ABSTRACT
MAUDLIN, LINDSAY CATHERINE. An Evaluation of a Climate Decision Support System:
An Eye-Tracking Study. (Under the direction of Dr. Karen S. McNeal and Dr. Walter A.
Robinson).
A web-based climate decision support system (DSS) designed for foresters in the
Southeast United States was evaluated to measure the overall DSS usability and to determine if
user characteristics (e.g., age, gender, education) impact usability. This was accomplished by
asking users to navigate through the web-based climate DSS to complete tasks and answer
multiple choice questions about the climate information they interact with. They were also asked
for basic demographic information and about their experiences using climate information. The
evaluation utilized eye tracking, a technology that determines where, when, and for how long a
user fixates or focuses attention on a particular element on a computer screen. Eye-tracking data
can provide insight into the paths users take to complete the tasks and answer the questions,
which website design elements are most salient, and which elements are never viewed. The data
were collected in two phases: the first was exploratory and prompted changes to be made to the
DSS, and the second aimed to determine how those changes influenced the usability of the DSS.
This work explores three main areas: the differences between males and females; the differences
between experts and novices; and how the usability of the web-based climate DSS changed
between the two data collection phases.
Males and females demonstrated different eye-tracking patterns throughout the study. In
general, males tended to focus their attention on the maps and climate data, while females tended
to focus more attention on other elements of the DSS such as buttons that could be toggled off
and on, color bars, and text boxes. Additionally, when females did look at the maps and climate
data, they did not look at the most important aspects of the maps and climate data for answering

