked the sites based on the sums.  The highest point total indicated the best site, 

ranked as number one.  The order of the other ranks was also important, as it was used to 

calculate task accuracy.  Immediately after ranking the sites, participants were asked to rate their 

confidence in their ranking decisions.  The user test ended when the participant indicated the 

spreadsheet was complete.  Between both display treatment tests, users were given a Sudoku 

puzzle9 as a distraction task and instructed to work on it for five minutes.  A copy of the puzzle 

may be found in Appendix E.  After each test concluded, the spreadsheet containing the scores 

and rankings were saved to calculate accuracy at a later time.  Revealer Keylogger Free10 

																																																													
9 Obtained from http://www.websudoku.com/ 
10 Obtained from https://www.logixoft.com/en-us/index 
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keystroke logging software (version 2.09) was used as the primary means of recording time and 

the software was activated after the task orientation.  The time logs were saved alongside the 

spreadsheets.  

	

Figure 6: Screen capture of an example user test (2D display treatment) 

 

Mennecke et al. (2000) found that professionals took more time to complete site selection 

tasks than students. The authors found a positive correlation between a subject’s interest in the 

task and time spent on the task.  To incentivize participants to perform at their best in this user 

study, participants received bonus monetary compensation for each correct site ranking that 

matched the established answer sheets.  

 Direct observation.  Participants were monitored while performing the user test.  

Previous studies comparing GIS use observed differences in approaches by expert and novice 

users (McGuiness et al., 1993; McGuiness, 1994).  Expert users are more systematic when 
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displaying variables and have knowledge of ArcGIS tools and functions that novice users do not 

possess.  In the event that expert users attempted to facilitate task completion through tools not 

described during the orientation periods, the proctor noted these actions and these were referred 

to when analyzing the quantitative results.  Observations were also recorded if users switched off 

the terrain base map in the 2D display treatment or the DEM model in the 3D display treatment.  

Both were not required to complete the tasks successfully and naïve realism theory predicts that 

users would leave those layers on despite the lack of additional useful information.  Any 

anomalies occurring during the user test that may affect task performance were also recorded.  

The proctor recorded each user’s decision time and used a data collection form to record 

observations. 

 Questionnaire.  After each user test concluded, participants completed a paper 

questionnaire.  This form collected demographic information, such as age, sex, and major or job 

title.  Each participant’s experience with natural resource management and GIS were self-

reported in number of years and categorized by education, work, or other (such as volunteer 

work).  The amount of experience with 3D software and level of GIS expertise were also sought.  

Participants also indicated which display type (2D, 3D or neither) that they believed was most 

effective for completing the site selection tasks, in terms of speed, accuracy, aesthetics and 

overall preference.  Hegarty et al. (2009) indicated that showing participants examples of 

displays, rather than describing them, helps users discriminate between display types.  User 

intuitions were compared to actual performance to determine if a participant was subject to naïve 

realism.  To determine if any indications of learning effects were present between receiving the 

first and second display treatments, users were asked if they felt their second site selection task 

was helped by the first one. 
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Participants also identified any GIS tools or functions they would have used if not 

restricted.  McKendry (2000) described a phenomenon in her study where expert participants 

compensated for poor cartographic design by altering the map treatments.  ArcGIS contains 

hundreds of geoprocessing tools and it was possible that some could serve as a form of 

compensation against the negative effects of naïve realism.  By noting the tools that would have 

been used, it would serve as an indicator if user experience with GIS could decrease or enhance 

some of the effects of naïve realism.  For example, if a user suggested using a tool or approach 

that would allow the user tests to be completed without any visual analysis required, this would 

indicate naïve realism could be compensated for with site selection tasks.  Finally, participants 

were allowed to share any additional comments they have about the user tests.  Appendix F 

contains a copy of the questionnaire form.   

3.4 Summary 

 Prior studies on naïve realism have found that display realism affects task performance.  

Although claims have been made those results apply to interactive map environments, the studies 

on naïve realism were never conducted in conditions where users could manipulate displays.  

This dissertation intends to confirm or refute the existence of naïve realism in an interactive 

environment.  If present, the effects on users with different levels of domain expertise will be 

measured.  The implications of this study should inform the design of interfaces with interactive 

maps.  Specifically, the results indicate the impact of display realism on decision making 

performance.  For situations where speed and accuracy of map use is of utmost importance, such 

as planning an emergency response after a hurricane, the choice of display could have significant 

consequences. 
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 By framing this research with the theory of naïve realism, this dissertation has the goal of 

elucidating the effects of display realism on decision making tasks performed on a GIS and 

determining the relationship with user expertise, specifically in the context of natural resource 

management.  The participant data collected by the user test, direct observation, and 

questionnaire are analyzed in the following chapter. 
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CHAPTER 4: RESULTS AND ANALYSIS 
	

SPSS software (version 23) was used to perform statistical analyses on the accuracy and 

completion times of the site selection tasks.  An alpha level of .05 was used to determine the 

significance of the statistical tests.  Supplemental data tables of the analyses can be found in 

Appendix G. 

4.1 User Accuracy 

User accuracy was measured by applying Kendall’s Tau coefficient to compare each 

user’s site ranking to an established answer sheet.  Each user ranked two different sets of sites 

(sets A and B) and the order that sets were presented to users was counterbalanced.  Users did not 

perform significantly different with either set.  

 The analysis of accuracy involved several interrelated comparison tests between 

different groups, including experts versus novices, males versus females, and those receiving the 

2D display first versus the 3D display.  Accuracy rates were evaluated with paired samples sign 

tests (sign tests) for within-group analyses and Mann Whitney U tests made comparisons between 

groups.  Two users had their scores omitted due to encountering software error during their tasks. 

4.1.1 Overall User Accuracy 
	

Overall, users achieved a higher mean accuracy score with the 3D display when 

compared to the 2D display score (Table 3).  Users received a mean score of 92.0% for the 2D 

display (n = 38, x̄ = .920, s = .155).  The highest 2D display score was 100.0 % and the lowest 

score was 31.6%.  For accuracy scores on the 3D display, users received a mean score of 96.0% 

(n = 38, x̄ = .960, s = .099).  The highest 3D display score was 100.0% and the lowest score was 

52.7%.  The histograms for both the 2D and 3D accuracy scores were negatively skewed and not 
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normally distributed (Figure 7).  These observations were confirmed with Shapiro-Wilk tests for 

the 2D display (p < .001) and the 3D display (p < .001).  It was therefore decided to use non-

parametric methods for further analysis of the accuracy scores. 

 

Table 3: 2D and 3D Accuracy Scores 

 n x̄ s Minimum Maximum Shapiro-Wilk sig. 

2D Accuracy 38 .920 .155 .316 1.000 < .001 

3D Accuracy 38 .960 .099 .527 1.000 < .001 

 

 

         	

Figure 7: Histograms of overall 2D accuracy (left) and 3D accuracy (right) scores 
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 An exact paired samples sign test (sign test) was performed to compare the means of the 

2D and 3D accuracy scores.  This test is a non-parametric alternative to the dependent t-test.  

There was not a significant difference between 2D accuracy scores (x̄ = .920, s = .155) and 3D 

accuracy scores (x̄ = .960, s = .099), p = .424.  The remainder of this section evaluates accuracy 

scores for different sub-groups: experts and novices, males and females, and those receiving the 

2D display first versus those receiving the 3D display first. 

4.1.2 Accuracy Results for Experts and Novices 

 The hypotheses that display realism affects novices more than experts (H1 and H2) were 

tested by comparing accuracy rates for each group based on display type.  Table 4 summarizes 

these results and Figure 8 displays the corresponding histograms.  Expert users scored slightly 

higher mean 2D accuracy scores (n = 19, x̄ = .930, s = .179) than novice users (n = 19, x̄ = .911, s 

= .131).  However, novice users scored slightly higher for 3D display accuracy (n = 19, x̄ = .967, 

s = .075) than expert users (n = 19, x̄ = .953, s = .120).  The 2D and 3D accuracy scores for each 

expertise group were strongly negatively skewed, as verified by Shapiro-Wilk tests for normality 

(each group for each display type had p < .001).   

Paired samples sign tests were conducted to make within-groups comparisons for each 

user group based on display type (e.g. expert accuracy performance on the 2D display versus 

expert performance on the 2D display) and there were no statistically significant differences 

between the means of each group based on display type; p = 1.00 for experts and p = .180 for 

novices.  In other words, experts and novices did not perform more accurately on either display 

type.   
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Table 4: 2D and 3D Accuracy Scores for Experts and Novices 

Display-Group n x̄ s Minimum Maximum Shapiro-Wilk sig. 

2D-expert  19 .930 .179 .316 1.000 < .001 

2D-novice 19 .911 .131 .527 1.000 < .001 

3D-expert 19 .953 .120 .527 1.000 < .001 

3D-novice 19 .967 .075 .738 1.000 < .001 

 

             

          	

Figure 8: Histograms of 2D accuracy (top row) and 3D accuracy (bottom row) performance by 
expertise group (experts, left column; novices, right column) 
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 A Mann Whitney U test was conducted to evaluate the mean 2D accuracy rates of the 

expert and novice groups.  The results of the test were not significant, U = 138.5, z = -1.453, p = 

.159.  The results indicate that although experts had a higher mean rank than novices, the 

difference between the two groups was not significant.  Another Mann Whitney U test was used 

to compare the mean 3D accuracy rates of both groups.  The test results were not significant, U = 

172.0, z = -.333, p = .817.  Although novices had a slightly higher mean 3D accuracy score, the 

difference between experts and novices was not statistically significant. 

4.1.3 Accuracy Results for Males and Females  

 User performance for the same set of users was also compared based on sex for each 

display type.  Table 5 summarizes these results and Figure 9 displays the corresponding 

histograms. 

 

Table 5: 2D and 3D Accuracy Scores for Females and Males 

Display-Sex n x̄ s Minimum Maximum Shapiro-Wilk sig. 

2D-female  18 .895 .150 .527 1.000 < .001 

2D-male 20 .943 .160 .316 1.000 < .001 

3D-female 18 .942 .128 .527 1.000 < .001 

3D-male 20 .977 .062 .738 1.000 < .001 
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Figure 9: Histograms of 2D accuracy (top row) and 3D accuracy (bottom row) performance by 
sex (females, left column; males, right column) 

        

 In general, male users scored higher mean 2D accuracy scores (n = 20, x̄ = .943, s = .160) 

than female users (n = 18, x̄ = .895, s = .150).  Males also scored higher on 3D display accuracy 

(n = 20, x̄ = .977, s = .062) than female users (n = 18, x̄ = .942, s = .128).  The 2D and 3D 

accuracy scores for both sexes were strongly negatively skewed, as shown by the Shapiro-Wilk 

tests (each group for each display type had p < .001).  Within-groups comparisons based on 

display type were made by using paired samples sign tests and there were no statistically 

significant differences found between the means of each group – there was not a significant 
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difference for males on either display type and females on either display type, in terms of 

accuracy; p = 1.00 for males and p = .453 for females.   

 Two Mann Whitney U tests were performed to compare male and female results for 2D 

and 3D accuracy.  The results were not significant for 2D accuracy, U = 127.5, z = -1.819, p = 

.126.  While males had a higher median rank, the results were not statistically significant.  For 

3D accuracy, males also had a higher median rank, however, the results were not significant, U = 

163.5, z = -.648, p = .633.   

4.1.4 Accuracy Summary 

 In conclusion, although users scored slightly higher on tasks with the 3D display, there 

were no significant differences for experts and novices (both within and between groups) and no 

significant differences for females and males (both within and between groups). 

4.2 User Completion Times 

 Completion times were recorded for each site selection task that users performed on each 

display.  This section examines the data to determine if any significant relationships exist 

between the groups and user performance with different displays.  Completion time was recorded 

in seconds.  Completion times were examined with paired-samples t-tests for within group 

comparisons and independent-samples t-tests for between group comparisons. A MANCOVA 

test identified any potential variable interactions.  Similar to the accuracy results, there was no 

significant difference in completion times for the different site sets (A and B). 

 



 69 

4.2.1 Overall Completion Times 

 The hypothesis that increased realism resulted in longer completion times (H3) was 

investigated by comparing completion times on the 2D display with those on the 3D display.  

The mean completion time for all users on tasks with the 2D display was 700.53 seconds (n = 38, 

x̄ = 700.530, s = 257.852).  Tasks on the 3D display took a mean of 833.63 seconds (n = 38, x̄ = 

833.630, s = 402.682).  The 2D completion times were normally distributed, while the 

distribution of 3D completion times was positively skewed, as verified by Shapiro-Wilk tests; p= 

.095 for the 2D times and p <.001 for the 3D times.   

As a result, the data for 2D and 3D times were both transformed with log transformations 

to normalize the 3D times.  This allowed for comparisons for further parametric analyses, as 

these methods assume normal distributions of the data.  Normality was confirmed with Shapiro-

Wilk tests; p = .177 for log-transformed 2D time and p = .389 for the transformed 3D time.  

Table 6 summarizes the original data and the transformed completion times (in the logarithmic 

scale).  Figure 10 a shows distribution of the original 2D and 3D completion times and Figure 11 

shows the transformed 2D time and 3D time distributions (in the logarithmic scale).  The 

transformed data was used for the statistical tests described in the remainder of this section and 

the results are reported in the log-transformed scale. 
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Table 6: Original and Transformed 2D and 3D Overall Completion Times 

 n x̄ Minimum Maximum Shapiro-Wilk sig. 

Original 2D Time 
(seconds) 

38 700.530 207.000 1354.000 .095 

Original 3D Time 
(seconds) 

38 833.630 343.000 2691.000 < .001 

Transformed 2D Time 
(logarithmic scale) 

38 2.816 2.320 3.130 .177 

Transformed 3D Time 
(logarithmic scale) 

38 2.885 2.540 3.430 .389 

 

 

 

     	

Figure 10: Histograms of original completion times for the overall 2D (left) and 3D (right) 
displays 
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Figure 11: Histograms of transformed completion times for the overall 2D (left) and 3D (right) 
displays 

 

 A paired-samples t-test was performed to compare the means of the 2D and 3D 

transformed completion times.  The results indicate that, overall, users were significantly faster 

with the 2D display (x̄ = 2.816, s = .169) than the 3D display (x̄ = 2.885, s = .172); t(37) =           

-2.756, p = .009.  The following analyses evaluate completion times for different sub-groups: 

experts and novices, males and females, and those receiving the 2D display first versus those 

receiving the 3D display first. 

4.2.2 Completion Times for Experts and Novices 

 The hypothesis that display realism has a greater effect on task completion time for 

novices than experts (H4) was addressed by comparing the mean completion times for both 

groups.  Completion time results are summarized in Table 7.  Expert users had a mean 

completion time of 647.84 seconds on the 2D display (n = 19, x̄ =647.840, s = 284.117) and 

novice users had a mean completion time of 753.21 seconds (n = 19, x̄ = 753.210, s = 223.801).  

For 3D display completion times, expert users had a mean completion time of 766.21 (n = 19, x̄ 
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= 766.210, s = 508.237) and novice users had a mean completion time of 901.05 seconds (n = 19, 

x̄ = 901.050, s = 255.762).  Shapiro-Wilk tests confirmed that the 2D display completion times 

for experts (p = .235) and novices (p = .099) were normally distributed.  For the 3D display 

completion times, novices had a normally distributed completion time (p = .252), while experts 

did not (p < .001).  Therefore, the completion times were log-transformed to make them 

normally distributed and were used for subsequent statistical tests.  Figure 12 displays a chart of 

the mean completion times and Figure 13 displays the histograms of the transformed variables. 

Paired-samples t-tests were conducted to evaluate the means of the 2D and 3D 

transformed completion times within each expertise group.  Experts had no statistically 

significant difference when using the 2D display (x̄ = 2.771, s = .198) and 3D display (x̄ = 2.831, 

s = .200); t(18) = -1.412, p = .175.  Novices were significantly faster with the 2D display (x̄ = 

2.860, s = .123) than the 3D display (x̄ = 2.939, s = .120); t(18) = -2.795, p = .012.  The results 

suggest that display realism had a greater effect on completion times for novices than experts. 

 Independent-samples t-tests were used to ascertain if there were any significant between-

group differences for the transformed 2D and 3D display completion times.  A Levene’s test was 

not significant for the 2D display completion times indicating there were equal variances for 

experts and novices.  The independent-samples t-test found no significant difference between 2D 

completion times for experts and novices; t(36) = -1.663, p = .105.  For the 3D completion times, 

equal variances were also assured by a Levene’s test.  The independent-samples t-test did find a 

borderline significant difference between times on the more realistic display t(36) = -2.012, p = 

.052.  It should be noted that the p-value approaches the alpha level of significance (.05). 
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Table 7: 2D and 3D Completion Times for Experts and Novices 

Display-Group n x̄ s Minimum Maximum Shapiro-Wilk sig. 

2D-expert  19 647.840 284.117 207.000 1354.000 .235 

2D-novice 19 753.210 223.801 410.000 1265.000 .099 

3D-expert 19 766.210 508.237 343.000 2691.000 < .001 

3D-novice 19 901.050 255.762 521.000 1459.000 .252 

 

	

Figure 12: Comparisons of mean completion times for experts and novices (error bars show 
standard deviation) 
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Figure 13: Histograms of transformed completion times for the 2D (top row) and 3D (bottom 
row) displays; experts (left column) and novices (right column) 

 

4.2.3 Completion Times for Females and Males 

 Analyses were conducted to determine if there were any differences in time performance 

based on sex. Table 8 summarizes the completion times for each sex and display.  Female users 

had a mean completion time of 727.94 seconds on the 2D display (n = 18, x̄ = 727.940, s = 

285.342) and male users had a mean completion time of 675.85 seconds (n = 20, x̄ = 675.850, s = 

235.103).  For 3D display completion times, female users had a mean completion time of 838.39 

seconds (n = 18, x̄ = 838.390, s = 285.131), while male users had a mean completion time of 
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829.35 seconds (n = 20, x̄ = 829.350, s = 492.939).  A comparison of the mean times for each 

subgroup with each display is shown in Figure 14.  Figure 15 shows histograms of the 

transformed completion times.  Shapiro-Wilk tests were performed and confirmed normality for 

both females (p = .175) and males (p = .291) in their 2D display completion time distributions.  