the related questions. This then impacted their success in answering the questions correctly.
Overall, males answered more questions correctly than did females, likely because males were
looking at the relevant data.
In this study, experts were defined as forestry professionals and novices were defined as
undergraduate students. The expected expert-novice differences (e.g., experts answered more
questions correctly) were convoluted by the influence of age on DSS usability. The expert
population had a higher average age than the novice population, and they also performed worse
than the novices. This unexpected results is likely due to the impact of age on website usability.
In addition, experience using climate data was not an accurate predictor of performance. The
lowest performers had experience using climate data, and not all of the highest performers did.
While there were some differences in the eye-tracking patterns between experts and novices in
this study, likely due to experience and content expertise, age was the most important factor in
the eye-tracking data.
The usability changed between the two phases of the study. In general, the efficiency
improved after changes were made to the DSS. The overall effectiveness decreased, with an
exception where users in the second phase out-performed those in the first phase during one part
of the study. This unexpected finding suggested users might have been cognitively overloaded,
thereby decreasing their performance.
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CHAPTER 1: Introduction
Loblolly pine trees are a critical component of the forestry industry in the Southeast
United States. They comprise nearly 20 million acres of forests in this region and provide
economic and ecological services (PINEMAP.org). These trees serve as a major carbon sink in
the United States, but they are also sensitive to variable and changing climates. Due to their
importance and susceptibility to climate risks, the Pine Integrated Network: Education,
Mitigation, and Adaptation Project (PINEMAP) was proposed and funded through the USDA
National Institute of Food and Agriculture in 2011. The project aims to combine research,
extension, and education to help foresters in this region manage loblolly forests in a way such
that they will increase carbon sequestration, resiliency, and sustainability.
PINEMAP ultimately led to the development of a climate decision support system (DSS),
the PINEMAP DSS, which provides foresters in the Southeast United States with historical
climate data as well as climate projections. The data are organized into different categories (e.g.,
Environment, Establishment, Management, and Production) and further divided into different
tools that focus on one variable. After the PINEMAP DSS was developed, it underwent beta
testing. The subsequent evaluation, which uses eye tracking, is presented here.
Literature Review
As the impacts from climate change begin to be observed, the need to disseminate
climate information to decision-makers for adaptation purposes grows and, in some cases, is
legally required (USDOI, 2009). When climate information is shared, special consideration must
be given to the process by which climate information is selected, used, and explained such that
the decision-makers fully understand the information they are using to make decisions for
ecological purposes (Snover et al., 2013), as well as how it is visualized, designed, and tailored
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for specific decision-makers and the layperson (Daron et al., 2015; Harold et al., 2016). Despite
the body of literature that acknowledges the need for readily understood and accessible climate
information for decision-makers, there is limited literature on how individuals and groups
interpret the climate information they are presented (McInerny et al., 2014; Daron et al., 2015).
Lessons learned from the field of communication can be applied to the practice of
disseminating climate information to decision-makers. Audiences bring many factors (e.g.,
political affiliation and ideology, education level, experience with major weather events,
proximity to climate change victims, etc.) to the table that can hinder their ability to accept the
science and take action (Borick and Rabe, 2008; Borick and Rabe, 2010; McCright and Dunlap,
2011; Hart and Nisbet, 2011; Kahan et al., 2012; Pearson and Schuldt, 2015). While addressing
all of these factors at once would be impossible, being aware of their impacts on an audience’s
cognitive, affective, and conative states is an important part of the communication process.
Potential ways to increase the likelihood of an audience accepting the science and taking action
include: tailoring the message for the intended audience (Severin and Tankard, 2001); allowing
for interaction between the information and the audience (Metzger, 2009); and creating space for
audience participation and feedback in the communication process (Nisbet and Scheufele, 2009).
Decision support systems (DSSs) are one way that climate information can be tailored to
decision-makers in a specific discipline, and there have been requests for such DSSs to be
developed (Mahoney et al., 2003). DSSs are, in general, collections of information (i.e.,
scientific research, analyses of information, and factors important to the decision-making
process) located in a common space that decision-makers can access and consult when making a
decision. They span across many disciplines and are becoming more common (Pyke et al., 2007).
Unfortunately, the efficacy of a DSS is not often studied and there is often a gap between the
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information provided by a DSS and the needs of the decision makers using it (Pyke et al., 2007).
Furthermore, DSSs are often housed on websites, making them interactive (Metzger, 2009;