However, with regards to 3D display completion times, females had a normal distribution (p = 

.755), while males did not (p < .001).  It was decided to transform the completion time 

distributions with a log function to conduct parametric statistical analyses. 

Two paired-samples t-tests were used to evaluate the means of the 2D and 3D 

transformed completion times within each group.  Females were significantly faster when using 

the 2D display (x̄ = 2.831, s = .170) when compared to using the 3D display (x̄ = 2.898, s = .158); 

t(17) = -2.210, p = .041.  There was not a significant difference in mean completion times for 

males when using the 2D display (x̄ = 2.802, s = .170) and the 3D display (x̄ = 2.873, s = .186); 

t(19) = -1.789, p = .089.  The results suggest that display realism had a greater effect on 

completion times for females than males. 

 Similar to the previous group, independent-samples t-tests were performed to determine 

if there were any significant differences between female and male completion times.  Levene’s 

tests were not significant for either the transformed 2D or 3D task completion times, therefore, 

equal variances were assumed for both.  Regarding 2D completion times, there was not a 

significant difference for females and males; t(36) = .534, p = .596.  For the 3D completion 

times, no significant difference was found; t(36) = .431, p = .669.  These results suggest that sex 

was not an important factor for task completion times on either display. 
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Table 8: 2D and 3D Completion Times for Females and Males 

Display-Group n x̄ s Minimum Maximum Shapiro-Wilk sig. 

2D-female  18 727.940 285.342 285.000 1354.000 .175 

2D-male 20 675.850 235.103 207.000 1191.000 .291 

3D-female 18 838.390 285.131 391.000 1459.000 .755 

3D-male 20 829.350 492.939 343.000 2691.000 < .001 

 

	

Figure 14: Comparisons of mean completion times for females and males (error bars show 
standard deviation) 
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Figure 15: Histograms of transformed completion times for the 2D (top row) and 3D (bottom 
row) displays; females (left column) and males (right column) 

 

4.2.4 MANCOVA of Completion Times 

 The data were analyzed with a multivariate analysis of covariance (MANCOVA) to 

examine if any relationships existed between the independent variables and completion times for 

both display types.  There were some indications that display order affected completion time; 

therefore, the first display presented to users was included in this analysis.  The independent 

variables were Expertise, Sex, and First Display Presented.  Covariates were included in the 

analysis, such as Age, Natural Resource Management Experience, GIS Experience, Experience 
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with 3D Software, GIS Tool Use (2D Display), GIS Tool Use (3D Display).  The MANCOVA 

results revealed a significant multivariate main effect for First Display Presented (Wilks’ λ = 

.382, F(2, 23) = 18.622, p < .001, partial η2 = .618).  No significant interactions between 

variables were detected.  After accounting for a Bonferroni correction, none of the univariate 

ANOVA results indicated a significant effect.   

4.2.5 Completion Times Summary 

 Overall, there were no significant differences for users receiving the either the 2D or 3D 

display first (both within and between groups).  Users were significantly faster on 2D display 

tasks than tasks on the 3D display.  Novices were significantly faster on the 2D display, while 

experts did not perform significantly faster with either display.  There was a borderline 

significant difference (p = .052) between these groups in performance with the 3D display.  

Regarding sex, females performed significantly faster on the 2D display than the 3D display, 

while males showed no significant differences.  A comparison between females and males found 

that neither group performed significantly faster with either display.  The MANCOVA results 

did not find any significant interactions between the independent variables but did indicate that 

First Display Presented had a significant effect that warranted additional analysis.  Table 9 

presents the results in a table format. 
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Table 9: Summary of Completion Times Results 

 Analysis Significant Differences? 

All users  

2D or 3D Display First (within 

groups) 
No 

2D or 3D Display First 

(between groups) 
No 

2D versus 3D Displays (all 

users) 
Yes, users faster with 2D display 

Expertise 

2D versus 3D Displays 

(novices) 

Yes, novices faster with 2D 

display 

2D versus 3D Displays 

(experts) 
No 

Experts and Novices (2D 

display) 
No 

Experts and Novices (3D 

display) 
Marginal difference 

Sex 

2D versus 3D Displays 

(females) 

Yes, females faster with 2D 

display 

2D versus 3D Displays (males) No 

Females and Males (2D 

display) 
No 

Females and Males (3D 

display) 
No 

 

4.3 Learning Effects 

 The prior results suggest that the order displays were presented had a significant effect on 

user completion time.  Additional analyses were performed to determine if any learning effects 

were present in the user tests between the first and second display treatments.  The site ranking 
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tasks were repetitive and several users also reported on their questionnaire that they thought the 

first display prepared them to better rank the sites on the second display.  

 Overall accuracy for the first display tests (both 2D and 3D combined) had a mean score 

of .931 (n = 38, x̄ = .931, s = .153), while the second display tests had a mean score of .950 (n = 

38, x̄ = .950, s = .105).  This indicates that users became slightly more accurate during the second 

test received.  Users completed the first display tasks in a mean of 862.13 seconds (n = 38, x̄ = 

862.130, s = 403.612).  These users completed the second display tasks faster, in a mean of 

672.03 seconds (n = 38, x̄ = 672.030, s = 237.229).  Normality was tested with Shapiro-Wilk’s 

tests and it was found that the first display completion times were positively skewed (p < .001), 

so both the first and second display times were log transformed.  The transformed first display 

time had a normal distribution according to the Shapiro-Wilk’s test result (p = .169) and the 

transformed second display time also had a normal distribution (p = .424).  These transformed 

times were then examined with a paired-samples t-test to discover if there were any significant 

differences.  The results indicate that users had significantly improved their performance from 

the first display (x̄ = 2.902, s = .165) to the second display (x̄ = 2.799, s = .166); t(37) = 4.737, p 

< .001.  A learning effect between the first and second treatments was likely present, otherwise, 

the completion times would have been similar. 

4.4 Display Order 

 Further analyses were conducted to determine the effects of display order on task 

accuracy and completion times.  As described previously in section 4.2.4, the MANCOVA 

results provided some evidence of display order having an effect on completion times.  Accuracy 

rates for the displays presented first to users were evaluated with paired samples sign tests for 

within-group analyses and Mann Whitney U tests made comparisons between groups.   
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4.4.1 Accuracy Rates for the Display First Presented to Users 

 User accuracy was also analyzed from the perspective of which display was presented to 

users first.  Recall that the user study was counterbalanced and each user received both display 

treatments – half of the users received the 2D display first, while the other half received the 3D 

display first. Table 10 and Figure 16 present summarized accuracy scores for each display that 

users received first. 

 There were no significant differences found between 2D and 3D mean accuracy scores 

based on display order.  Overall, users receiving the 3D display first had higher mean accuracy 

scores than those that were tested on the 2D display first.  Users receiving the 3D display first 

had higher scores for 2D accuracy (n = 20, x̄ = .932, s = .130) than those receiving the 2D 

display first (n = 20, x̄ = .877, s = .197).  Users receiving the 3D display first also had higher 

scores for 3D accuracy (n = 18, x̄ = .991, s = .020) than those receiving the 2D display first (n = 

18, x̄ = .969, s = .065).  Each group had negatively skewed histograms and Shapiro-Wilk tests 

confirmed the data were not normally distributed.  Within-group comparisons made with the 

paired samples sign tests found there were no significant differences between 2D and 3D mean 

accuracy scores for the group that received the 2D display first or the group that received the 3D 

display first; p = .727 for the 2D display first group and p = .687 for the 3D display first group.  

 No significant differences were found for 2D or 3D accuracy results based on display 

order.  A Mann Whitney U test was used to evaluate the effect of display order on 2D accuracy.  

Although the median 2D accuracy scores were higher when users received the 3D display first, 

the results were not significant, U = 144.5, z = -1.230, p = .303.  A second Mann Whitney U test 

was performed to determine how display order affected 3D accuracy.  Users had a higher median 
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rank when receiving the 3D display first, but the difference between the medians was not 

significant, U = 148.5, z = -1.237, p = .361. 

 

 

Table 10: 2D and 3D Accuracy Scores Based on Display Presented First 

1st Display – Accuracy Type n x̄ s Minimum Maximum Shapiro-Wilk sig. 

2D First – 2D Accuracy  20 .877 .197 .316 1.000 < .001 

2D First – 3D Accuracy 18 .969 .065 .800 1.000 < .001 

3D First – 2D Accuracy 20 .932 .130 .527 1.000 < .001 

3D First – 3D Accuracy 18 .991 .020 .949 1.000 < .001 
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Figure 16: Histograms of 2D accuracy (top row) and 3D accuracy (bottom row) performance 
based on display presented first (2D first, left column; 3D first, right column) 

 

4.4.2 Completion Times for the Display First Presented to Users 

Completion times for display order were analyzed based on the display that was 

presented to users first.  Users that received the 2D display first had a mean 2D completion time 

of 811.55 seconds (n = 20, x̄ = 811.550, s = 253.499.  This group also had a mean 3D display 

completion time of 757.40 seconds (n = 18, x̄ = 757.400, s = 235.739).  Users that received the 
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3D display first had a mean of 577.170 seconds for the 2D display (n = 18, x̄ = 577.170, s = 

205.603) and 918.33 seconds for the 3D display (n = 18, x̄ = 918.330, s = 525.716).   

Normality was determined with Shapiro-Wilk tests for the group receiving the 2D display 

first; their 2D display completion times were not normally distributed (p = .024), but their 3D 

completion times were (p = .767).  The group receiving the 3D display first had normally 

distributed 2D completion times (p = .965) but their 3D distribution times were not (p < .001).  

Table 11 summarizes the completion time data and Figure 17 shows a visual representation of 

the relationship between the display type presented first and completion times.  A log 

transformation was used to normalize the distributions for all completion times.  Figure 18 

displays histograms of the transformed times.   

Paired-sample t-tests were conducted to determine if there was an effect based on which 

display was presented to users first.  Users that received the 2D display first had an insignificant 

difference in 2D completion times (x̄ = 2.891, s = .128) and 3D completion times (x̄ = 2.859, s = 

.140); t(19) = 1.353, p = .192.  Regarding the user group that received the 3D display first, it 

appears there was a strongly significant effect present.  This group completed tasks with the 2D 

display (x̄ = 2.732, s = .171) much faster than with the 3D display (x̄ = 2.914, s = .202); t(17) = -

6.509, p < .001.  These results indicate that users may learn site selection tasks faster when 

presented with 3D displays first followed by tasks on 2D displays. 

 Independent-samples t-tests were used to determine if display order had any effect on 

completion times.  Equal variances were verified by Levene’s tests for both the transformed 2D 

and 3D completion times.  It was indicated that display order had a strongly significant effect on 

2D completion times, as shown by the low p-value on the independent-samples t-test; t(36) = 

3.253, p = .002.  3D completion times were not affected by display order, whether the 2D or 3D 
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treatment was presented first to users; t(36) = -.995, p = .326.  These results suggest that tasks 

with 2D displays are more affected by display order than those with 3D, with regards to 

completion time. 

 

Table 11: 2D and 3D Completion Times Based on Display Presented First 

1st Display – Time Type n x̄ s Minimum Maximum Shapiro-Wilk sig. 

2D First – 2D Time 20 811.550 253.499 538.000 1354.000 .024 

2D First – 3D Time 20 757.400 235.739 391.000 1242.000 .767 

3D First – 2D Time 18 577.170 205.603 207.000 1035.000 .965 

3D First – 3D Time 18 918.330 525.716 343.000 2391.000 < .001 

 

	

Figure 17: Comparisons of mean completion times based on display type order (error bars show 
standard deviation) 
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Figure 18: Histograms of transformed completion times for the 2D (top row) and 3D (bottom 
row) displays; 2D display presented first (left column) and 3D display presented first (right 
column) 

  

4.4.3 Display Order Summary 

 There were no significant differences in accuracy performance for users based on 

whether the 2D or 3D display was presented to them first.  Users that received the 3D display 

first performed tasks much faster on the 2D display than the 3D display, while performing tasks 
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on the 2D display first did not provide evidence of any time differences.  A comparison of users 

receiving the 2D display first and users receiving the 3D display first suggest that display order 

led to a strongly significant difference in completion times (p = .002).  The MANCOVA analysis 

conducted in a previous section provided additional support that the first display presented to 

users had an effect on completion times.  

4.5 Naïve Realism, User Preferences and Confidence Results 

 This section provides a breakdown of users that exhibited naïve realism, user preferences 

and confidence results.   

4.5.1 Naïve Realism and User Preference Results 

Addressing the hypotheses related to user perceptions (H5 and H6), the questionnaire data 

was analyzed to determine how users evaluated the displays.  Nine users (out of 38 total) 

believed they were faster using the 3D display.  Of these users, seven were naïve in terms of time 

(18.4% of all users).  Collectively, these users completed their tasks in a mean of 290.857 

seconds faster with the 2D display but thought they were faster with the 3D display.  Of these, 2 

were experts and 5 were novices; 3 were female and 4 were male.  Each of them received the 3D 

display first.  

Thirteen users (out of 38) were naïve in terms of accuracy (34.2%).  They performed 

more accurately on the 2D display or equally well on both displays and thought they were more 

accurate on the 3D display.  These 13 users fell under the following categories: 11 were experts 

and 2 were novices; 6 were female and 7 were male; 9 received the 2D display first and 4 

received the 3D display first.  Based on these results, it indicates that users are better able to 
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judge their time performance than their accuracy performance, with experts more mistaken than 

novices about the latter. 

 Neither display was definitively preferred, overall – 16 users liked the 2D display better, 

while 16 users liked the 3D display better.  6 users had no preference.  Novices tended to like the 

2D display more (11 out of 16, 68.8%), while experts tended to like the 3D display (11 out of 16, 

68.8%).  Eleven users that received the 2D display first also liked the 2D display better.  Nine 

users that received the 3D display first also liked the 3D display more.  76.3 percent of users (29 

out of 38) thought the 3D display was most aesthetic, while 15.8 percent (6 out of 38) thought 

the 2D display was more aesthetically pleasing.  Three users thought there was no difference 

between the displays.  People preferring the 3D display often liked it for being more realistic and 

offering more information than the 2D display. 

4.5.2 User Confidence Results 

 User confidence in the accuracy of their results was measured on a 5-point scale 

immediately after each test on each display.  The analysis of this data addresses the hypothesis 

that expert and novice users have higher confidence when using more realistic displays (H7).  

Overall, users had slightly higher confidence with the 2D display over the 3D display.  Users 

assigned the 2D tests a mean confidence score of 4.45 (n = 38, x̄ = 4.45, s = .696) and a mean 

score of 4.33 for the 3D display (n = 38, x̄ = 4.33, s = .932), which went against the hypothesis in 

this case.  Both distributions were negatively skewed, indicating that users had high confidence 

that their rankings were correct, in general (Figure 19).  Shapiro-Wilk tests verified that both 

distributions were not normally distributed; both had p-values less than .001.  Therefore, 

Wilcoxon signed rank non-parametric tests were used to further analyze the data. 
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 A Wilcoxon signed-rank test on the novice users indicated there was a borderline 

difference between confidence levels on the 2D and 3D displays (Z = -1.930, p = .054).  No 

significant differences were found for experts, females, males, or when the 2D or 3D display was 

presented to users first. 

 Mann Whitney U tests were used to make comparisons between experts and novices with 

the confidence data.  No significant differences were found between expert and novice 

confidence levels for the 2D display (U = 162.000, z = -.602, p = .547).  There were also no 

significant differences identified with the 3D display (U = 129.500, z = -1.642, p = .101).  These 

results indicate that neither experts nor novices were more confident with either display type. 

 

        							 	

Figure 19: Histograms of user confidence for each display type 

 

4.5.3 Correlation Analyses 

Spearman’s rank-order correlations were used to identify any relationships between user 

confidence and accuracy and user confidence and completion times for each display.  A strong, 

positive correlation was identified for 2D confidence levels and 2D accuracy (rs(36) = .459, p = 
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.004).  In contrast, there was no significant correlation found for 3D confidence levels and 3D 

accuracy.  No significant correlations were found for confidence levels with the 2D display and 

2D completion times or 3D confidence levels and 3D completion times.   

There was no significant relationship between the displays users found to be the most 

aesthetic with 2D or 3D accuracy.  Also, there was no significant correlation between user 

preference for the display they liked better with 2D accuracy.  However, there was a positive 

correlation between 3D accuracy and display preference (rs(36) = .333, p = .041). 

4.6 Summary of Results 

 In conclusion, there were no statistically significant differences for experts and novices 

and females and males with regards to accuracy performance for either the 2D or 3D display 

tasks.  In contrast, users were significantly faster on 2D display tasks than tasks on the 3D 

display.  Novices were significantly faster on the 2D display.  There was a marginal significant 

difference (p = .052) between novices and experts in completion time with the 3D display.  

Females were significantly faster on the 2D display tasks.  Results of a MANCOVA indicated 

that display order had a significant effect on performance time. 

 Users became slightly more accurate and completed tasks faster during the second test 

received, suggesting a learning effect occurred.  With regards to display order, users that 

received the 3D display first performed 2D tasks significantly faster than tasks on the 3D display, 

while performing tasks on the 2D display first did not provide evidence of any significant time 

differences.  

The presence of naïve realism was found with 18.4% of users being naïve in terms of 

time and 34.2% being naïve in terms of accuracy.  These results indicate that users are better able 
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to judge their time performance than their accuracy performance, with experts more susceptible 

to the latter.  Neither display was preferred overall.  Novices tended to like the 2D display more, 

while experts tended to like the 3D display.  People preferring the 3D display often liked it for 

being more realistic and offering more information than the 2D display.  A significant positive 

correlation was identified between 2D confidence levels and 2D accuracy and there was also a 

positive correlation between 3D accuracy and display preference. 
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CHAPTER 5: DISCUSSION 
 

5.1 Introduction 

  GIS are important software tools used to facilitate location-based decision making.  The 

GIS user study presented in Chapters 3 and 4 were intended to build upon prior cartographic and 

human factors research.  The results provide some insight into how display realism affects 

performance for map-based decision making tasks.  Notable effects were identified, particularly 

with regard to user completion times and user perceptions towards realism.  Analysis of the 

results based on user expertise found that novice users were more affected by the increased 

realism of the 3D display.  Prior research indicates there is a difference in spatial ability based on 

sex (Linn & Petersen, 1985), and an exploration of sex differences seemed to suggest that female 

users were more affected by increased realism in this experiment.  Subsets of expert and novice 

users perceived performing tasks more efficiently with the 3D display, when performance was, 

in fact, better with the 2D display.  The results of the user study are first summarized in relation 

to the research hypotheses and then explained in greater detail.  Additional research 

considerations for improving upon the limitations of the results are also discussed. 

5.2 Summary of Findings  

  The user study confirmed hypotheses two, three, and four: there was no significant 

difference in accuracy for experts when using the more realistic displays when compared to 

using the simpler 2D display (H2); increased realism resulted in increased completion times for 

participants, in general (H3); increased realism had a greater effect on novice users than experts, 

resulting in longer completion times (H4).  Hypotheses five and six were partially confirmed – 

only some expert and novice users thought they were faster with the 3D display (H5).  Similarly, 
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only some of the experts and novices believed they were more accurate with the 3D display (H6).  

In contrast, hypotheses one and seven were not supported: novices did not face a significant 

decrease in accuracy when tasks performed on the 3D display were compared to those on the 2D 

display (H1); both experts and novices also did not place more confidence in their decisions with 

the 3D display (H7).  Table 12 summarizes the results of the hypothesis testing.  Each of the 

hypotheses and relevant findings are discussed in the following sections. 

Table 12: Summary of Hypothesis Testing 

 Hypothesis Confirmed? 

Task accuracy 

H1: Decreased accuracy for 

novices with 3D displays 

No 

H2: No accuracy difference 

for experts with 3D displays 

Yes 

Task completion time 

H3: 3D tasks require more 

time 

Yes 

H4: Novices need more time 

with 3D displays 

Yes 

Naïve realism 

H5: 3D displays preferred for 

speed 

Partially confirmed 

H6: 3D displays preferred for 

accuracy 

Partially confirmed 

H7: Users more confident with 

3D displays 

No 
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5.3 User Accuracy 

Based on the results of the user study, there were no significant differences in accuracy 

rates between tasks performed on the 2D and 3D displays.  In general, participants scored 

consistently high accuracy rates with a mean of 92.0 percent on tasks on the 2D display and 96.0 

percent for tasks on the 3D display.  When accounting for user expertise, both experts and 

novices were highly accurate on both display types.  Experts had a mean score of 93.0 percent on 

the 2D display tasks and 95.3 percent on the 3D display tasks.  Similarly, novices had a mean 

score of 91.1 percent on the 2D display tasks and 96.7 percent on the 3D display tasks.  

Accuracy performance in females and males were also explored.  Both groups scored highly on 

accuracy.  Females had a mean score of 89.5 percent for the 2D display tasks and males scored 

94.3 percent, on average, with the same display.  For the 3D display, females had a mean score 

of 94.2 percent and males had a mean score of 97.7 percent.  There were no significant 

differences in accuracy rates for the subgroups described. 

The user accuracy results did not support hypothesis one because no significant 

difference in accuracy scores were detected when novice users performed tasks on the 2D or 3D 

displays for this user study.  Hypothesis two was a null hypothesis that experts would show no 

meaningful difference in accuracy scores when using the different displays and it was confirmed.  

Prior studies investigating naïve realism showed a decrease in accuracy for tasks on more 

detailed displays (e.g. Hegarty et al., 2009).  It was expected that the increased dimensionality, in 

addition to the extraneous aerial imagery draped over the DEM, would have increased the 

difficulty of tasks on the 3D display in this user study.  It was also expected that expert users 

familiar with GIS would have used their prior experience to compensate for the extraneous 

details, such as by turning off the extra layers, while novices would not, thereby reducing user 
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accuracy for novice users that did not have experience using GIS.  In other words, the experts 

were predicted to score higher than novices for accuracy.  It was also expected that male users 

would score higher than females, as they tend to perform better on spatial perception and mental 

rotation tests, according to previous research (Linn & Petersen, 1985).  Although males, in 

general, did have higher accuracy scores than female users, there was not a significant difference 

for either display type. 

There are several possible explanations for the negligible difference in scores for all user 

groups when using the different displays in this user study.  The fact that users, in general, scored 

a mean accuracy rate over 90 percent indicates the majority of users acquired relevant knowledge 

and performed well on both site selection tasks on either display type.  Many users reported not 

having any difficulty with the tasks in the comments section of the questionnaire.  Accuracy 

scores were measured by Kendall’s Tau coefficient to compare each user’s site rankings to that 

of an established answer sheet.  Users were shown five sites (A to E) for each task and had to 

rank them on a relative basis to each other from 1 to 5.  An analysis of the user answer sheets 

revealed that in some cases, users made a mistake and input an incorrect value to a site for one of 

the variables (e.g. assigning a value of 1 to a site for slope when a value of 5 would have been 

correct).  In this example, the reduction of four points would have been enough to change the 

rankings.  However, some of these users appeared to have duplicated the same error across 

multiple sites – an error in scoring one site may have also been made in another site.  Because 

the site rankings were relative to each other, duplicating the same error would not have changed 

the overall rankings and accuracy scores may have been inflated, as a result.  

Users were also not limited by the amount of time they could spend on the tasks and were 

allowed to check their work.  Although users were instructed to complete their tasks as fast as 
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possible, they received a financial bonus for submitting correct answers.  This may have 

motivated participants to check their work, which most participants did.  Users that checked their 

answer sheets likely increased their accuracy rates.  

User accuracy scores were capped to a maximum of 100 percent, indicating a perfect 

match with the answer sheet.  Out of 38 users, many reached the maximum limit – 25 users with 

the 2D display and 29 users with the 3D display – which resulted in the strong negative skewing 

of the accuracy results.  The large number of high scoring participants likely also resulted in the 

insignificant differences in accuracy scores within the subgroups and lack of support for 

hypothesis one.  Hypothesis two was supported because experts also showed no meaningful 

differences in accuracy performance with either the 2D or 3D display tasks in this experiment. 

5.4 User Completion Times 

 The user test was designed so that participants would complete all aspects of testing 

within an hour, including an introductory period for reading and signing the consent form, 

orientations to the tasks, two sessions of the user tests with a Sudoku puzzle distraction task in 

between and time to answer a questionnaire at the end. 

Hypothesis three predicted that users would take more time to complete tasks on the 3D 

display than the 2D display.  The user tests were timed and on average, participants completed 

the 2D display task in 700.53 seconds and 3D display task in 833.63 seconds, thus confirming 

the hypothesis.  Adding details to maps can be helpful as long as the details are relevant to 

intended tasks.  If not, the additional details may hinder task completion because the useful 

information is obscured and it takes longer for users to extract relevant information.  With 

regards to this user study, the 3D maps contained elevation information that was represented by 

the third dimension, as well as aerial imagery, and both were unnecessary for completing the site 
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selection tasks.  Users working with the 3D display may have had certain perspectives obscured 

by the terrain (occlusion), requiring users to interact with the map by rotating it or changing the 

zoom level.  This interactivity would cost users by requiring them to spend additional time to 

change perspectives.  In contrast, with the 2D map users were able to see the entire study area 

from a high-level view and did not have to rotate the display to evaluate all of the sites.  As 

expected, users took longer to complete tasks on the more realistic display. 

 An exploration of female and male completion times found that females were 

significantly faster when using the 2D display (completion time mean of 727.940 seconds) than 

the 3D display (completion time mean of 838.390 seconds).  In contrast, male users did not show 

any differences when performing tasks on either display and completed tasks on the 2D display 

in an average of 675.85 seconds and on the 3D display with a mean time of 829.350 seconds.  

There were no significant differences between female and male completion times for either 

display.  These results suggest that sex did not have any major effect on completion times for this 

experiment.  However, females were faster with 2D tasks than 3D tasks.  This may have been 

due to the 3D display requiring users to rotate map perspectives to interpret the values for 

variables in each site – according to prior research females tend to have more difficulty with 

mental rotation and spatial perception tasks compared to males (Linn & Petersen, 1985).  

However, it should be noted that the issue of sex differences in spatial abilities is still an area of 

ongoing research.  The results of previous work may not have accounted for factors, such as age 

(Goldstein et al., 1990), and there is evidence that sex differences may not exist for certain 

spatial tasks (Albert and Golledge, 1999; Montello, Lovelace, Golledge, & Self, 1999) or may be 

negated with adequate training (Cherney et al., 2014).   
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 Hypothesis four anticipated that display dimensionality would affect novice users more 

than experts, in terms of completion times.  Comparing the different expertise groups showed 

that experts had a mean completion time of 647.840 seconds, while novices completed tasks in a 

mean of 753.210 seconds in the 2D display.  Regarding tasks on the 3D display, experts 

completed tasks in a mean of 766.210 seconds and novices finished on average in 901.050 

seconds.  Although experts completed tasks faster than novices on both displays, a comparison of 

expert and novice completion times indicated there was only a marginally significant difference 

between expert and novice completion times on the 3D display.  However, within-groups 

comparisons found that novices were much faster on the 2D display while the expert users did 

not perform differently.  These results suggest that novice users are more affected by 

dimensionality – performing tasks on the 3D display required novices to spend more time on the 

tasks. 

It was expected that expert users would perform well with tasks on the 2D display 

because the user test employed common tasks on a GIS that should not have been difficult for 

those with GIS experience – having a minimum of one year’s worth of experience was a 

requirement for their participation.  The tasks on the 3D display were similar to the 2D display 

tasks and were not expected to be much more challenging to those familiar with using GIS.  

Despite the fact that 58 percent of the expert users (11 of 19) reported having experience using 

3D software, while 21 percent of the novice users did (4 of 19), the MANCOVA analysis did not 

indicate that having experience with 3D software had an effect on completion times.  Having 

experience with 3D software likely was not an important factor because the tasks on the 3D 

display with ArcScene were similar to the 2D tasks on ArcMap and the user orientations covered 

the basic functions necessary to complete the tasks.  Also, there is a wide variety of 3D software, 
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from mapping software to video games, so it is probable that having prior experience with 

particular 3D software was irrelevant to the site selection tasks.  Subsequent user tests should be 

more specific in defining the types of 3D software that would be relevant to the tasks being 

tested.  

Having prior GIS experience appeared to benefit many expert users as they employed the 

GIS tools more efficiently than the novice group.  Users were allowed to use a limited set of GIS 

tools that were introduced during the orientation periods.  When used correctly, these tools could 

have facilitated the site ranking tasks.  For example, using the Measure tool would have provided 

users with another method of measuring distances rather than just a visual analysis of the 

variable layers.  Use of the tools was optional and not required to complete the ranking tasks.  

Experts tended to use tools more than novice users and this was likely due to their familiarity 

with using them.  By appropriately using the GIS tools, expert users may have negated some of 

the visual challenges that the 3D display posed and employed the tools as a form of 

compensation, as described by McKendry (2000). 

Another explanation for experts having similar results for completion times in both 

displays is that many experts minimized the number of rotations made in the 3D display and 

essentially treated it as a 2D display.  These users often rotated the 3D map so that it would show 

a top-down overview of the study area that was akin to the view shown by the 2D display.  As 

described previously, rotating and interacting with maps takes time.  Minimizing the amount of 

map rotations while also being able to evaluate each site would have led to faster task completion 

than having to rotate the display and changing perspectives to view each site.  The novice users 

tended to rotate the map often during the 3D display tasks and this likely accounted for some of 

the additional time required to complete the tasks over the ones on the 2D display.   These results 
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are consistent with a study conducted by Liao, Dong, Peng and Liu (2016), which found that 

users performed more mouse movements and had longer eye fixations with 3D browsers for 

navigation tasks than 2D browsers. 

In summary, each expertise group took longer to complete tasks with the 3D display, 

thereby supporting hypothesis three.  The results indicate that novice users were slowed down 

significantly when using the more realistic 3D display, thus confirming hypothesis four.  Experts 

were able to compensate for the extraneous visual details found in the 3D display by taking 

advantage of GIS tools and manipulating the map with a minimal amount of rotations so that it 

was treated like a 2D display.  Novices rotated the 3D displays more frequently and this likely 

contributed to the additional time required to complete the site selection tasks.  Sex was 

investigated as an explanatory factor for the differences in completion time but only showed 

significant differences between 2D and 3D completion times for females. 

5.5 Learning Effects 

 An analysis of the MANCOVA results (section 4.2.4), accuracy scores, completion times, 

and questionnaire responses indicate that a learning effect was present in the user study.  A 

Sudoku puzzle was given to each user to work on between the first and second display 

treatments.  The intention of the puzzle was to have users think about something aside from the 

site selection task and suppress any potential learning from the first task when completing the 

second one. 

 The MANCOVA for completion times showed that display order had a strong effect on 

completion times – the First Display Presented to users was significant.  An examination of user 

performance was then conducted based on the different display treatments.  For the first display 

treatment, users had a mean score of .931, while the same users scored, on average, .950 on their 
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second display tasks.  This suggests that users slightly improved their accuracy scores between 

the first and second display treatments.  Regarding completion times, users completed the first 

display tasks in a mean of 862.13 seconds and the second display tasks in a mean of 672.03 

seconds.  The time difference was significant and supports that users improved their performance 

during the second display treatment; the display order was randomized for each user, therefore if 

no learning effect occurred, the completion times would have been similar.  Furthermore, users 

were asked on the questionnaire if they believed their performance on the first display had any 

impact on their performance with the second display.  The majority of users (34 of 38) replied 

with an affirmative answer.   

Taken in aggregate, the results show that users’ performance with the second display 

treatment was benefited by experience with the first display.  The site ranking tasks were 

repetitive and it is likely the Sudoku puzzle was not sufficient to suppress any learning effect. 

5.6 Display Order 

 After the presence of a learning effect had been confirmed, additional analyses were 

conducted to determine if receiving any particular display treatment first resulted in higher 

accuracy scores or faster completion times.  

 User accuracy was compared for users receiving the 2D display treatment first versus 

those receiving the 3D display first.  No significant difference in accuracy scores was found.  In 

contrast, the user completion time results indicate that display order had a significant effect.  

Table 13 summarizes task performance based on which display users received first.  Performance 

difference was calculated by subtracting performance in the second treatment from the first 

treatment to determine gain or loss in performance based on a learning effect from the first 

treatment (for example, for 2D completion time the 2D Display First 2D completion time had the 
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3D Display First 2D completion time subtracted from it [811.550 seconds – 577.170 seconds]).  

Comparing users that received the 3D display treatment first to those receiving it second, the 

second treatment users had a 5.5% increase in 2D accuracy and were approximately 4 minutes 

faster with the 2D display task.  In contrast, when users received the 2D display first, 3D 

accuracy decreased by 2.2% and users were 2 minutes and 41 seconds faster.   

 Further analysis of total user completion times revealed that users receiving the 2D 

display treatment first completed all tasks in a mean of 1568.95 seconds (approximately 26 

minutes, 9 seconds), and those receiving the 3D display first completed all tasks in a total of 

1495.5 seconds (approximately 24 minutes, 6 seconds), on average.  In other words, users 

receiving the 3D treatment first were 73.45 seconds faster, on average.  As described in section 

4.4.2, the users that received the 2D display first completed their 3D display tasks in a similar 

amount of time, on average, with no significant difference found.  Users receiving the 3D display 

first were able to complete their subsequent 2D display tasks significantly faster – approximately 

over 330 seconds (5.5 minutes) faster, on average. 

 

 

 

Table 13: Mean Accuracy Scores and Completion Times Based on Display Order 

 Mean 2D 
Accuracy 

Mean 3D 
Accuracy 

Mean 2D 
Completion Time 

 

Mean 3D 
Completion Time 

2D Display First .877 .969 811.550 757.400 

3D Display First .932 .991 577.170 918.330 

Performance 
Difference 

.055 -.022 234.380 160.930 
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Taken altogether, the experiment results suggest there was a greater learning effect from 

users receiving the 3D display treatment first.  It appears that presenting users with the 3D 

display first allowed them to learn the site selection tasks better and perform similar tasks much 

faster on the simpler 2D display.  These results are supported by Vessey’s (1991) work with 

graph visualizations that found memorization improved when the same information was 

presented in a 3D format over a 2D format.  Those that received the 3D display treatment first 

spent more time navigating the map and likely had to concentrate on their tasks to score high 

accuracy.  Having the ability to better memorize information related to the tasks would have 

resulted in much faster completion times during the second treatment.  Carbonell Carrera and 

Bermejo Asensio (2016) found that users learned better with 3D augmented reality maps than 

with 2D representations because they encouraged interactions in an intuitive manner.  

Interestingly, in a comparison of 2D and 3D websites for learning about computer hardware 

components, Sun and Peterson (2013) hypothesized that 3D displays facilitate learning tasks but 

only found partial support with their results, suggesting that 3D displays may not prove 

beneficial over 2D displays for learning in all cases. 

 User fatigue may explain the negligible difference in completion times when receiving 

the 2D display first.  The 3D display task was intended to be more challenging and users that 

received that display last may have been fatigued after finishing the first round of testing with the 

simpler display.  Feeling fatigued may have resulted in longer completion times.  However, the 

majority of users completed the entire testing session, including the orientations, Sudoku puzzle 

distraction task, and questionnaire in under an hour, making it unlikely that many users were 

tired by the time they performed their second test.  In fact, many users reported on the 
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questionnaire that they enjoyed the user tests, providing further indication that users did not feel 

fatigued.   

 It should be noted that to draw definitive conclusions about the effects of display order, 

additional tests should be conducted with a 2D treatment followed by another 2D treatment and 

also a 3D treatment followed by another 3D treatment. 

Although no significant difference in accuracy performance was detected, there were 

some indications that users receiving the 3D display first had overall higher 2D and 3D accuracy 

scores.  It is possible that because users generally scored highly on the user tests, it may have 

obscured any differences in accuracy performance.  Additional testing with a more difficult user 

test may be worthwhile to confirm if having users complete tasks with 3D displays first primes 

them to better complete subsequent 2D display tasks.   