Mysiak et al., 2005) while also introducing the need to study the usability of web-based DSSs.
Website usability has been studied in great detail across many disciplines, and the lessons
learned through this body of research can perhaps shed some light on stumbling blocks or
usability concerns for DSSs that are often shared through websites. Website usability can be
influenced by certain user demographics. For instance, older adults tend to be less accurate and
take longer to complete tasks (Romano Bergstrom et al., 2013), and age has been found to
impact spatial ability, mental model accuracy, and usability through loss in cognitive skills
(Wagner et al., 2014; Grahame et al., 2004). When gender is considered, males and females have
different design preferences for websites, and the male dominated information technology
industry could potentially be a stumbling block for women using websites designed by males
(Moss et al., 2006). Additionally, men and women differ in what they consider to be noticeable
and appealing through self-reported surveys, but the coordinating eye-tracking data do not show
significant differences in the eye movements of males and females, leading to the need for
additional gender studies in website usability (Djamasbi et al., 2007).
Eye tracking is a quantitative research method that determines where, when, and for how
long a participant looks at a particular element on a computer screen or otherwise placed within
the line of sight. This method has existed for more than 100 years (Jacob and Karn, 2003) and
has been used in many different applications (Holmqvist et al., 2011; Drost et al., 2015; Wilson
et al., 2016). Eye tracking is often used in website usability studies in order to provide higher
resolution data than observable behaviors such as scrolling or mouse clicks (Bojko, 2006; Loyola
et al., 2015). The limitations of eye tracking are that it only determines what the user is looking
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at instead of determining why the user looks at something or whether or not the user likes that
feature (Velasquez, 2013), and the analysis can be very time intensive (Jacob and Karn, 2003).
Through this technology, researchers have learned that not only do website usability problems
correlate well with specific eye-tracking patterns, but also to a series of patterns or behaviors that
users exhibit as they struggle to complete a given task (Ehmke and Wilson, 2007). It is important
to note that these studies tend to have small sample sizes (<40) (Jacob and Karn, 2003).
Motivation and research questions
There is a need to successfully disseminate accurate climate information to decisionmakers as the urgency for mitigation and adaptation planning grows, but presently, there is little
information on the efficacy of the existing dissemination methods. Specifically, the gaps
identified in the literature are: how individuals and groups of decision-makers interpret the
climate information they are provided; the efficacy of web-based DSS tools designed for a
specific audience; and how user demographics such as age, education, and gender might
influence a user’s ability to navigate a DSS. Without evaluation, there is no way to determine if
the existing methods of disseminating climate information to decision-makers are successful.
This evaluation aims to address the gaps identified in the literature by evaluating a webbased DSS designed for a specific audience – foresters in the Southeast United States. The study
will utilize eye-tracking technology to identify aspects of the DSS that should be altered to
improve the overall usability and to quantify the differences between the various demographics
examined. Furthermore, this work will address the following broad research questions:
1. Are there gender differences in users’ ability to successfully navigate the web-based
DSS and interpret the information? In what ways are gender differences manifested?
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2. Is experience, defined broadly by education level, age, and experience with climate
information, an accurate predictor of performance with a web-based DSS? Are there differences
between experts and novices, or are there other factors involved?
3. Which design elements distract or confuse users? Through the feedback process,
changes can be made to the overall design of the DSS. Do the changes help users better navigate
the tools and answer the questions more quickly and/or accurately? Are there other usability
concerns to examine?
By answering these questions, this evaluation will contribute to several fields by filling
the gap in the literature and serve as the first eye-tracking-focused evaluation of a web-based
climate information DSS. Additionally, it will add to the limited body of literature on gender
differences and expert-novice differences in website usability within an even more narrow area
of climate information websites. Eye tracking is very quantitative, thus adding a more robust
evaluation of website usability, particularly between groups, to the existing body of literature.
Methods
PINEMAP DSS
As part of the Pine Integrated Network: Education, Mitigation, and Adaptation project
(PINEMAP), the PINEMAP DSS was created to provide climate and regional productivity
model data specifically for foresters in the Southeast United States. The tools that comprise the
DSS examine the influences that climate and loblolly pines have on each other. The following
three tools were chosen for evaluation purposes: Extreme Minimum Temperature (EMT);
Summer Precipitation (SP); and Seedling Markets (SM), later renamed the Cold-Tolerant
Markets for Nurseries (CTMN).
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Study Designs and Populations
There were two phases in the evaluation of the PINEMAP DSS tools. The first phase