5.7 Naïve Realism, User Preferences, and Confidence 

 Users were asked about their display preferences for task completion on a questionnaire.  

The data were used to measure user perceptions about accuracy rates and completion times and 

determine if any were susceptible to naïve realism.  Users’ confidence about the accuracy of their 

decisions was also recorded at the end of each site selection ranking task to determine if there 

were any correlations with performance.  Both the expert and novice user groups had individuals 

exhibiting naïve realism for completion times and accuracy.  

 Hypothesis five predicted that both expert and novice users would tend to perceive they 

completed tasks faster with the more realistic display.  The questionnaire data was analyzed to 

determine how users believed they performed in terms of speed.  Although the majority of users 

(29 out of 38) believed they were faster with the less realistic, 2D display, there were 9 users that 
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thought they were faster on the 3D display or performed equally fast on both displays.  Of these 

9 users, 7 were faster with the 2D display, indicating the presence of naïve realism (with 6 users 

perceiving no difference in performance times but actually performing faster on the 2D display).  

These naive users completed tasks nearly 5 minutes faster (291 seconds), on average, with the 

2D display.  The results indicate that novice users had more difficulty making accurate time 

judgments, as the naïve group had 2 experts and 5 novices.  In terms of sex, there were 3 female 

and 4 male naïve users.  Each of the naïve users received the 3D display treatment first. 

 Hypothesis six predicted that expert and novice users perceive they perform tasks most 

accurately with 3D displays.  Again, the questionnaire data was examined to determine users’ 

perceptions about task accuracy.  Although only 34.2% of all users thought they were most 

accurate with the 3D display (16 out of 38 users), they outnumbered those that preferred the 2D 

display (11 out of 38 users) and 11 users were indifferent.  Of the 16 users that believed they 

were most accurate with the 3D display, 13 were actually more accurate with the 2D display and 

exhibited naïve realism.  The majority of these users were in the expert group (11 users), and 

users were almost evenly divided based on sex (6 females and 7 males).  Nine of the naïve users 

received the 2D treatment first. 

The results partially confirm hypotheses five and six – subsets of the users believed they 

were faster or more accurate with the 3D displays when the opposite was true.  The majority of 

users had difficulty judging their own accuracy.  Only 12 users correctly reported the display 

they performed most accurately with.  In contrast, 20 users were able to correctly report the 

display they were fastest with.  The results indicate that users are better able to judge their 

completion time performance than their accuracy performance, with experts having more errors 

perceiving the latter in this experiment.  This is likely due to experts believing that having any 
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additional information aids with decision making even though the extra information may not be 

relevant to the decision to be made.  The phenomenon observed echoes prior research in naïve 

realism (Hegarty et al., 2012; Hegarty et al., 2009).  Many of the experts reported in their 

questionnaire responses that the 3D elevation data was helpful, when in fact, it was not useful for 

the tasks assigned in this experiment.  In this experiment, novices do not seem to be as eager for 

more information to complete the tasks, either because their lack of subject knowledge caused 

them to realize that additional information was unnecessary or they were not as engaged or 

invested in the goals of the task, as the experts were.  Many of the expert users were careful with 

their tasks and checked their answers.  The expert users were recruited from disciplines 

involving natural resources and were likely more interested in the scenario topic than the novices 

and this may have caused them to overthink about the tasks.  One expert user spent nearly 45 

minutes (2691 seconds) on the 3D task alone.  Based on examining the questionnaire responses, 

he strongly supported protecting the Sonoran pronghorn and was highly engaged with the goals 

of the scenario and was willing to sacrifice time for accuracy.  No differences in user accuracy 

were detected between the expertise groups and this may be due to most of the users scoring 

highly on the user tests.  Users who were naïve about their time performance received the 3D 

treatment first and thought they did better with that display even though they were faster with the 

2D display.  It may be that because users were so engrossed with becoming familiar with the task 

during the first treatment they did not realize how much time had passed.  Similarly, the majority 

of users naïve about their accuracy performance tended to have the 2D display treatment first.  

These users thought they improved their performance in the second treatment when they actually 

performed just as well on both displays. 
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 User confidence data was gathered at the end of each site selection task.  Hypothesis 

seven predicted that both expert and novice users would have higher confidence in their 

decisions for the 3D display.  As confidence is an indicator of data quality, the hypothesis posits 

that higher confidence levels reflect user belief that more realistic displays are of higher quality.  

Users assigned a slightly higher confidence level to the 2D display in this experiment; however, 

no significant difference in confidence levels was found within the expert or novice groups, or 

between groups.  Sex and the first display presented to users were also examined but no 

significant differences were identified.  These results run counter to those in Fabrikant and 

Boughman (2006) and Zanola, Fabrikant, and Coltekin (2009), where significant differences in 

confidence levels between experts and novices were found.  However, those studies involved 

static maps and interacting with the 3D maps in this experiment may have led users to question 

their confidence levels because the experiment was the first time many participants used the 

software.  It also may be the case that user familiarity with 2D maps caused them to feel more 

confident using that display.  Based on the correlation results from section 4.5.3, user confidence 

with the 2D display was highly correlated with 2D user accuracy, suggesting users were better 

able to gauge their accuracy with 2D displays, which is logical because they were more familiar 

with 2D maps.  Sixteen users reported liking the 3D display best and the majority of these users 

listed reasons including allowing better visualization of the terrain and it being more realistic.  It 

should be noted that eight of these users were naïve about accuracy because they scored equally 

well with both the 2D and 3D tasks but believed they performed better with the 3D display.   

Users appeared to favor realism for completing the user tests.  Participants had the option 

of unchecking the layer displaying the aerial imagery for the 3D treatment. This would have 

reduced visual realism while also keeping the 3D qualities of the display intact.  The aerial 
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imagery did not convey any useful information for the site selection tasks in this study.  Despite 

the fact that unchecking the aerial imagery layer was demonstrated during the orientation period 

for the 3D display treatment, only two users did so during the user tests.  These observations lend 

support to the notion that when users are given choices for displaying their data, they may not 

always choose the most efficient option for showing that data.  Sun and Peterson (2013) 

suggested that users preferred stereo 3D images to static 2D images because they enhanced 

telepresence – the sense of being in the environment displayed.  It should be noted that 3D 

accuracy was correlated to display preference; however, because the majority of users scored 

reached 100 percent accuracy, it was a not an informative result. 

 There is a possibility that demand characteristics influenced user perceptions in this user 

study (Klein et al., 2012; Orne, 1962).  At the beginning of user testing, each user received a 

copy of the consent form explaining the details of the experiment.  Although neutral language 

was used to describe the goals of the experiment, 2D maps are currently more common than 3D 

maps and users may have thought about possible underlying research questions because of the 

novelty of 3D maps – when comparing performance between the 2D and 3D displays, users may 

have considered the purpose of the experiment.  However, 15 of the 38 users had prior 

experience with 3D software, which may have reduced the novelty factor of the 3D presentation. 

5.8 Future Research Considerations 

 The objective of this dissertation was to determine the effects of map display realism on 

site selection tasks for a natural resource management scenario.  Specifically, user tests were 

conducted with expert and novice users to ascertain how task accuracy and task completion time 

were affected by increased realism between 2D and 3D display tasks on interactive maps.  It is 

clear that display realism had an effect on task performance in this experiment.  It was found that 
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increased realism did not significantly affect task accuracy for expert or novice users.  

Performing tasks on the 3D display resulted in significantly slower completion times when 

compared to 2D display tasks.  Novices and female users were found to be faster with 2D display 

than 3D display tasks indicating they were more negatively affected by display realism.  Naïve 

realism was found in some expert and novice users with regards to perceptions about their own 

accuracy and completion time performances. 

 Although the results of this dissertation identified some of the effects of increased display 

realism, the results are limited by the design of the experiment and additional research is 

necessary before definitive conclusions can be drawn. 

 One area for future research is to conduct further testing on user accuracy with interactive 

maps.  Although no difference in accuracy for the different expertise groups was found for this 

experiment, it does not necessarily imply the accuracy results hold true for other types of tasks or 

scenarios.  It is possible there were flaws with the testing instruments for how accuracy was 

measured, as indicated by the high accuracy rates for each user group.  Efforts could be made to 

increase the difficulty of the user tests by adding a time limit, for example, or offering a financial 

incentive for completing the site rankings within a certain amount of time.  Doing so would 

likely decrease accuracy rates and determine if any differences in the user groups are 

insignificant or if the accuracy results in this study are an artifact of the user tests. 

 Another area for future research is to examine the effects of display realism at the level of 

individuals.  This experiment looked at participants from a group level and large variations in 

user performance were found.  Each group had large variations in completion times, especially 

experts with the 3D display tasks.  It would be worthwhile to explore both expert and novice 

users at the individual level to ascertain if the underlying reasons for the difference in 
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performance could be identified.  Also, because naïve realism was found in some expert and 

novice users, a study at the individual level may identify specific characteristics that cause them 

to be naïve. Screen capture videos of individual performance could facilitate this goal. 

 Studying demand characteristics and their possible influence on this experiment’s results 

is another area to investigate.  To mitigate the potential of their influence in the future, studies 

could use deception in the consent forms when describing the objectives of display realism 

studies.  This could reduce the potential of participants realizing the true research goals and 

providing responses they believe the researchers want.  Automating aspects of the user tests so 

that the experimenter’s contact with participants is minimized may also reduce the likelihood of 

inadvertently biasing participants. 

The participants for this experiment were recruited from university student populations.  

Although this experiment included people from a wide variety of demographic groups, future 

experiments on display realism should consider recruiting individuals from the general 

population (e.g. all interactive map users) and dividing participants by other criteria aside from 

expertise, such as age, to determine the effects of display realism on the general population.  

As depicted in Figures 3 and 4, the 2D display treatment showed land beyond the study 

area boundary, while the 3D display treatment just showed the study area.  It is possible that 

displaying the surrounding area may have affected task completion.  Although none of the users 

were observed manipulating the maps to view areas outside of the study area, subsequent 

experiments should only show users the study area in the 2D display treatment to determine if 

the presence of extraneous land had any effect on task performance. 
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 The results of this research clearly show that display realism had an effect on decision 

making performance, particularly with regard to task completion time.  Task performance was 

also affected by the presentation of display order and a subset of the user population was 

influenced by naïve realism.  It appears that for instances where 3D visualizations are 

unnecessary, employing 2D displays may result in significant time savings for natural resource 

management.  When training personnel for performing map-based tasks, it may be beneficial to 

teach employees with a 3D display first and then have them perform tasks on a 2D display.  The 

following Conclusion chapter discusses the significance of this research, its implications and 

potential applications to cartographic theory and map-related tasks.  
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CHAPTER 6: CONCLUSION 

6.1 Introduction 

 This chapter reflects upon the significance and implications of this research.  Potential 

directions for future work to study the effects of cartographic display realism on task 

performance are identified. 

6.2 Research Significance  

 The purpose of this dissertation was to investigate the effects of cartographic display 

realism on decision making in a natural resource management context.  Previous work had not 

studied naïve realism when using interactive displays.  As mapping software, particularly those 

enabling 3D cartographic visualizations become commonplace, teaching mapmakers the 

importance of cartographic design principles becomes more necessary as map presentation can 

affect task performance.  The increased accessibility of GIS and interactive maps requires that 

adequate training be provided for how to best represent cartographic data.   

This dissertation makes a significant contribution to prior research by exploring how 

display realism affects decision making task performance with interactive maps and user 

perceptions about their own performance.  Cartographic visualizations that allow users to view 

maps with a third dimension are becoming more accessible to users.  Prior work investigating 

naïve realism focused on activities with static displays (e.g. Hegarty et al., 2009).  Interactive 

maps differ from static maps in that users can manipulate the displays to show multiple 

perspectives.  This dissertation discovered that naïve realism influences some experts and 

novices when using interactive maps.  The prior research with static maps laid down a 
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foundation for a natural progression to study task performance with interactive maps, allowing 

comparisons of maps with varying levels of realism.   

Another contribution of this research is clarifying users’ self perceptions about their time 

and accuracy performance and their relationship towards naïve realism.  When collecting data on 

users’ perceptions about task performance, researchers tended to ask users about their display 

preferences (Hegarty et al., 2012; Hegarty et al., 2009).  Researchers did not make a distinction 

as to whether users differed in their accuracy or completion time perceptions.  The user study in 

this dissertation directly asked users about their preferences regarding completion time and 

accuracy separately.  It was found that some users have difficulty correctly identifying the 

display that they are most efficient with for each performance metric.  Also, subsets of expert 

and novice users were influenced by naïve realism, believing they were faster or more accurate 

with the more realistic 3D display when they performed better with the simpler 2D display.  

Users appeared to have greater difficulty evaluating the accuracy of their decisions and a larger 

percentage of users were influenced by naïve realism for accuracy than for completion time.  The 

results indicate that for instances where map-based task efficiency or accuracy are of the utmost 

importance, it may be prudent to limit users’ choice in map displays as many users had trouble 

judging their own performance. 

This dissertation also found that expert and novice users took different approaches during 

the user tests.  It was observed that experts generally followed an approach for the site selection 

tasks that minimized the number of map rotations and employed GIS tools.  These factors likely 

reduced the negative effects of display realism when compared to novice user performance, 

particularly with regards to completion time.  The results indicate that novices required 

significantly more time to complete tasks on the realistic display when compared to the expert 
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group.  These results may also aid in the creation of customized interfaces for users of varying 

levels of expertise; novice users with little GIS and natural resource experience, for example, 

may benefit by having their map choices limited to simpler displays to improve task 

performance.  For example, with citizen science projects where both domain expert and novice 

users participate in map-based activities, novice users, particularly those with no prior GIS 

experience, may improve their performance time by being restricted to simpler displays.  Future 

research could further analyze the relationship between GIS tool use and map rotations and any 

possible relationship with naïve realism.  If, for example, it was found that the use of tools is 

negatively correlated to being influenced by naïve realism, it may motivate system designers to 

encourage the use of GIS tools in their interfaces. 

A clear learning effect was identified in this research and the order that the display 

treatments were presented to users had a significant impact on task performance.  It appears that 

users learned to perform tasks faster when presented with the 3D display first, followed by the 

2D display.  These results may have implications for teaching users how to perform map-based 

tasks more efficiently.  The results suggest it may be more effective to train users on 3D displays 

and then have them perform tasks on 2D displays.  With this method, users would benefit from 

the increased memorization that the 3D visualizations facilitate and become less distracted with 

the simpler 2D display.  This method may particularly be useful in professions where task 

completion time is critical, such as emergency response.  However, it should be noted that the 

experiment involved a specific set of tasks for natural resource management and additional 

research is necessary to confirm the applicability of these results to other map-based tasks and 

disciplines.  Specifically, additional tests should be performed with 2D display treatments 
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followed by other 2D treatments and 3D treatments followed by other 3D treatments to fully 

understand the nature of how display order affects task performance. 

6.3 Research Implications 

The results of this dissertation indicate that display realism has an effect on decision 

making performance.  It should be emphasized that the results are only applicable to the 

particular conditions tested in the user experiment (e.g. university students comparing different 

sites for a specific natural resource management scenario) and additional research is needed to 

assess the broader applicability of these results.  However, the results do hold promise for 

stimulating future research that may improve map-based decision making performance. 

Opportunities for building upon the results of this dissertation include investigating the 

effects of display realism on other map-based tasks.  This dissertation examined the effects of 

display realism on site selection tasks that required interpreting and interacting with features on 

GIS maps.  Roth and MacEachren (2016) developed a series of map-based tasks based on a 

taxonomy of interaction primitives (Roth, 2013) to identify patterns in interaction strategies.  

Adapting this framework for future studies on display realism and following the taxonomy 

would facilitate a systematic approach for additional user testing.  Performing additional research 

with comparable tasks on displays having varying levels of realism would elucidate the 

generalization of this dissertation’s results to other map-based tasks.  New methods for teaching 

users how to more effectively perform GIS tasks may also be created, as suggested by the 

increased performance from the order that display treatments were presented. 

One potential application of this research is assessing the impact of cartographic display 

realism on disaster management.  Chen, Zick and Benjamin (2016) have developed a 

methodology for creating evacuation maps in response to hurricanes and addressed the 
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importance of cartographic elements, such as color and symbol choice, to communicate hazard 

risk to the public; interestingly, choice of base map or level of map realism were not discussed in 

this article.  A preliminary study by Konečný, et al. (2011) indicates that users required more 

time using orthophoto maps when compared to topographic maps to complete tasks related to 

crisis management.  However, the authors did highlight the need for further research, particularly 

with collecting data to create maps customized for specific user groups.  To determine whether 

display realism has any effect on interpreting evacuation maps, a user test could be established 

where emergency responders serve as an expert group and members of the public as a novice 

group and maps with varying levels of realistic base maps are compared.  This experiment could 

ascertain whether display realism has an impact on evacuees and responders being able to 

interpret evacuation maps, where delays in response time or errors in accuracy could have severe 

consequences.  

As technology advances, the implications of this dissertation’s results may also extend to 

new visualization techniques.  For example, Oculus Rift virtual reality headsets have been 

successfully used for urban planning applications (Boulos et al., 2017).  CAVE (cave automatic 

virtual environment) technology is also increasingly being used for geospatial applications in 

immersive environments (Batty, Lin, & Chen, 2017).  The consequences of employing virtual 

reality technology are largely unknown for map-based task performance.  It would be worthwhile 

to deploy a similar methodology as this dissertation to determine if the immersive nature of these 

new technologies facilitate or have any detrimental result on task performance.  Research 

evaluating the efficacy of augmented reality technology for teaching cartographic interpretation 

tasks on tablet computers has recently been conducted (Carbonell Carrera & Bermejo Asensio, 

2016).  As technology progresses and displays and interactions become even more life-like, 
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assessments of the effects of deploying increasingly realistic depictions become necessary.  A 

comparison of task performance with traditional computer-based displays would clarify how the 

increased realism and immersiveness of virtual reality affects users, if at all.  

New technology and media for displaying maps are transforming the field of cartography.  

Maps are important decision making tools, however, maps may also impose unintended 

limitations that users are unaware of.  Learning how technological advances impact decisions 

will always be necessary.  Cartographers have a role in guiding users with the application of 

these new technologies – they could best train users how to make the most of the increased 

access to mapmaking technologies and improve map designs for better task performance.   
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APPENDIX A: BACKGROUND SCENARIO 
 

Background 

 
The Sonoran pronghorn (Antilocapra americana sonoriensis) is a species of concern at 

regional administrative units in Southern Arizona.  This subspecies of pronghorn antelope is 

endangered with only four populations remaining, two in southwest Arizona and two separate 

populations in Mexico.  After a severe drought in 2002, the population of Sonoran pronghorn in 

Arizona declined to an estimated 21 individuals.  Several regional agencies met and formulated a 

recovery plan for the Sonoran pronghorn that included a captive breeding program.  Captured 

pronghorn were relocated to breeding pens in the Cabeza Prieta National Wildlife Refuge and 

Kofa National Wildlife Refuge and captive-bred pronghorn were released into the wild.  The 

plan has increased the number of Sonoran pronghorn. 

 
 

 

 

 

 

 

Scenario 

You are assuming the role of a resource manager for an 

administrative unit in southern Arizona.  A third site for a 

Sonoran pronghorn breeding pen is being planned for 

Cabeza Prieta.  Cabeza Prieta has partnered with 

neighboring administrative units to decide on the breeding 

pen’s location.  Consulting experts have proposed possible 

sites to relocate captured pronghorn.  The administrative 

units have created a spatial decision support system for 

prioritizing sites based on 4 criteria associated with habitat 

preferences of Sonoran pronghorn: slope, precipitation, 

proximity to roads and vegetation type.  It was decided 

that representatives would use the system to evaluate the 

suitability of each site.  You have been asked to represent 

your unit. 
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You will be presented with two situations relating to the 4 criteria.  In each situation, you will 

use a provided geographic information system and spreadsheet to assign points to all sites for 

each criterion.  Guidelines are provided by your organization to assist with scoring.  The 

spreadsheet will calculate point totals for each site.  You will then rank the sites by score totals 

with the site containing the highest number of points considered as best.   

An orientation of the software will be given before you begin the decision making process.  Treat 

each situation as independent from one another and assume that each situation provides enough 

information to make your decision.  You should aim to complete the tasks as quickly and 

accurately as possible.    
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APPENDIX B: DECISION SCORING SHEET 
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APPENDIX C: DISPLAY TREATMENTS 
 

									 	

2D distance to roads display treatment 

	

																 	

3D distance to roads display treatment 
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2D slope display treatment 

	

	

																 	

3D slope display treatment 
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2D precipitation display treatment 

	

	

																		 	

3D precipitation display treatment 
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2D vegetation display treatment 

	

																		 	

3D vegetation display treatment 
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APPENDIX D: DATA COLLECTION FORM 
	
Study	ID	Number:	

Date/Time:	

Display	Type:	

First	or	Second	Display?	

Note	tools	used	and	order	

	 Site	A	 Site	B	 Site	C	 Site	D	 Site	E	

Roads	

	 	 	 	 	

Slope	

	 	 	 	 	

Precipitation	

	 	 	 	 	

Vegetation	

	 	 	 	 	

	

Checked	work?	

Displayed	multiple	layers?	

Time	for	completion:	

	

	
Other:	 	
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APPENDIX E: SUDOKU PUZZLE DISTRACTION TASK 
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APPENDIX F: QUESTIONNAIRE 
	

 

 

PLEASE INDICATE YOUR 

Study ID #:_______________ 

Age: _______________ 

Sex:         Female____     Male____ 

Job Title or Major (if a student): ______________________________ 

 

Natural Resource Experience (including land management, environmental work) 

· Education:  __________ years 
· Work:          __________ years 
· Other:         __________years 

 

GIS Experience 

· Education:  __________ years 
· Work:          __________ years 
· Other:         __________years 

 

Did you have any previous experience using ArcScene or any other 3D software?  If yes, 
please explain briefly. 

 

 

 

On a scale of 1 to 5, how would you rate your level of GIS expertise? 

(1 = novice, 5 = expert) 

 

 

Use the images below to answer the following questions. 

Please complete this entire questionnaire. Your participation is appreciated. 
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A)       B) 

           

Which display allowed you to rank the sites the fastest?   

Image A  Image B  No Difference 

 

With which display do you believe you were most accurate in ranking the sites? 

Image A  Image B  No Difference 

 

Which display is more aesthetically pleasing? 

Image A  Image B  No Difference 

 

Which display did you like better? 

Image A  Image B  No Difference 

· Why? 

 

 

Did the first activity have an influence on the second activity?  If so, how? 
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Would you have used any other GIS tools or functions to complete these activities? If so, 
which ones? 

 

 

 

Any additional comments?   

 

 

 

Thank you for completing this questionnaire! 
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APPENDIX G: SUPPLEMENTAL DATA  
 

Overall accuracy (original values) 

 
Statistics 

 2D_Accuracy 3D_Accuracy 

N Valid 38 38 

Missing 0 0 

Mean .92045 .96034 

Std. Deviation .155106 .099035 

Skewness -2.422 -3.112 

Std. Error of Skewness .383 .383 

Kurtosis 6.141 10.258 

Std. Error of Kurtosis .750 .750 

Minimum .316 .527 

Maximum 1.000 1.000 

 
 

Tests of Normality 

 
Kolmogorov-Smirnova Shapiro-Wilk 

Statistic df Sig. Statistic df Sig. 

2D_Accuracy .354 38 .000 .591 38 .000 

3D_Accuracy .419 38 .000 .471 38 .000 

a. Lilliefors Significance Correction 
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Expert vs Novice 
Descriptives 

 Expertise Statistic Std. Error 

2D_Accuracy expert Mean .92974 .041062 

95% Confidence Interval for 

Mean 

Lower Bound .84347  
Upper Bound 1.01601  

5% Trimmed Mean .95993  
Median 1.00000  
Variance .032  
Std. Deviation .178987  
Minimum .316  
Maximum 1.000  
Range .684  
Interquartile Range .000  
Skewness -2.859 .524 

Kurtosis 8.099 1.014 

novice Mean .91116 .030117 

95% Confidence Interval for 

Mean 

Lower Bound .84788  
Upper Bound .97443  

5% Trimmed Mean .92756  
Median 1.00000  
Variance .017  
Std. Deviation .131278  
Minimum .527  
Maximum 1.000  
Range .473  
Interquartile Range .200  
Skewness -1.652 .524 

Kurtosis 2.677 1.014 

3D_Accuracy expert Mean .95326 .027502 

95% Confidence Interval for 

Mean 

Lower Bound .89548  
Upper Bound 1.01104  

5% Trimmed Mean .97435  
Median 1.00000  
Variance .014  
Std. Deviation .119878  
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Minimum .527  
Maximum 1.000  
Range .473  
Interquartile Range .051  
Skewness -3.100 .524 

Kurtosis 9.666 1.014 

novice Mean .96742 .017296 

95% Confidence Interval for 

Mean 

Lower Bound .93108  
Upper Bound 1.00376  

5% Trimmed Mean .97836  
Median 1.00000  
Variance .006  
Std. Deviation .075393  
Minimum .738  
Maximum 1.000  
Range .262  
Interquartile Range .000  
Skewness -2.413 .524 

Kurtosis 5.079 1.014 

 
 
 

Tests of Normality 
 

Expertise 

Kolmogorov-Smirnova Shapiro-Wilk 
 Statistic df Sig. Statistic df Sig. 

2D_Accuracy expert .442 19 .000 .469 19 .000 

novice .298 19 .000 .719 19 .000 

3D_Accuracy expert .389 19 .000 .458 19 .000 

novice .457 19 .000 .509 19 .000 

a. Lilliefors Significance Correction 
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Sex 
 

Descriptives 
 Sex Statistic Std. Error 

2D_Accuracy female Mean .89511 .035339 

95% Confidence Interval for 

Mean 

Lower Bound .82055  
Upper Bound .96967  

5% Trimmed Mean .90973  
Median .97450  
Variance .022  
Std. Deviation .149931  
Minimum .527  
Maximum 1.000  
Range .473  
Interquartile Range .200  
Skewness -1.398 .536 

Kurtosis 1.018 1.038 

male Mean .94325 .035764 

95% Confidence Interval for 

Mean 

Lower Bound .86839  
Upper Bound 1.01811  

5% Trimmed Mean .97494  
Median 1.00000  
Variance .026  
Std. Deviation .159942  
Minimum .316  
Maximum 1.000  
Range .684  
Interquartile Range .000  
Skewness -3.570 .512 

Kurtosis 13.660 .992 

3D_Accuracy female Mean .94239 .030132 

95% Confidence Interval for 

Mean 

Lower Bound .87882  
Upper Bound 1.00596  
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5% Trimmed Mean .96227  
Median 1.00000  
Variance .016  
Std. Deviation .127840  
Minimum .527  
Maximum 1.000  
Range .473  
Interquartile Range .051  
Skewness -2.553 .536 

Kurtosis 6.453 1.038 

male Mean .97650 .013958 

95% Confidence Interval for 

Mean 

Lower Bound .94728  
Upper Bound 1.00572  

5% Trimmed Mean .98844  
Median 1.00000  
Variance .004  
Std. Deviation .062423  
Minimum .738  
Maximum 1.000  
Range .262  
Interquartile Range .000  
Skewness -3.357 .512 

Kurtosis 12.103 .992 

 
 

Tests of Normality 
 

Sex 

Kolmogorov-Smirnova Shapiro-Wilk 
 Statistic df Sig. Statistic df Sig. 

2D_Accuracy female .307 18 .000 .741 18 .000 

male .439 20 .000 .416 20 .000 

3D_Accuracy female .396 18 .000 .536 18 .000 

male .447 20 .000 .446 20 .000 

a. Lilliefors Significance Correction 
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Descriptives 
 First_Display Statistic Std. Error 

2D_Accuracy 2D Mean .87650 .044063 

95% Confidence Interval for 

Mean 

Lower Bound .78428  
Upper Bound .96872  

5% Trimmed Mean .90078  
Median 1.00000  
Variance .039  
Std. Deviation .197055  
Minimum .316  
Maximum 1.000  
Range .684  
Interquartile Range .200  
Skewness -1.688 .512 

Kurtosis 2.342 .992 

3D Mean .96928 .015212 

95% Confidence Interval for 

Mean 

Lower Bound .93718  
Upper Bound 1.00137  

5% Trimmed Mean .97698  
Median 1.00000  
Variance .004  
Std. Deviation .064541  
Minimum .800  
Maximum 1.000  
Range .200  
Interquartile Range .051  
Skewness -2.301 .536 

Kurtosis 4.379 1.038 

3D_Accuracy 2D Mean .93230 .029163 

95% Confidence Interval for 

Mean 

Lower Bound .87126  
Upper Bound .99334  
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5% Trimmed Mean .95106  
Median 1.00000  
Variance .017  
Std. Deviation .130422  
Minimum .527  
Maximum 1.000  
Range .473  
Interquartile Range .092  
Skewness -2.090 .512 

Kurtosis 4.060 .992 

3D Mean .99150 .004610 

95% Confidence Interval for 

Mean 

Lower Bound .98177  
Upper Bound 1.00123  

5% Trimmed Mean .99339  
Median 1.00000  
Variance .000  
Std. Deviation .019558  
Minimum .949  
Maximum 1.000  
Range .051  
Interquartile Range .000  
Skewness -1.956 .536 

Kurtosis 2.040 1.038 

 
 
 
 

Tests of Normality 
 

First_Display 

Kolmogorov-Smirnova Shapiro-Wilk 
 Statistic df Sig. Statistic df Sig. 

2D_Accuracy 2D .335 20 .000 .697 20 .000 

3D .405 18 .000 .533 18 .000 

3D_Accuracy 2D .398 20 .000 .603 20 .000 

3D .501 18 .000 .457 18 .000 

a. Lilliefors Significance Correction 
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Paired Samples Sign Test for Accuracy 
 
 
 

Descriptive Statistics 

 N Mean Std. Deviation Minimum Maximum 

2D_Accuracy 38 .92045 .155106 .316 1.000 

3D_Accuracy 38 .96034 .099035 .527 1.000 

 
 

Frequencies 

 N 

3D_Accuracy - 2D_Accuracy Negative Differencesa 5 

Positive Differencesb 9 

Tiesc 24 

Total 38 

a. 3D_Accuracy < 2D_Accuracy 

b. 3D_Accuracy > 2D_Accuracy 

c. 3D_Accuracy = 2D_Accuracy 

 
 

Test Statisticsa 

 
3D_Accuracy - 

2D_Accuracy 

Exact Sig. (2-tailed) .424b 

a. Sign Test 

b. Binomial distribution used. 

 
 
Paired Samples Sign Test for Females 
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Descriptive Statistics 

 N Mean Std. Deviation Minimum Maximum 

2D_Accuracy 18 .89511 .149931 .527 1.000 

3D_Accuracy 18 .94239 .127840 .527 1.000 

 
 

Frequencies 

 N 

3D_Accuracy - 2D_Accuracy Negative Differencesa 2 

Positive Differencesb 5 

Tiesc 11 

Total 18 

a. 3D_Accuracy < 2D_Accuracy 

b. 3D_Accuracy > 2D_Accuracy 

c. 3D_Accuracy = 2D_Accuracy 

 
 

Test Statisticsa 

 
3D_Accuracy - 

2D_Accuracy 

Exact Sig. (2-tailed) .453b 

a. Sign Test 

b. Binomial distribution used. 

 
 

Paired Samples Sign Test for Males 

 
 
 

Descriptive Statistics 

 N Mean Std. Deviation Minimum Maximum 

2D_Accuracy 38 .92045 .155106 .316 1.000 

3D_Accuracy 38 .96034 .099035 .527 1.000 

 
 

Frequencies 

 N 
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3D_Accuracy - 2D_Accuracy Negative Differencesa 5 

Positive Differencesb 9 

Tiesc 24 

Total 38 

a. 3D_Accuracy < 2D_Accuracy 

b. 3D_Accuracy > 2D_Accuracy 

c. 3D_Accuracy = 2D_Accuracy 

 
 

Test Statisticsa 

 
3D_Accuracy - 

2D_Accuracy 

Exact Sig. (2-tailed) .424b 

a. Sign Test 

b. Binomial distribution used. 
 

 
	

	

Mann-Whitney U Tests 

Expert vs novice: 2D accuracy 

Descriptive Statistics 

 N Mean Std. Deviation Minimum Maximum 

Percentiles 

25th 50th (Median) 75th 

2D_Accuracy 38 .92045 .155106 .316 1.000 .91175 1.00000 1.00000 

Expertise 38 1.50 .507 1 2 1.00 1.50 2.00 

 
 

Ranks 
 Expertise N Mean Rank Sum of Ranks 

2D_Accuracy expert 19 21.71 412.50 

novice 19 17.29 328.50 

Total 38   
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Test Statisticsa 

 2D_Accuracy 

Mann-Whitney U 138.500 

Wilcoxon W 328.500 

Z -1.453 

Asymp. Sig. (2-tailed) .146 

Exact Sig. [2*(1-tailed Sig.)] .223b 

Exact Sig. (2-tailed) .159 

Exact Sig. (1-tailed) .079 

Point Probability .007 

a. Grouping Variable: Expertise 

b. Not corrected for ties. 

 
 

Experts vs novices: 3D accuracy 

 

 
Descriptive Statistics 

 N Mean Std. Deviation Minimum Maximum 

Percentiles 

25th 50th (Median) 75th 

3D_Accuracy 38 .96034 .099035 .527 1.000 .98725 1.00000 1.00000 

Expertise 38 1.50 .507 1 2 1.00 1.50 2.00 

 
 

Ranks 
 Expertise N Mean Rank Sum of Ranks 

3D_Accuracy expert 19 19.05 362.00 

novice 19 19.95 379.00 

Total 38   

 
 

Test Statisticsa 

 3D_Accuracy 

Mann-Whitney U 172.000 

Wilcoxon W 362.000 

Z -.333 

Asymp. Sig. (2-tailed) .739 
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Exact Sig. [2*(1-tailed Sig.)] .817b 

Exact Sig. (2-tailed) .785 

Exact Sig. (1-tailed) .392 

Point Probability .018 

a. Grouping Variable: Expertise 

b. Not corrected for ties. 

 
 

Males vs females: 2D accuracy 

 
Descriptive Statistics 

 N Mean Std. Deviation Minimum Maximum 

Percentiles 

25th 50th (Median) 75th 

2D_Accuracy 38 .92045 .155106 .316 1.000 .91175 1.00000 1.00000 

Sex 38 1.53 .506 1 2 1.00 2.00 2.00 

 
Ranks 

 Sex N Mean Rank Sum of Ranks 

2D_Accuracy female 18 16.58 298.50 

male 20 22.13 442.50 

Total 38   

 
 

Test Statisticsa 

 2D_Accuracy 

Mann-Whitney U 127.500 

Wilcoxon W 298.500 

Z -1.819 

Asymp. Sig. (2-tailed) .069 

Exact Sig. [2*(1-tailed Sig.)] .126b 

Exact Sig. (2-tailed) .071 

Exact Sig. (1-tailed) .038 

Point Probability .002 

a. Grouping Variable: Sex 

b. Not corrected for ties. 
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Males vs females: 3D accuracy 

 
Descriptive Statistics 

 N Mean Std. Deviation Minimum Maximum 

Percentiles 

25th 50th (Median) 75th 

3D_Accuracy 38 .96034 .099035 .527 1.000 .98725 1.00000 1.00000 

Sex 38 1.53 .506 1 2 1.00 2.00 2.00 

 
 

 

 

 
Ranks 

 Sex N Mean Rank Sum of Ranks 

3D_Accuracy female 18 18.58 334.50 

male 20 20.33 406.50 

Total 38   

 
 

Test Statisticsa 

 3D_Accuracy 

Mann-Whitney U 163.500 

Wilcoxon W 334.500 

Z -.648 

Asymp. Sig. (2-tailed) .517 

Exact Sig. [2*(1-tailed Sig.)] .633b 

Exact Sig. (2-tailed) .531 

Exact Sig. (1-tailed) .251 

Point Probability .024 

a. Grouping Variable: Sex 

b. Not corrected for ties. 