(Phase 1) was exploratory and was conducted with experts in the forestry field. Eye tracking was
used to help determine which aspects of the website impacted a user’s ability to successfully use
the website. Usability was measured by asking users to complete one task and answer two
multiple choice questions for each tool (three tasks and six questions in total). The tasks were
designed to utilize certain features of the PINEMAP DSS, one at a time, and to build on each
other from the first to the third task in order to measure the usability of individual features. For
example, the first task asked the users to input latitude and longitude coordinates, and the last
task asked the users to enter the latitude and longitude coordinates and find a drop-down menu to
turn-on a specific map layer. User demographics (age, gender, and education level) were also
collected to determine if certain characteristics influenced a user’s ability to complete the tasks
and answer the related questions correctly. Additionally, participants were asked open-ended
questions about their experiences using climate data and climate information websites. Based on
the initial findings from the first phase, the PINEMAP DSS was updated. The second phase
(Phase 2) aimed to determine if the updates made the PINEMAP DSS easier to use, if the
statistically significant differences in user performance based on user characteristics from Phase
1 could be replicated with a new group of participants (novices) in Phase 2, and if differences
between the participants in each phase exist based on education and experience levels.
The first participant group included 30 people (18 males and 12 females; 21 to 65 years
old), and their highest degrees, either completed or in progress, ranged from undergraduate to
doctoral degrees (6 undergraduate degrees, 17 master’s degrees, and 6 doctoral degrees). These
participants were forestry students and professionals, were recruited at a forestry conference in
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Durham, North Carolina, and were compensated with their choice of a pre-packaged candy bar
or a rain gauge. All participants: had five minutes to freely explore the PINEMAP DSS; had an
unlimited amount of time to complete the tasks and answer the related questions for the EMT,
SP, and SM tools; and completed a questionnaire (demographics and experience with climate
data).
The second participant group included 12 undergraduate students (4 males and 8 females;
18 to 21 years old), and their grade levels ranged from freshmen to juniors (2 freshmen, 8
sophomores, and 2 juniors). These participants were recruited from introductory physical science
classes at a large research institution in the southeastern US and compensated with a prepackaged candy bar. All participants: had five minutes to freely explore the PINEMAP DSS; had
an unlimited amount of time to complete the tasks and answer the related questions for the EMT,
SP, and CTMN tools; completed a questionnaire (demographics, experience with climate data,
and experience with activities linked to developing spatial ability such as scouts, video games,
navigation, etc.); and completed a block slicing test (Titus and Horsman, 2009; Ormand et al.,
2014) to measure one aspect of spatial ability.
Both phases of this study were carried out under approval through the Institutional
Review Board for the Protection of Human Subjects.
Eye-tracking Specifications and Analyses
The eye-tracking hardware used in the evaluations of the PINEMAP DSS consisted of
two Tobii X2-60 (60 gaze points per second) eye trackers during Phase 1 and one Tobii TX-300
(300 gaze points per second) eye tracker during Phase 2. The Tobii X2-60 set-ups (portable
laptops) were used to collect data remotely (at a forestry conference in Phase 1), and the TX-300
set-up (stationary desktop) was used to collect data in a lab setting (on campus in Phase 2).
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Before eye movements were recorded, each participant underwent a calibration process and was
seated such that the eyes were ~65 cm from the eye tracker, all to ensure accurate and consistent
eye-tracking data. After the eye-tracking data has been collected, the Tobii software provided
both qualitative and quantitative outputs for analyses.
The qualitative outputs consist of heat maps, which indicate where and how many
fixations occur, and gaze plots, which indicate when and where users look. These products are
suitable for visual analysis and general descriptions of user eye movements and behaviors but not
for statistical analysis purposes.
The quantitative outputs are calculated based on areas of interest (AOIs), regions within
the PINEMAP DSS that are defined by the researcher. For example, one AOI is the region in
each of the tools where the user would enter in the latitude and longitude coordinates for a
specific location of interest. The AOIs were consistent as possible between Phase 1 and Phase 2
of the study, noting any changes between the two versions of the PINEMAP DSS tools when
necessary.
Once the AOIs are defined, three quantitative metrics are then calculated specific to each
AOI: the fixation count (FC), which is the total number of times that the user fixates anywhere
within the AOI; the time to first fixation (TFF), which is the total number of seconds between the
time at which the webpage loads and the time at which the user fixates for the first time within
the AOI; and the total visit duration (TVD), which is the total number of seconds over all visits
to the AOI that the user fixates within the AOI. These metrics are then exported from Tobii for
statistical analyses with the other datasets (questionnaire, tasks and multiple choice questions,
and object slicing test for the participants in Phase 2). For quality control purposes, the eye-
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tracking data (i.e., FC, TFF, and TVD) from participants with low calibration rates (<60%) will
not be included in the statistical analyses.
Questionnaire, Tasks/Questions, and Object Slicing Test Analyses
The questionnaire responses will be compiled into a single document. Age, gender, and
education level responses will be used for statistical analyses, and the open-ended responses will
be used to determine previous experience with climate data and spatial skill-building activities
(Phase 2 users only). Users’ responses to the multiple-choice questions asked during the task
portion of both phases of the study will be graded and given points based on correctness (1 point
for a correct response, and 0 points for an incorrect response). Individual scores will be
compared to the AOI metrics from the corresponding tools to look for eye movements or
behaviors that correspond to answering the question correctly. For users in Phase 2, the object
slicing test will be graded (one point for each correct answer, zero points for questions left blank,
and a quarter of a point taken off for each incorrect answer). Overall scores for the tasks and
multiple-choice questions (the total number of points out of 6) and for the object slicing test
(possible scores between -3.75 and 15) will be compared between the genders, age groups, and
education levels of the participants to determine if certain user characteristics influence the
users’ ability to correctly answer the questions.
Statistical Analyses
Simple means, medians, and standard deviations will be calculated for each of the eyetracking metrics for all participants, for males and females, for each level of education
(undergraduate, master’s, doctoral) or undergraduate grade level, and for the various age groups.
Statistical tests will be conducted to determine if the differences in means between these groups
are statistically significant and to determine if any factors can successfully predict a performance
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outcome. Additionally, tests will be performed to determine if the differences in means between
the various groups (age, gender, education, experience, etc.) are significant. These analyses will
be completed using a combination of Excel and SPSS:
• Means (Student’s t-test) – All metrics
• Medians (Independent-Samples, k-samples) – All metrics
• Correlations (Spearman 2-tailed test) – All metrics
• Distributions (Mann-Whitney U-test) – All metrics
• Factor Analysis – Fixation Count; with Levene’s Test (variances)
• Effect Size – All metrics
Limitations
Due to the inherent differences between the forestry students and professionals from
Phase 1 and the undergraduate students in introductory physical science courses from Phase 2,
the populations are not identical. Additionally, changes were made to the PINEMAP DSS
website between Phase 1 and Phase 2 (based on the preliminary findings from Phase 1). These
could potentially influence the results that compare metrics between participants in Phase 1 and
those in Phase 2.
Spatial ability is a broad skill-set that is best measured through multiple instruments
(Titus and Horsman, 2009; Ormand et al., 2014). Due to limited time with each participant, only
one instrument was used for the participants in Phase 2, thus limiting the measurement of spatial
ability to one aspect of the broader skill-set.
Validity
The tasks and questions specific to the PINEMAP DSS website were written with help
from the website developer and reviewed by three climatologists and a geoscience education
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researcher. Once the tasks and questions were added to the eye-tracking study design, the entire
study was reviewed with the help of four graduate students in the geosciences for content
validity.
Chapter descriptions
A brief summary of the questions to be answered by each chapter is provided. The
population to be studied, the eye-tracking metrics, any additional data, and the analyses to be
used are also designated (Table 1).
Gender differences
Statistically significant differences were found between male and female participants
from Phase 1 for the SM tool. Do similar differences exist in Phase 2 for the CTMN tool? Can
these differences be explained by spatial abilities (measured only in Phase 2 with an object
slicing test)? Are there similarities between the males and females in both populations?
Expert-Novice differences
Phase 1 consisted of students and professionals in the forestry business (Experts), and
Phase 2 consisted of students in introductory physical science classes (Novices). Controlling for
modifications made to the PINEMAP DSS between the two phases, are there any statistically
significant differences between Experts and Novices in how they engaged with the DSS
PINEMAP website?
Usability
What are the major design obstacles for users? Which features are distracting or
confusing? Once changes have been made, are users better able to navigate and use the
PINEMAP DSS?
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Table 1: Research questions, the population, eye-tracking metrics, other data, and analyses used
to answer the questions.
Questions
Pop.
Gender: Are there
statistically significant
differences between males Phase 2
and females in the second
phase?
Gender: If so, does spatial
Phase 2
ability play a role?
Gender: Are there
similarities between males Phase 1,
and females from both
Phase 2
populations?
Expert v. Novice: How
do the Phase 1 forestry
All
professionals compare to
the Phase 2 students?
Expert v. Novice: Are
there any statistically
Phase 1,
significant differences
Phase 2
between Phase 1 Experts
and Phase 2 Novices?
Usability: Which design
elements distract or
All
confuse users?
Usability: Do the changes
help users better navigate
Phase 1,
the tools and answer the
Phase 2
questions more quickly
and/or accurately?