 
 

2D vs 3D treatment first: 2D accuracy 

 
Descriptive Statistics 
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 N Mean Std. Deviation Minimum Maximum 

Percentiles 

25th 50th (Median) 75th 

2D_Accuracy 38 .92045 .155106 .316 1.000 .91175 1.00000 1.00000 

First_Display 38 2.47 .506 2 3 2.00 2.00 3.00 

 
 

Ranks 
 First_Display N Mean Rank Sum of Ranks 

2D_Accuracy 2D 20 17.73 354.50 

3D 18 21.47 386.50 

Total 38   

 
 

Test Statisticsa 

 2D_Accuracy 

Mann-Whitney U 144.500 

Wilcoxon W 354.500 

Z -1.230 

Asymp. Sig. (2-tailed) .219 

Exact Sig. [2*(1-tailed Sig.)] .303b 

Exact Sig. (2-tailed) .232 

Exact Sig. (1-tailed) .118 

Point Probability .009 

a. Grouping Variable: First_Display 

b. Not corrected for ties. 

 
 

2D vs 3D as first display: 3D accuracy 

 
Descriptive Statistics 

 N Mean Std. Deviation Minimum Maximum 

Percentiles 

25th 50th (Median) 75th 

3D_Accuracy 38 .96034 .099035 .527 1.000 .98725 1.00000 1.00000 

First_Display 38 2.47 .506 2 3 2.00 2.00 3.00 

 
 

Ranks 
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 First_Display N Mean Rank Sum of Ranks 

3D_Accuracy 2D 20 17.93 358.50 

3D 18 21.25 382.50 

Total 38   

 
 

Test Statisticsa 

 3D_Accuracy 

Mann-Whitney U 148.500 

Wilcoxon W 358.500 

Z -1.237 

Asymp. Sig. (2-tailed) .216 

Exact Sig. [2*(1-tailed Sig.)] .361b 

Exact Sig. (2-tailed) .229 

Exact Sig. (1-tailed) .097 

Point Probability .009 

a. Grouping Variable: First_Display 

b. Not corrected for ties. 

 
Completion Times (Original) 

Experts	and	novices	

Experts	
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Descriptives 
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 Statistic Std. Error 

2D Time Mean 647.84 65.181 

95% Confidence Interval for 

Mean 

Lower Bound 510.90  
Upper Bound 784.78  

5% Trimmed Mean 633.10  
Median 589.00  
Variance 80722.696  
Std. Deviation 284.117  
Minimum 207  
Maximum 1354  
Range 1147  
Interquartile Range 317  
Skewness .908 .524 

Kurtosis .936 1.014 

3D Time Mean 766.21 116.597 

95% Confidence Interval for 

Mean 

Lower Bound 521.25  
Upper Bound 1011.17  

5% Trimmed Mean 682.79  
Median 643.00  
Variance 258304.398  
Std. Deviation 508.237  
Minimum 343  
Maximum 2691  
Range 2348  
Interquartile Range 388  
Skewness 3.267 .524 

Kurtosis 12.502 1.014 

 
 

Tests of Normality 

 
Kolmogorov-Smirnova Shapiro-Wilk 

Statistic df Sig. Statistic df Sig. 

2D Time .166 19 .176 .937 19 .235 

3D Time .260 19 .001 .624 19 .000 

a. Lilliefors Significance Correction 
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Novices 
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Descriptives 

 Statistic Std. Error 

2D Time Mean 753.21 51.344 

95% Confidence Interval for 

Mean 

Lower Bound 645.34  

Upper Bound 861.08  

5% Trimmed Mean 743.85  

Median 656.00  

Variance 50086.953  

Std. Deviation 223.801  

Minimum 410  

Maximum 1265  

Range 855  

Interquartile Range 297  

Skewness .954 .524 

Kurtosis .479 1.014 

3D Time Mean 901.05 58.676 

95% Confidence Interval for 

Mean 

Lower Bound 777.78  

Upper Bound 1024.33  

5% Trimmed Mean 891.17  

Median 908.00  

Variance 65414.053  

Std. Deviation 255.762  

Minimum 521  

Maximum 1459  

Range 938  

Interquartile Range 410  

Skewness .703 .524 

Kurtosis -.204 1.014 

 
 

Tests of Normality 

 
Kolmogorov-Smirnova Shapiro-Wilk 

Statistic df Sig. Statistic df Sig. 

2D Time .194 19 .057 .917 19 .099 
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3D Time .168 19 .164 .939 19 .252 

a. Lilliefors Significance Correction 

 
Female	and	males	

Female	
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Descriptives 

 Statistic Std. Error 

2D Time Mean 727.94 67.256 

95% Confidence Interval for 

Mean 

Lower Bound 586.05  

Upper Bound 869.84  

5% Trimmed Mean 717.77  

Median 621.00  

Variance 81420.056  

Std. Deviation 285.342  

Minimum 285  

Maximum 1354  

Range 1069  

Interquartile Range 364  

Skewness .814 .536 

Kurtosis .203 1.038 

3D Time Mean 838.39 67.206 

95% Confidence Interval for 

Mean 

Lower Bound 696.60  

Upper Bound 980.18  
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5% Trimmed Mean 828.77  
Median 888.50  
Variance 81299.899  
Std. Deviation 285.131  
Minimum 391  
Maximum 1459  
Range 1068  
Interquartile Range 404  
Skewness .273 .536 

Kurtosis -.124 1.038 

 
 

Tests of Normality 

 
Kolmogorov-Smirnova Shapiro-Wilk 

Statistic df Sig. Statistic df Sig. 

2D Time .199 18 .058 .927 18 .175 

3D Time .102 18 .200* .968 18 .755 

*. This is a lower bound of the true significance. 

a. Lilliefors Significance Correction 

 
Male	
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Descriptives 

 Statistic Std. Error 

2D Time Mean 675.85 52.571 

95% Confidence Interval for 

Mean 

Lower Bound 565.82  
Upper Bound 785.88  

5% Trimmed Mean 673.28  
Median 648.50  
Variance 55273.503  
Std. Deviation 235.103  
Minimum 207  
Maximum 1191  
Range 984  
Interquartile Range 202  
Skewness .444 .512 

Kurtosis .747 .992 
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3D Time Mean 829.35 110.225 

95% Confidence Interval for 

Mean 

Lower Bound 598.65  
Upper Bound 1060.05  

5% Trimmed Mean 752.94  
Median 710.50  
Variance 242989.082  
Std. Deviation 492.939  
Minimum 343  
Maximum 2691  
Range 2348  
Interquartile Range 324  
Skewness 3.094 .512 

Kurtosis 11.368 .992 

 
 

Tests of Normality 

 
Kolmogorov-Smirnova Shapiro-Wilk 

Statistic df Sig. Statistic df Sig. 

2D Time .156 20 .200* .944 20 .291 

3D Time .256 20 .001 .656 20 .000 

*. This is a lower bound of the true significance. 

a. Lilliefors Significance Correction 

 
	

2D	First	and	3D	First	

2D	First	
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Descriptives 

 Statistic Std. Error 

2D Time Mean 811.55 56.684 

95% Confidence Interval for Lower Bound 692.91  
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Mean Upper Bound 930.19  
5% Trimmed Mean 796.61  
Median 737.00  
Variance 64261.524  
Std. Deviation 253.499  
Minimum 538  
Maximum 1354  
Range 816  
Interquartile Range 390  
Skewness .870 .512 

Kurtosis -.385 .992 

3D Time Mean 757.40 52.713 

95% Confidence Interval for 

Mean 

Lower Bound 647.07  
Upper Bound 867.73  

5% Trimmed Mean 750.83  
Median 723.00  
Variance 55572.989  
Std. Deviation 235.739  
Minimum 391  
Maximum 1242  
Range 851  
Interquartile Range 402  
Skewness .309 .512 

Kurtosis -.717 .992 

 
 

Tests of Normality 

 
Kolmogorov-Smirnova Shapiro-Wilk 

Statistic df Sig. Statistic df Sig. 

2D Time .167 20 .145 .888 20 .024 

3D Time .100 20 .200* .971 20 .767 

*. This is a lower bound of the true significance. 

a. Lilliefors Significance Correction 

 

3D First 
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Descriptives 
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 Statistic Std. Error 

2D Time Mean 577.17 48.461 

95% Confidence Interval for 

Mean 

Lower Bound 474.92  
Upper Bound 679.41  

5% Trimmed Mean 572.30  
Median 576.00  
Variance 42272.735  
Std. Deviation 205.603  
Minimum 207  
Maximum 1035  
Range 828  
Interquartile Range 242  
Skewness .334 .536 

Kurtosis .389 1.038 

3D Time Mean 918.33 123.912 

95% Confidence Interval for 

Mean 

Lower Bound 656.90  
Upper Bound 1179.77  

5% Trimmed Mean 851.81  
Median 767.50  
Variance 276377.294  
Std. Deviation 525.716  
Minimum 343  
Maximum 2691  
Range 2348  
Interquartile Range 342  
Skewness 2.446 .536 

Kurtosis 7.574 1.038 

 
 

Tests of Normality 

 
Kolmogorov-Smirnova Shapiro-Wilk 

Statistic df Sig. Statistic df Sig. 

2D Time .128 18 .200* .982 18 .965 

3D Time .245 18 .006 .756 18 .000 

*. This is a lower bound of the true significance. 

a. Lilliefors Significance Correction 
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User	Completion	Times	

Completion	time	comparisons	of	set	A	vs.	set	B	

 
Descriptives 

 Statistic Std. Error 

SiteSetATime Mean 740.2105 37.93067 

95% Confidence Interval for 

Mean 

Lower Bound 663.3557  
Upper Bound 817.0654  

5% Trimmed Mean 742.5994  
Median 695.5000  
Variance 54671.954  
Std. Deviation 233.82035  
Minimum 207.00  
Maximum 1265.00  
Range 1058.00  
Interquartile Range 353.75  
Skewness .021 .383 

Kurtosis -.195 .750 

SiteSetBTime Mean 793.9474 69.12689 

95% Confidence Interval for 

Mean 

Lower Bound 653.8830  

Upper Bound 934.0117  

5% Trimmed Mean 745.6608  

Median 698.0000  

Variance 181583.997  

Std. Deviation 426.12674  

Minimum 343.00  

Maximum 2691.00  

Range 2348.00  

Interquartile Range 365.50  

Skewness 2.630 .383 

Kurtosis 9.845 .750 
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Tests of Normality 

 
Kolmogorov-Smirnova Shapiro-Wilk 

Statistic df Sig. Statistic df Sig. 

SiteSetATime .091 38 .200* .982 38 .783 

SiteSetBTime .203 38 .000 .761 38 .000 

*. This is a lower bound of the true significance. 

a. Lilliefors Significance Correction 

 
Sign	test	comparing	set	A	vs.	set	B	mean	completion	times	

 
Frequencies 

 N 

SiteSetBTime - 

SiteSetATime 

Negative Differencesa 18 

Positive Differencesb 20 

Tiesc 0 

Total 38 

a. SiteSetBTime < SiteSetATime 

b. SiteSetBTime > SiteSetATime 

c. SiteSetBTime = SiteSetATime 

 
 

Test Statisticsa 

 
SiteSetBTime - 

SiteSetATime 

Z -.162 

Asymp. Sig. (2-tailed) .871 

a. Sign Test 

 
	

	

 
Transformed	completion	times	

	
 

Descriptives 

 Statistic Std. Error 
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Time_2D_Log Mean 2.8156 .02733 

95% Confidence Interval for 

Mean 

Lower Bound 2.7602  
Upper Bound 2.8710  

5% Trimmed Mean 2.8229  
Median 2.8034  
Variance .028  
Std. Deviation .16850  
Minimum 2.32  
Maximum 3.13  
Range .82  
Interquartile Range .17  
Skewness -.595 .383 

Kurtosis 1.292 .750 

Time_3D_Log Mean 2.8849 .02787 

95% Confidence Interval for 

Mean 

Lower Bound 2.8284  
Upper Bound 2.9414  

5% Trimmed Mean 2.8795  
Median 2.8618  
Variance .030  
Std. Deviation .17181  
Minimum 2.54  
Maximum 3.43  
Range .89  
Interquartile Range .22  
Skewness .579 .383 

Kurtosis 1.638 .750 

 
 

Tests of Normality 

 
Kolmogorov-Smirnova Shapiro-Wilk 

Statistic df Sig. Statistic df Sig. 

Time_2D_Log .150 38 .032 .959 38 .177 

Time_3D_Log .087 38 .200* .970 38 .389 

*. This is a lower bound of the true significance. 

a. Lilliefors Significance Correction 
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Paired-samples	t-test	for	transformed	completion	times	
 

Paired Samples Statistics 

 Mean N Std. Deviation Std. Error Mean 

Pair 1 Time_2D_Log 2.8156 38 .16850 .02733 

Time_3D_Log 2.8849 38 .17181 .02787 

 
 

Paired Samples Correlations 

 N Correlation Sig. 

Pair 1 Time_2D_Log & 

Time_3D_Log 
38 .585 .000 

 
 

Paired Samples Test 

 

Paired Differences 

t df 

Sig. (2-

tailed) Mean 

Std. 

Deviation 

Std. Error 

Mean 

95% Confidence 

Interval of the 

Difference 

Lower Upper 

Pair 

1 

Time_2D_Log - 

Time_3D_Log 

-

.06932 
.15504 .02515 -.12028 -.01836 -2.756 37 .009 

 
Completion	times	for	experts	and	novices	

Experts	
 

Descriptives 

 Statistic Std. Error 

Time_2D_Log Mean 2.7712 .04532 

95% Confidence Interval for 

Mean 

Lower Bound 2.6760  

Upper Bound 2.8664  

5% Trimmed Mean 2.7764  

Median 2.7701  

Variance .039  

Std. Deviation .19754  

Minimum 2.32  
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Maximum 3.13  
Range .82  
Interquartile Range .23  
Skewness -.416 .524 

Kurtosis .621 1.014 

Time_3D_Log Mean 2.8310 .04593 

95% Confidence Interval for 

Mean 

Lower Bound 2.7345  
Upper Bound 2.9275  

5% Trimmed Mean 2.8141  
Median 2.8082  
Variance .040  
Std. Deviation .20021  
Minimum 2.54  
Maximum 3.43  
Range .89  
Interquartile Range .26  
Skewness 1.331 .524 

Kurtosis 3.419 1.014 

 
 

Tests of Normality 

 
Kolmogorov-Smirnova Shapiro-Wilk 

Statistic df Sig. Statistic df Sig. 

Time_2D_Log .156 19 .200* .970 19 .782 

Time_3D_Log .138 19 .200* .904 19 .057 

*. This is a lower bound of the true significance. 

a. Lilliefors Significance Correction 

 
	

	

	

Paired-samples	t-test	for	transformed	completion	times	--	experts	
 

Paired Samples Statistics 

 Mean N Std. Deviation Std. Error Mean 

Pair 1 Time_2D_Log 2.7712 19 .19754 .04532 
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Time_3D_Log 2.8310 19 .20021 .04593 

 
 

Paired Samples Correlations 

 N Correlation Sig. 

Pair 1 Time_2D_Log & 

Time_3D_Log 
19 .569 .011 

 
 

Paired Samples Test 

 

Paired Differences 

t df 

Sig. (2-

tailed) Mean 

Std. 

Deviation 

Std. Error 

Mean 

95% Confidence 

Interval of the 

Difference 

Lower Upper 

Pair 

1 

Time_2D_Log - 

Time_3D_Log 
-.05982 .18470 .04237 -.14885 .02920 -1.412 18 .175 

 
Novices	
 

Descriptives 

 Statistic Std. Error 

Time_2D_Log Mean 2.8600 .02826 

95% Confidence Interval for 

Mean 

Lower Bound 2.8006  

Upper Bound 2.9194  

5% Trimmed Mean 2.8603  

Median 2.8169  

Variance .015  

Std. Deviation .12319  

Minimum 2.61  

Maximum 3.10  

Range .49  

Interquartile Range .17  

Skewness .304 .524 

Kurtosis .006 1.014 

Time_3D_Log Mean 2.9388 .02759 
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95% Confidence Interval for 

Mean 

Lower Bound 2.8808  
Upper Bound 2.9968  

5% Trimmed Mean 2.9386  
Median 2.9581  
Variance .014  
Std. Deviation .12025  
Minimum 2.72  
Maximum 3.16  
Range .45  
Interquartile Range .20  
Skewness .199 .524 

Kurtosis -.617 1.014 

 
 

Tests of Normality 

 
Kolmogorov-Smirnova Shapiro-Wilk 

Statistic df Sig. Statistic df Sig. 

Time_2D_Log .163 19 .200 .966 19 .685 

Time_3D_Log .154 19 .200* .970 19 .769 

*. This is a lower bound of the true significance. 

a. Lilliefors Significance Correction 

 
Paired-samples	t-test	for	transformed	completion	times	--	novices	
 

Paired Samples Statistics 

 Mean N Std. Deviation Std. Error Mean 

Pair 1 Time_2D_Log 2.8600 19 .12319 .02826 

Time_3D_Log 2.9388 19 .12025 .02759 

 
 

Paired Samples Correlations 

 N Correlation Sig. 

Pair 1 Time_2D_Log & 

Time_3D_Log 
19 .491 .033 
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Paired Samples Test 

 

Paired Differences 

t df 

Sig. (2-

tailed) Mean 

Std. 

Deviation 

Std. Error 

Mean 

95% Confidence 

Interval of the 

Difference 

Lower Upper 

Pair 

1 

Time_2D_Log - 

Time_3D_Log 
-.07882 .12290 .02820 -.13805 -.01958 -2.795 18 .012 

 
Independent	sample	t-test	for	experts	and	novices	
 

Group Statistics 
 Expertise N Mean Std. Deviation Std. Error Mean 

Time_2D_Log expert 19 2.7712 .19754 .04532 

novice 19 2.8600 .12319 .02826 

Time_3D_Log expert 19 2.8310 .20021 .04593 

novice 19 2.9388 .12025 .02759 

 
 

Independent Samples Test 

 

Levene's Test 

for Equality of 

Variances t-test for Equality of Means 

F Sig. t df 

Sig. 

(2-

tailed) 

Mean 

Difference 

Std. Error 

Difference 

95% Confidence 

Interval of the 

Difference 

Lower Upper 

Time_2D_Log Equal 

variances 

assumed 

1.481 .231 -1.663 36 .105 -.08881 .05341 -.19713 .01950 

Equal 

variances not 

assumed 

  -1.663 30.162 .107 -.08881 .05341 -.19787 .02024 

Time_3D_Log Equal 

variances 

assumed 

1.942 .172 -2.012 36 .052 -.10781 .05358 -.21647 .00086 



 174 

Equal 

variances not 

assumed 

  -2.012 29.492 .053 -.10781 .05358 -.21731 .00169 

 

 

 
Females	vs	males	accuracy	results	

Females	
 

Descriptives 

 Statistic Std. Error 

2D_Accuracy Mean .89511 .035339 

95% Confidence Interval for 

Mean 

Lower Bound .82055  
Upper Bound .96967  

5% Trimmed Mean .90973  
Median .97450  
Variance .022  
Std. Deviation .149931  
Minimum .527  
Maximum 1.000  
Range .473  
Interquartile Range .200  
Skewness -1.398 .536 

Kurtosis 1.018 1.038 

3D_Accuracy Mean .94239 .030132 

95% Confidence Interval for 

Mean 

Lower Bound .87882  
Upper Bound 1.00596  

5% Trimmed Mean .96227  
Median 1.00000  
Variance .016  
Std. Deviation .127840  
Minimum .527  
Maximum 1.000  
Range .473  
Interquartile Range .051  
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Skewness -2.553 .536 

Kurtosis 6.453 1.038 

 
 

Tests of Normality 

 
Kolmogorov-Smirnova Shapiro-Wilk 

Statistic df Sig. Statistic df Sig. 

2D_Accuracy .307 18 .000 .741 18 .000 

3D_Accuracy .396 18 .000 .536 18 .000 

a. Lilliefors Significance Correction 

 
Paired-samples	t-test	for	transformed	completion	times	–	females	
 

Paired Samples Statistics 

 Mean N Std. Deviation Std. Error Mean 

Pair 1 Time_2D_Log 2.8311 18 .17021 .04012 

Time_3D_Log 2.8977 18 .15828 .03731 

 
 

Paired Samples Correlations 

 N Correlation Sig. 

Pair 1 Time_2D_Log & 

Time_3D_Log 
18 .699 .001 

 
	 

Paired Samples Test 

 

Paired Differences 

t df 

Sig. (2-

tailed) Mean 

Std. 

Deviation 

Std. Error 

Mean 

95% Confidence 

Interval of the 

Difference 

Lower Upper 

Pair 

1 

Time_2D_Log - 

Time_3D_Log 
-.06659 .12781 .03013 -.13015 -.00303 -2.210 17 .041 

 
 

Descriptives 
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 Statistic Std. Error 

2D_Accuracy Mean .94325 .035764 

95% Confidence Interval for 

Mean 

Lower Bound .86839  
Upper Bound 1.01811  

5% Trimmed Mean .97494  
Median 1.00000  
Variance .026  
Std. Deviation .159942  
Minimum .316  
Maximum 1.000  
Range .684  
Interquartile Range .000  
Skewness -3.570 .512 

Kurtosis 13.660 .992 

3D_Accuracy Mean .97650 .013958 

95% Confidence Interval for 

Mean 

Lower Bound .94728  
Upper Bound 1.00572  

5% Trimmed Mean .98844  
Median 1.00000  
Variance .004  
Std. Deviation .062423  
Minimum .738  
Maximum 1.000  
Range .262  
Interquartile Range .000  
Skewness -3.357 .512 

Kurtosis 12.103 .992 

 
 

Tests of Normality 

 
Kolmogorov-Smirnova Shapiro-Wilk 

Statistic df Sig. Statistic df Sig. 

2D_Accuracy .439 20 .000 .416 20 .000 

3D_Accuracy .447 20 .000 .446 20 .000 

a. Lilliefors Significance Correction 
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Paired-samples	t-test	for	transformed	completion	times	–	males	
 

Paired Samples Statistics 

 Mean N Std. Deviation Std. Error Mean 

Pair 1 Time_2D_Log 2.8016 20 .17010 .03803 

Time_3D_Log 2.8734 20 .18648 .04170 

 
 

Paired Samples Correlations 

 N Correlation Sig. 

Pair 1 Time_2D_Log & 

Time_3D_Log 
20 .497 .026 

 
 

Paired Samples Test 

 

Paired Differences 

t df 

Sig. (2-

tailed) Mean 

Std. 

Deviation 

Std. Error 

Mean 

95% Confidence 

Interval of the 

Difference 

Lower Upper 

Pair 

1 

Time_2D_Log - 

Time_3D_Log 
-.07178 .17938 .04011 -.15573 .01218 -1.789 19 .089 

 
Independent	sample	t-test	for	females	and	males	
 

Group Statistics 
 Sex N Mean Std. Deviation Std. Error Mean 

Time_2D_Log female 18 2.8311 .17021 .04012 

male 20 2.8016 .17010 .03803 

Time_3D_Log female 18 2.8977 .15828 .03731 

male 20 2.8734 .18648 .04170 

 
 

Independent Samples Test 

 

Levene's Test 

for Equality of 

Variances t-test for Equality of Means 
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F Sig. t df 

Sig. 

(2-

tailed) 

Mean 

Difference 

Std. Error 

Difference 

95% Confidence 

Interval of the 

Difference 

Lower Upper 

Time_2D_Log Equal 

variances 

assumed 

.443 .510 .534 36 .596 .02953 .05528 -.08258 .14165 

Equal 

variances not 

assumed 

  .534 35.577 .596 .02953 .05528 -.08263 .14170 

Time_3D_Log Equal 

variances 

assumed 

.011 .917 .431 36 .669 .02435 .05644 -.09013 .13882 

Equal 

variances not 

assumed 

  .435 35.890 .666 .02435 .05595 -.08914 .13783 

 
Completion	time	comparisons	of	display	order	

2D	First	
 

Descriptives 

 Statistic Std. Error 

2D Time Mean 811.55 56.684 

95% Confidence Interval for 

Mean 

Lower Bound 692.91  
Upper Bound 930.19  

5% Trimmed Mean 796.61  
Median 737.00  
Variance 64261.524  
Std. Deviation 253.499  
Minimum 538  
Maximum 1354  
Range 816  
Interquartile Range 390  
Skewness .870 .512 

Kurtosis -.385 .992 

3D Time Mean 757.40 52.713 

95% Confidence Interval for Lower Bound 647.07  
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Mean Upper Bound 867.73  
5% Trimmed Mean 750.83  
Median 723.00  
Variance 55572.989  
Std. Deviation 235.739  
Minimum 391  
Maximum 1242  
Range 851  
Interquartile Range 402  
Skewness .309 .512 

Kurtosis -.717 .992 

 
 

Tests of Normality 

 
Kolmogorov-Smirnova Shapiro-Wilk 

Statistic df Sig. Statistic df Sig. 

2D Time .167 20 .145 .888 20 .024 

3D Time .100 20 .200* .971 20 .767 

*. This is a lower bound of the true significance. 

a. Lilliefors Significance Correction 

 
2D	transformed	data	

Descriptives 

 Statistic Std. Error 

Time_2D_Log Mean 2.8907 .02859 

95% Confidence Interval for 

Mean 

Lower Bound 2.8309  
Upper Bound 2.9506  

5% Trimmed Mean 2.8863  
Median 2.8670  
Variance .016  
Std. Deviation .12786  
Minimum 2.73  
Maximum 3.13  
Range .40  
Interquartile Range .22  
Skewness .527 .512 
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Kurtosis -.984 .992 

Time_3D_Log Mean 2.8586 .03123 

95% Confidence Interval for 

Mean 

Lower Bound 2.7932  
Upper Bound 2.9239  

5% Trimmed Mean 2.8603  
Median 2.8591  
Variance .020  
Std. Deviation .13967  
Minimum 2.59  
Maximum 3.09  
Range .50  
Interquartile Range .24  
Skewness -.208 .512 

Kurtosis -.863 .992 

 
 

Tests of Normality 

 
Kolmogorov-Smirnova Shapiro-Wilk 

Statistic df Sig. Statistic df Sig. 

Time_2D_Log .136 20 .200* .923 20 .114 

Time_3D_Log .115 20 .200* .975 20 .849 

*. This is a lower bound of the true significance. 

a. Lilliefors Significance Correction 

	

Paired-samples	t-test	for	completion	times	–	2D	first	
 

Paired Samples Statistics 

 Mean N Std. Deviation Std. Error Mean 

Pair 1 Time_2D_Log 2.8907 20 .12786 .02859 

Time_3D_Log 2.8586 20 .13967 .03123 

 
 

Paired Samples Correlations 

 N Correlation Sig. 

Pair 1 Time_2D_Log & 

Time_3D_Log 
20 .687 .001 
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Paired Samples Test 

 

Paired Differences 

t df 

Sig. (2-

tailed) Mean 

Std. 

Deviation 

Std. Error 

Mean 

95% Confidence 

Interval of the 

Difference 

Lower Upper 

Pair 

1 

Time_2D_Log - 

Time_3D_Log 
.03218 .10634 .02378 -.01759 .08195 1.353 19 .192 

 

 

 
3D	First	
 

Descriptives 

 Statistic Std. Error 

2D Time Mean 577.17 48.461 

95% Confidence Interval for 

Mean 

Lower Bound 474.92  

Upper Bound 679.41  

5% Trimmed Mean 572.30  

Median 576.00  

Variance 42272.735  

Std. Deviation 205.603  

Minimum 207  

Maximum 1035  

Range 828  

Interquartile Range 242  

Skewness .334 .536 

Kurtosis .389 1.038 

3D Time Mean 918.33 123.912 

95% Confidence Interval for 

Mean 

Lower Bound 656.90  
Upper Bound 1179.77  

5% Trimmed Mean 851.81  
Median 767.50  
Variance 276377.294  
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Std. Deviation 525.716  
Minimum 343  
Maximum 2691  
Range 2348  
Interquartile Range 342  
Skewness 2.446 .536 

Kurtosis 7.574 1.038 

 
 

Tests of Normality 

 
Kolmogorov-Smirnova Shapiro-Wilk 

Statistic df Sig. Statistic df Sig. 

2D Time .128 18 .200* .982 18 .965 

3D Time .245 18 .006 .756 18 .000 

*. This is a lower bound of the true significance. 

a. Lilliefors Significance Correction 

 
Paired-samples	t-test	for	completion	times	–	3D	first	
 

Paired Samples Statistics 

 Mean N Std. Deviation Std. Error Mean 

Pair 1 Time_2D_Log 2.7320 18 .17172 .04047 

Time_3D_Log 2.9141 18 .20180 .04756 

 
 

Paired Samples Correlations 

 N Correlation Sig. 

Pair 1 Time_2D_Log & 

Time_3D_Log 
18 .810 .000 

 
 

Paired Samples Test 

 

Paired Differences 

t df 

Sig. (2-

tailed) Mean 

Std. 

Deviation 

Std. Error 

Mean 

95% Confidence 

Interval of the 

Difference 

Lower Upper 
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Pair 

1 

Time_2D_Log - 

Time_3D_Log 
-.18210 .11870 .02798 -.24113 -.12307 -6.509 17 .000 

 
Independent	samples	t-test	for	users	that	received	the	2D	display	first	and	3D	display	first	
 

Group Statistics 
 First_Display N Mean Std. Deviation Std. Error Mean 

Time_2D_Log 2D 20 2.8907 .12786 .02859 

3D 18 2.7320 .17172 .04047 

Time_3D_Log 2D 20 2.8586 .13967 .03123 

3D 18 2.9141 .20180 .04756 

 
 

Independent Samples Test 

 

Levene's Test 

for Equality of 

Variances t-test for Equality of Means 

F Sig. t df 

Sig. 

(2-

tailed) 

Mean 

Difference 

Std. Error 

Difference 

95% Confidence 

Interval of the 

Difference 

Lower Upper 

Time_2D_Log Equal 

variances 

assumed 

.515 .477 3.253 36 .002 .15870 .04879 .05975 .25765 

Equal 

variances not 

assumed 

  3.203 31.239 .003 .15870 .04955 .05767 .25974 

Time_3D_Log Equal 

variances 

assumed 

.778 .384 -.995 36 .326 -.05557 .05583 -.16880 .05765 

Equal 

variances not 

assumed 

  -.977 29.854 .337 -.05557 .05690 -.17181 .06066 

 
MANCOVA	
 

Descriptive Statistics 
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 Expertise Sex First_Display Mean Std. Deviation N 

Time_2D_Log expert female 2D 2.8564 .18478 4 

3D 2.6912 .17894 5 

Total 2.7646 .19076 9 

male 2D 2.8528 .10634 6 

3D 2.6634 .29885 4 

Total 2.7770 .21358 10 

Total 2D 2.8542 .13291 10 

3D 2.6789 .22297 9 

Total 2.7712 .19754 19 

novice female 2D 2.9662 .11232 5 

3D 2.8118 .07825 4 

Total 2.8976 .12341 9 

male 2D 2.8883 .12175 5 

3D 2.7639 .08542 5 

Total 2.8261 .11886 10 

Total 2D 2.9273 .11783 10 

3D 2.7852 .08112 9 

Total 2.8600 .12319 19 

Total female 2D 2.9174 .14988 9 

3D 2.7448 .14948 9 

Total 2.8311 .17021 18 

male 2D 2.8689 .10921 11 

3D 2.7193 .19987 9 

Total 2.8016 .17010 20 

Total 2D 2.8907 .12786 20 

3D 2.7320 .17172 18 

Total 2.8156 .16850 38 

Time_3D_Log expert female 2D 2.7996 .19448 4 

3D 2.8174 .14160 5 

Total 2.8095 .15587 9 

male 2D 2.7868 .09374 6 

3D 2.9458 .37174 4 

Total 2.8504 .24018 10 

Total 2D 2.7919 .13241 10 
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3D 2.8744 .25773 9 

Total 2.8310 .20021 19 

novice female 2D 2.9969 .05623 5 

3D 2.9723 .16059 4 

Total 2.9860 .10686 9 

male 2D 2.8536 .12250 5 

3D 2.9391 .11471 5 

Total 2.8964 .12061 10 

Total 2D 2.9252 .11736 10 

3D 2.9539 .12868 9 

Total 2.9388 .12025 19 

Total female 2D 2.9092 .16301 9 

3D 2.8862 .16238 9 

Total 2.8977 .15828 18 

male 2D 2.8172 .10778 11 

3D 2.9421 .24169 9 

Total 2.8734 .18648 20 

Total 2D 2.8586 .13967 20 

3D 2.9141 .20180 18 

Total 2.8849 .17181 38 

 
 

Multivariate Testsa 

Effect Value F 

Hypothesis 

df Error df Sig. 

Partial Eta 

Squared 

Intercept Pillai's Trace .914 122.637b 2.000 23.000 .000 .914 

Wilks' Lambda .086 122.637b 2.000 23.000 .000 .914 

Hotelling's Trace 10.664 122.637b 2.000 23.000 .000 .914 

Roy's Largest 

Root 
10.664 122.637b 2.000 23.000 .000 .914 

Age Pillai's Trace .183 2.571b 2.000 23.000 .098 .183 

Wilks' Lambda .817 2.571b 2.000 23.000 .098 .183 

Hotelling's Trace .224 2.571b 2.000 23.000 .098 .183 

Roy's Largest 

Root 
.224 2.571b 2.000 23.000 .098 .183 

Nat_Res_Experience Pillai's Trace .190 2.701b 2.000 23.000 .088 .190 
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Wilks' Lambda .810 2.701b 2.000 23.000 .088 .190 

Hotelling's Trace .235 2.701b 2.000 23.000 .088 .190 

Roy's Largest 

Root 
.235 2.701b 2.000 23.000 .088 .190 

GIS_Experience Pillai's Trace .071 .875b 2.000 23.000 .430 .071 

Wilks' Lambda .929 .875b 2.000 23.000 .430 .071 

Hotelling's Trace .076 .875b 2.000 23.000 .430 .071 

Roy's Largest 

Root 
.076 .875b 2.000 23.000 .430 .071 

Experience_with_3D Pillai's Trace .102 1.299b 2.000 23.000 .292 .102 

Wilks' Lambda .898 1.299b 2.000 23.000 .292 .102 

Hotelling's Trace .113 1.299b 2.000 23.000 .292 .102 

Roy's Largest 

Root 
.113 1.299b 2.000 23.000 .292 .102 

Tool_Use_2D Pillai's Trace .005 .053b 2.000 23.000 .949 .005 

Wilks' Lambda .995 .053b 2.000 23.000 .949 .005 

Hotelling's Trace .005 .053b 2.000 23.000 .949 .005 

Roy's Largest 

Root 
.005 .053b 2.000 23.000 .949 .005 

Tool_Use_3D Pillai's Trace .160 2.193b 2.000 23.000 .134 .160 

Wilks' Lambda .840 2.193b 2.000 23.000 .134 .160 

Hotelling's Trace .191 2.193b 2.000 23.000 .134 .160 

Roy's Largest 

Root 
.191 2.193b 2.000 23.000 .134 .160 

Expertise Pillai's Trace .180 2.529b 2.000 23.000 .102 .180 

Wilks' Lambda .820 2.529b 2.000 23.000 .102 .180 

Hotelling's Trace .220 2.529b 2.000 23.000 .102 .180 

Roy's Largest 

Root 
.220 2.529b 2.000 23.000 .102 .180 

Sex Pillai's Trace .011 .131b 2.000 23.000 .878 .011 

Wilks' Lambda .989 .131b 2.000 23.000 .878 .011 

Hotelling's Trace .011 .131b 2.000 23.000 .878 .011 

Roy's Largest 

Root 
.011 .131b 2.000 23.000 .878 .011 

First_Display Pillai's Trace .618 18.622b 2.000 23.000 .000 .618 

Wilks' Lambda .382 18.622b 2.000 23.000 .000 .618 

Hotelling's Trace 1.619 18.622b 2.000 23.000 .000 .618 
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Roy's Largest 

Root 
1.619 18.622b 2.000 23.000 .000 .618 

Expertise * Sex Pillai's Trace .014 .162b 2.000 23.000 .852 .014 

Wilks' Lambda .986 .162b 2.000 23.000 .852 .014 

Hotelling's Trace .014 .162b 2.000 23.000 .852 .014 

Roy's Largest 

Root 
.014 .162b 2.000 23.000 .852 .014 

Expertise * 

First_Display 

Pillai's Trace .024 .278b 2.000 23.000 .760 .024 

Wilks' Lambda .976 .278b 2.000 23.000 .760 .024 

Hotelling's Trace .024 .278b 2.000 23.000 .760 .024 

Roy's Largest 

Root 
.024 .278b 2.000 23.000 .760 .024 

Sex * First_Display Pillai's Trace .051 .621b 2.000 23.000 .546 .051 

Wilks' Lambda .949 .621b 2.000 23.000 .546 .051 

Hotelling's Trace .054 .621b 2.000 23.000 .546 .051 

Roy's Largest 

Root 
.054 .621b 2.000 23.000 .546 .051 

Expertise * Sex * 

First_Display 

Pillai's Trace .064 .780b 2.000 23.000 .470 .064 

Wilks' Lambda .936 .780b 2.000 23.000 .470 .064 

Hotelling's Trace .068 .780b 2.000 23.000 .470 .064 

Roy's Largest 

Root 
.068 .780b 2.000 23.000 .470 .064 

a. Design: Intercept + Age + Nat_Res_Experience + GIS_Experience + Experience_with_3D + Tool_Use_2D + 

Tool_Use_3D + Expertise + Sex + First_Display + Expertise * Sex + Expertise * First_Display + Sex * First_Display 

+ Expertise * Sex * First_Display 

b. Exact statistic 

 
 

Tests of Between-Subjects Effects 

Source 

Dependent 

Variable 

Type III 

Sum of 

Squares df 

Mean 

Square F Sig. 