ET Metrics

Other Data

Analyses

FC, TFF, TVD

Tasks/Questions

Statistics

NA

Questionnaire, Object
Statistics
Slicing Test

FC, TFF, TVD

Questionnaire,
Tasks/Questions

Statistics; 1:1
plots

Heat maps and gaze plots;
Tasks/Questions
FC, TFF, TVD

Visual analysis;
Statistics; 1:1
plots

Heat maps and gaze plots;
Tasks/Questions
FC, TFF, TVD

Visual analysis;
Statistics

Heat maps and gaze plots;
NA
FC, TFF, TVD

Visual analysis;
Statistics

FC, TFF, TVD

Statistics

Tasks/Questions
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CHAPTER 2: Website Usability Differences between Males and Females: An Eye-tracking
Evaluation of a Climate Decision Support System

Lindsay C. Maudlin, Karen S. McNeal, Heather Dinon-Aldridge, Corey Davis, Ryan Boyles,
Rachel M. Atkins
[TO BE SUBMITTED FOR PUBLICATION TO THE BULLETIN OF THE AMERICAN
METEOROLOGICAL SOCIETY]

Capsule
Evaluations of climate decision support systems help to identify potential barriers to
successfully disseminating climate information to diverse groups of end-users.
Abstract
Decision support systems, which are collections of related information located in a
central place, can be used as platforms from which climate information can be shared with
decision-makers. In this study, a web-based climate decision support system (DSS) for foresters
in the Southeast United States was evaluated using eye-tracking technology. The initial study
design was exploratory and focused on assessing usability concerns within the website. Results
showed differences between male and female forestry experts in their eye-tracking behavior and
in their success with completing tasks and answering questions related to the climate information
presented in the DSS. A follow-up study, using undergraduate students from a large university in
the Southeast United States, aimed to determine if similar gender differences would be detected,
and if so, if the cause(s) could be determined. The second evaluation, similar to the first, showed
that males and females focused their attention on different aspects of the website; males focused