Partial Eta 

Squared 

Corrected Model Time_2D_Log .540a 13 .042 1.954 .075 .514 

Time_3D_Log .560b 13 .043 1.943 .077 .513 

Intercept Time_2D_Log 5.032 1 5.032 236.660 .000 .908 

Time_3D_Log 4.560 1 4.560 205.678 .000 .896 

Age Time_2D_Log .112 1 .112 5.259 .031 .180 

Time_3D_Log .082 1 .082 3.677 .067 .133 
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Nat_Res_Experience Time_2D_Log .009 1 .009 .425 .521 .017 

Time_3D_Log .025 1 .025 1.106 .303 .044 

GIS_Experience Time_2D_Log .003 1 .003 .120 .733 .005 

Time_3D_Log .009 1 .009 .387 .540 .016 

Experience_with_3D Time_2D_Log .054 1 .054 2.552 .123 .096 

Time_3D_Log .047 1 .047 2.107 .160 .081 

Tool_Use_2D Time_2D_Log .001 1 .001 .058 .812 .002 

Time_3D_Log .002 1 .002 .110 .743 .005 

Tool_Use_3D Time_2D_Log .014 1 .014 .641 .431 .026 

Time_3D_Log .082 1 .082 3.711 .066 .134 

Expertise Time_2D_Log .000 1 .000 .019 .891 .001 

Time_3D_Log .046 1 .046 2.069 .163 .079 

Sex Time_2D_Log .002 1 .002 .107 .747 .004 

Time_3D_Log 2.345E-5 1 2.345E-5 .001 .974 .000 

First_Display Time_2D_Log .110 1 .110 5.158 .032 .177 

Time_3D_Log .109 1 .109 4.931 .036 .170 

Expertise * Sex Time_2D_Log .006 1 .006 .304 .586 .013 

Time_3D_Log .006 1 .006 .282 .601 .012 

Expertise * 

First_Display 

Time_2D_Log .004 1 .004 .167 .687 .007 

Time_3D_Log .012 1 .012 .540 .470 .022 

Sex * First_Display Time_2D_Log .004 1 .004 .180 .675 .007 

Time_3D_Log .023 1 .023 1.050 .316 .042 

Expertise * Sex * 

First_Display 

Time_2D_Log .022 1 .022 1.025 .321 .041 

Time_3D_Log .036 1 .036 1.617 .216 .063 

Error Time_2D_Log .510 24 .021    
Time_3D_Log .532 24 .022    

Total Time_2D_Log 302.294 38     
Time_3D_Log 317.351 38     

Corrected Total Time_2D_Log 1.050 37     
Time_3D_Log 1.092 37     

a. R Squared = .514 (Adjusted R Squared = .251) 

b. R Squared = .513 (Adjusted R Squared = .249) 
	

Display	Order	

First	display	and	second	display	accuracy	

 
Descriptives 
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 Statistic Std. Error 

1st_Display_Accuracy Mean .93097 .024869 

95% Confidence Interval for 

Mean 

Lower Bound .88058  
Upper Bound .98136  

5% Trimmed Mean .95575  
Median 1.00000  
Variance .024  
Std. Deviation .153304  
Minimum .316  
Maximum 1.000  
Range .684  
Interquartile Range .051  
Skewness -2.690 .383 

Kurtosis 7.361 .750 

2nd_Display_Accuracy Mean .94982 .017013 

95% Confidence Interval for 

Mean 

Lower Bound .91534  
Upper Bound .98429  

5% Trimmed Mean .96496  
Median 1.00000  
Variance .011  
Std. Deviation .104875  
Minimum .527  
Maximum 1.000  
Range .473  
Interquartile Range .051  
Skewness -2.509 .383 

Kurtosis 6.641 .750 

 
	

	

First	display	and	second	display	completion	times	

 
Descriptives 

 Statistic Std. Error 

1st_Display_Time Mean 862.13 65.475 
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95% Confidence Interval for 

Mean 

Lower Bound 729.47  
Upper Bound 994.80  

5% Trimmed Mean 819.37  
Median 748.00  
Variance 162902.928  
Std. Deviation 403.612  
Minimum 343  
Maximum 2691  
Range 2348  
Interquartile Range 359  
Skewness 2.699 .383 

Kurtosis 10.684 .750 

2nd_Display_Time Mean 672.03 38.484 

95% Confidence Interval for 

Mean 

Lower Bound 594.05  
Upper Bound 750.00  

5% Trimmed Mean 667.51  
Median 636.00  
Variance 56277.486  
Std. Deviation 237.229  
Minimum 207  
Maximum 1242  
Range 1035  
Interquartile Range 334  
Skewness .376 .383 

Kurtosis -.244 .750 

 
 

Tests of Normality 

 
Kolmogorov-Smirnova Shapiro-Wilk 

Statistic df Sig. Statistic df Sig. 

1st_Display_Time .165 38 .010 .764 38 .000 

2nd_Display_Time .106 38 .200* .982 38 .793 

*. This is a lower bound of the true significance. 

a. Lilliefors Significance Correction 
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Transformed	first	and	second	display	times	
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Descriptives 

 Statistic Std. Error 

First_Display_Time_Log Mean 2.9018 .02678 

95% Confidence Interval for 

Mean 

Lower Bound 2.8476  
Upper Bound 2.9561  

5% Trimmed Mean 2.8971  
Median 2.8737  
Variance .027  
Std. Deviation .16506  
Minimum 2.54  
Maximum 3.43  
Range .89  
Interquartile Range .20  
Skewness .731 .383 

Kurtosis 1.794 .750 

Second_Display_Time_Log Mean 2.7986 .02698 

95% Confidence Interval for 

Mean 

Lower Bound 2.7440  
Upper Bound 2.8533  

5% Trimmed Mean 2.8066  
Median 2.8034  
Variance .028  
Std. Deviation .16633  
Minimum 2.32  
Maximum 3.09  
Range .78  
Interquartile Range .22  
Skewness -.652 .383 

Kurtosis .763 .750 

 
 

Tests of Normality 

 
Kolmogorov-Smirnova Shapiro-Wilk 

Statistic df Sig. Statistic df Sig. 

First_Display_Time_Log .105 38 .200* .958 38 .169 

Second_Display_Time_Log .091 38 .200* .971 38 .424 



 193 

*. This is a lower bound of the true significance. 

a. Lilliefors Significance Correction 

 

 
 
Naïve	Realism,	User	Preferences	and	Confidence	

	

User	confidence	

	

 
Descriptives 

 Statistic Std. Error 

2D_Confidence Mean 4.447 .1128 

95% Confidence Interval for 

Mean 

Lower Bound 4.219  
Upper Bound 4.676  

5% Trimmed Mean 4.526  
Median 5.000  
Variance .484  
Std. Deviation .6954  
Minimum 2.0  
Maximum 5.0  
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Range 3.0  
Interquartile Range 1.0  
Skewness -1.393 .383 

Kurtosis 2.652 .750 

3D_Confidence Mean 4.329 .1512 

95% Confidence Interval for 

Mean 

Lower Bound 4.023  
Upper Bound 4.635  

5% Trimmed Mean 4.450  
Median 5.000  
Variance .869  
Std. Deviation .9320  
Minimum 1.0  
Maximum 5.0  
Range 4.0  
Interquartile Range 1.0  
Skewness -1.795 .383 

Kurtosis 3.726 .750 

 
 

Tests of Normality 

 
Kolmogorov-Smirnova Shapiro-Wilk 

Statistic df Sig. Statistic df Sig. 

2D_Confidence .313 38 .000 .734 38 .000 

3D_Confidence .291 38 .000 .723 38 .000 

a. Lilliefors Significance Correction 
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Wilcoxon Signed Rank Tests 
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Experts 
 
 

Ranks 

 N Mean Rank Sum of Ranks 

2D_Confidence - 

3D_Confidence 

Negative Ranks 6a 6.25 37.50 

Positive Ranks 4b 4.38 17.50 

Ties 9c   
Total 19   

a. 2D_Confidence < 3D_Confidence 

b. 2D_Confidence > 3D_Confidence 

c. 2D_Confidence = 3D_Confidence 
 

Test Statisticsa 

 

2D_Confidence 

- 

3D_Confidence 

Z -1.080b 

Asymp. Sig. (2-tailed) .280 

a. Wilcoxon Signed Ranks Test 

b. Based on positive ranks. 

 

 
 
Novices 
 
 

Ranks 

 N Mean Rank Sum of Ranks 

2D_Confidence - 

3D_Confidence 

Negative Ranks 1a 3.00 3.00 

Positive Ranks 6b 4.17 25.00 

Ties 12c   
Total 19   

a. 2D_Confidence < 3D_Confidence 

b. 2D_Confidence > 3D_Confidence 

c. 2D_Confidence = 3D_Confidence 
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Test Statisticsa 

 

2D_Confidence 

- 

3D_Confidence 

Z -1.930b 

Asymp. Sig. (2-tailed) .054 

a. Wilcoxon Signed Ranks Test 

b. Based on negative ranks. 

 
 

Females 
 

Ranks 

 N Mean Rank Sum of Ranks 

2D_Confidence - 

3D_Confidence 

Negative Ranks 4a 4.50 18.00 

Positive Ranks 4b 4.50 18.00 

Ties 10c   
Total 18   

a. 2D_Confidence < 3D_Confidence 

b. 2D_Confidence > 3D_Confidence 

c. 2D_Confidence = 3D_Confidence 

 
 

Test Statisticsa 

 

2D_Confidence 

- 

3D_Confidence 

Z .000b 

Asymp. Sig. (2-tailed) 1.000 

a. Wilcoxon Signed Ranks Test 

b. The sum of negative ranks equals the 

sum of positive ranks. 

 

 

Males 
 

Ranks 
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 N Mean Rank Sum of Ranks 

2D_Confidence - 

3D_Confidence 

Negative Ranks 3a 5.33 16.00 

Positive Ranks 6b 4.83 29.00 

Ties 11c   
Total 20   

a. 2D_Confidence < 3D_Confidence 

b. 2D_Confidence > 3D_Confidence 

c. 2D_Confidence = 3D_Confidence 

 
 

Test Statisticsa 

 

2D_Confidence 

- 

3D_Confidence 

Z -.811b 

Asymp. Sig. (2-tailed) .417 

a. Wilcoxon Signed Ranks Test 

b. Based on negative ranks. 

 

 

2D First  
 

Ranks 

 N Mean Rank Sum of Ranks 

2D_Confidence - 

3D_Confidence 

Negative Ranks 5a 7.20 36.00 

Positive Ranks 7b 6.00 42.00 

Ties 8c   
Total 20   

a. 2D_Confidence < 3D_Confidence 

b. 2D_Confidence > 3D_Confidence 

c. 2D_Confidence = 3D_Confidence 

 
 

Test Statisticsa 

 

2D_Confidence 

- 

3D_Confidence 
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Z -.247b 

Asymp. Sig. (2-tailed) .805 

a. Wilcoxon Signed Ranks Test 

b. Based on negative ranks. 

 

 

3D First 
 

Ranks 

 N Mean Rank Sum of Ranks 

2D_Confidence - 

3D_Confidence 

Negative Ranks 2a 2.50 5.00 

Positive Ranks 3b 3.33 10.00 

Ties 13c   

Total 18   

a. 2D_Confidence < 3D_Confidence 

b. 2D_Confidence > 3D_Confidence 

c. 2D_Confidence = 3D_Confidence 

 
 

Test Statisticsa 

 

2D_Confidence 

- 

3D_Confidence 

Z -.707b 

Asymp. Sig. (2-tailed) .480 

a. Wilcoxon Signed Ranks Test 

b. Based on negative ranks. 

 
Mann Whitney U Test for Experts and Novices 
 
 

Ranks 
 Expertise N Mean Rank Sum of Ranks 

2D_Confidence expert 19 18.53 352.00 

novice 19 20.47 389.00 

Total 38   
3D_Confidence expert 19 22.18 421.50 
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novice 19 16.82 319.50 

Total 38   

 
 

Test Statisticsa 

 2D_Confidence 3D_Confidence 

Mann-Whitney U 162.000 129.500 

Wilcoxon W 352.000 319.500 

Z -.602 -1.642 

Asymp. Sig. (2-tailed) .547 .101 

Exact Sig. [2*(1-tailed Sig.)] .603b .138b 

a. Grouping Variable: Expertise 

b. Not corrected for ties. 

 
Spearman rank-order correlations 
 

2D confidence and 2D accuracy 
 

Correlations 

 2D_Accuracy 2D_Confidence 

Spearman's rho 2D_Accuracy Correlation Coefficient 1.000 .459** 

Sig. (2-tailed) . .004 

N 38 38 

2D_Confidence Correlation Coefficient .459** 1.000 

Sig. (2-tailed) .004 . 

N 38 38 

**. Correlation is significant at the 0.01 level (2-tailed). 

 

3D confidence and 3D accuracy 
 
 

Correlations 

 3D_Accuracy 3D_Confidence 

Spearman's rho 3D_Accuracy Correlation Coefficient 1.000 .098 

Sig. (2-tailed) . .556 

N 38 38 

3D_Confidence Correlation Coefficient .098 1.000 
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Sig. (2-tailed) .556 . 

N 38 38 

 
 
 
2D confidence and 2D completion time 
 

Correlations 

 2D_Confidence 2D Time 

Spearman's rho 2D_Confidence Correlation Coefficient 1.000 .060 

Sig. (2-tailed) . .723 

N 38 38 

2D Time Correlation Coefficient .060 1.000 

Sig. (2-tailed) .723 . 

N 38 38 

 
 
3D confidence and 3D completion time 
 

Correlations 

 3D_Confidence 3D Time 

Spearman's rho 3D_Confidence Correlation Coefficient 1.000 -.055 

Sig. (2-tailed) . .742 

N 38 38 

3D Time Correlation Coefficient -.055 1.000 

Sig. (2-tailed) .742 . 

N 38 38 

 
 
2D accuracy and display most aesthetically pleasing 
 

Correlations 

 Most_Aesthetic 2D_Accuracy 

Spearman's rho Most_Aesthetic Correlation Coefficient 1.000 .179 

Sig. (2-tailed) . .284 

N 38 38 

2D_Accuracy Correlation Coefficient .179 1.000 
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Sig. (2-tailed) .284 . 

N 38 38 

 
 
3D accuracy and display most aesthetically pleasing 

 
 

Correlations 

 Most_Aesthetic 2D_Accuracy 

Spearman's rho Most_Aesthetic Correlation Coefficient 1.000 .179 

Sig. (2-tailed) . .284 

N 38 38 

2D_Accuracy Correlation Coefficient .179 1.000 

Sig. (2-tailed) .284 . 

N 38 38 

 
2D	accuracy	and	display	liked	better	

	

 
Correlations 

 Liked_Better 2D_Accuracy 

Spearman's rho Liked_Better Correlation Coefficient 1.000 .029 

Sig. (2-tailed) . .862 

N 38 38 

2D_Accuracy Correlation Coefficient .029 1.000 

Sig. (2-tailed) .862 . 

N 38 38 

 
3D	accuracy	and	display	liked	better	

 
Correlations 

 Liked_Better 3D_Accuracy 

Spearman's rho Liked_Better Correlation Coefficient 1.000 .333* 

Sig. (2-tailed) . .041 

N 38 38 
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3D_Accuracy Correlation Coefficient .333* 1.000 

Sig. (2-tailed) .041 . 

N 38 38 

*. Correlation is significant at the 0.05 level (2-tailed). 

 
2D	accuracy	and	naïve	realism	about	accuracy	

 
Correlations 

 2D_Accuracy Naïve_accuracy 

Spearman's rho 2D_Accuracy Correlation Coefficient 1.000 -.375* 

Sig. (2-tailed) . .020 

N 38 38 

Naïve_accuracy Correlation Coefficient -.375* 1.000 

Sig. (2-tailed) .020 . 

N 38 38 

*. Correlation is significant at the 0.05 level (2-tailed). 

 
	

3D	accuracy	and	naïve	realism	

	

 
Correlations 

 Naïve_accuracy 3D_Accuracy 

Spearman's rho Naïve_accuracy Correlation Coefficient 1.000 -.008 

Sig. (2-tailed) . .963 

N 38 38 

3D_Accuracy Correlation Coefficient -.008 1.000 

Sig. (2-tailed) .963 . 

N 38 38 
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