17

more on the maps depicting climate information, while females focused more on other aspects of
the website (e.g., text, search bars, color bars). DSS developers should consider these gender
differences when designing a web-based DSS in order to effectively support various populations
of users.
Main Text
In the face of global climate change, the need to disseminate accurate climate information
to decision-makers for adaptation purposes has grown; however, this is no easy feat.
Consideration must be given to the climate information provided to decision-makers such that it
is understandable and used appropriately (Snover et al., 2013). Further consideration should be
given to the presentation of the climate information from the visualization and design of the
content to the tailoring of information for the intended audience (Daron et al., 2015; Harold et
al., 2016).
One way to disseminate tailored climate information to decision-makers is through a
decision support system (DSS), which is defined as a collection of information located in a
central place that decision-makers can access and consult before making a decision. DSSs are
becoming increasingly common across many disciplines, but they are rarely, if ever, evaluated
and do not always meet the needs of the decision-makers using them (Pyke et al., 2007). To
ensure that this strategy is effective and that decision-makers understand the information they
will ultimately use to make potentially high-impact decisions, the efficacy of these DSSs needs
to be investigated through evaluations (Perry et al., 2016).
One such DSS has been developed and evaluated. As part of the Pine Integrated
Network: Education, Mitigation, and Adaptation Project (PINEMAP), a USDA National Institute
of Food and Agriculture project that focused primarily on loblolly pine forests in the Southeast
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United States, the PINEMAP DSS was developed. The web-based PINEMAP DSS provides
historical and future climate and regional productivity model data specifically for foresters in this
region through a suite of tools that explore parameters such as temperature and precipitation.
After initial PINEMAP DSS development, a beta testing period indicated a need for further
evaluation that could address how users interacted with the PINEMAP DSS. The evaluation
included two phases: Phase 1, the exploratory, initial evaluation and Phase 2, the follow-up
evaluation. The initial evaluation (Phase 1) involved experts from the forestry field as these
respondents most closely represented the target audience of the PINEMAP DSS. The main goal
of the initial evaluation was to identify which aspects of the website impacted a user’s ability to
successfully navigate and use the website. Initial findings highlighted aspects of the PINEMAP
DSS that served as stumbling blocks in user navigation, and they also identified key differences
between males and females in their eye movements and in their success in completing tasks.
Based on the initial findings from Phase 1, the PINEMAP DSS was modified to address the
identified stumbling blocks. The follow-up evaluation (Phase 2) involved undergraduate students
and aimed to determine if the modifications made the PINEMAP DSS easier to use and if the
differences between males and females found in Phase 1 persisted after implementing these
changes.
Study design and populations
All study participants were given five minutes to freely explore the PINEMAP DSS
website. The free exploration period allowed participants to become familiar with the website
and gave them an opportunity to read about the PINEMAP DSS or to begin using the tools. At
the end of the five minutes, participants were automatically advanced to the second portion of the
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study which measured the usability of the PINEMAP DSS and involved completing one task and
answering two multiple choice questions for each tool in the evaluation.
Three tools were evaluated: Extreme Minimum Temperature; Summer Precipitation; and
Seedling Market (later renamed to Cold-Tolerant Markets for Nurseries in Phase 2). Altogether,
there were three tasks and six multiple choice questions. The tasks were designed to utilize
certain features of the PINEMAP DSS, one at a time, in order to measure the usability of
individual website features. Additionally, each task built on the knowledge gained from the
previous tasks. For example, the first task asked the users to input latitude and longitude
coordinates, and the last task asked the users to enter the latitude and longitude coordinates,
select a time period, and find a drop-down menu to turn-on a specific map layer.
Participants’ eye movements were recorded throughout their interactions with the
PINEMAP DSS through eye tracking, a non-invasive technology that determines the location
and duration of users’ visual fixations. User demographics (age, gender, and education level)
were also collected to determine if certain characteristics influenced a user’s success in
completing the tasks and answering the related questions correctly. Additionally, participants
were asked open-ended questions about their experiences using climate data and climate
information websites.
The participant group from Phase 1 included 30 forestry students and professionals (18
males and 12 females; 21 to 65 years old), and their highest degrees, either completed or in
progress, ranged from undergraduate to doctoral degrees (6 undergraduate degrees, 17 master’s
degrees, and 6 doctoral degrees). They were recruited at a forestry conference in Durham, North
Carolina, and were compensated afterward with their choice of a pre-packaged candy bar or a
rain gauge. The participant group from Phase 2 included 12 undergraduate students (4 males and
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8 females; 18 to 21 years old) in STEM and non-STEM majors, and their grade levels ranged
from freshmen to juniors (2 freshmen, 8 sophomores, and 2 juniors). They were recruited from
introductory physical science classes at a large research institution in the Southeast United States
and were compensated afterward with a pre-packaged candy bar.
In addition to the study protocol already described, participants in Phase 2 were asked
about their experiences with activities linked to developing spatial skills and/or those which
develop map reading skills such as scouts, building blocks, playing video games, and using maps
for navigation (Casey et al., 2008; Jirout and Newcombe, 2015; Gold et al., 2018). They also
completed a block slicing test (Titus and Horsman, 2009; Ormand et al., 2014) to measure one
aspect of spatial ability, visual penetrative ability. These activities were added to the study design
to help determine if differences in spatial ability and spatial skills could explain any potential
differences between the eye movements and successful completion of tasks of males and
females.
Both phases of this study were carried out under approval through the Institutional
Review Board for the Protection of Human Subjects. To ensure validity, the tasks and questions
were written with the help of experts in the content area, and the complete study was reviewed
by multiple graduate students. Additionally, the authors are aware of the following limitations:
the two study populations were not identical; changes were made to the PINEMAP DSS website
between the two evaluation phases, so the website was not identical between Phase 1 and Phase
2; and, due to limited time with participants, only one instrument was used to measure spatial
ability. Further, the study sample size of males and females was limited due to the emphasis on
the eye-tracking applications (typical sample sizes are less than 30 subjects in eye-tracking
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research) and may or may not be generalizable to the targeted study population or broader public
audiences. Future work is suggested in order address the limitations in this current study.
Differences between males and females
Guided by the existing literature on gender differences in website usability studies
(Simon, 2001; Cyr and Bonanni, 2005; Moss et al., 2006; Djamasbi et al., 2007), a major focus
of the initial PINEMAP DSS eye-tracking evaluation and subsequent follow-up study was on
identifying any differences between males and females. Eye tracking revealed qualitative
differences in the visual fixation patterns of Phase 1 males and females throughout many of the
PINEMAP DSS features, but the most obvious differences were identified in the Seedling
Markets tool (Figure 1), the third of three tools used in the evaluation. For this particular tool,
participants were tasked with entering a specific latitude and longitude and toggling on a feature
by clicking a button located above the center map. One of the questions associated with this task
required that the participants look at the city located at the specified latitude and longitude and
compare the information for the city between the three maps (the center map and the two side
maps). The male visual fixation pattern showed a major hotspot (50+ visual fixations) over the
city location in the center map and two smaller hotspots over the boxes where latitude and
longitude coordinates were entered, indicating that the majority of male visual fixations were
focused on the center map (Figure 1). The female visual fixation pattern showed a broader range
of hotspot locations throughout the Seedling Markets tool (Figure 1). Female visual fixations
focused more heavily on the non-map aspects of the website such as various features that could
be toggled off and on, the latitude and longitude boxes, drop-down menus, and the map layer
options menu box. While some attention is given to the data, the majority is not.
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In Phase 2, a few modifications were made to the Seedling Markets tool, but the task and
related questions were unchanged. The tool was renamed to Cold-Tolerant Markets for
Nurseries, and the map layer options menu box was left open by default (it was minimized by
default in Phase 1). The visual fixation patterns of males and females were more similar to each
other than those from Phase 1, but there were some key differences (Figure 2). The Phase 2
males and females had similar visual fixation patterns for the content located above the maps;
however, females gave more attention to the center map and failed to give much attention to the
side maps as compared to the males, meaning that females were not looking at all of the required
data before answering the related question. Additionally, the most attention was given to the map
layer options menu box.
In general, males in both phases fixate more often on the map aspects that will help to
answer the related questions at the end of the task (e.g., 14 times v. 6 times, on average, for the
city location) while females fixate more often on other aspects of the DSS (e.g., 28 times v. 19
times, on average, for the map layer options menu box). A notable difference between males and
females in both phases is how they used their free exploration time at the start of the study. The
free exploration period was an opportunity for participants to become familiar with the
PINEMAP DSS website and tools. With their free exploration time, males fixated more on the
data (the maps themselves) than did females, and in some cases, the females did not fixate
anywhere within a given AOI (Figure 3). Additionally, females fixated more on the text on the
home page as they read through the material than did males (e.g., 169 times v. 148 times, on
average).
During the tasks and related questions portion of the study, males fixated more than
females on the location of the city of interest within the maps and the surrounding data; and
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females fixated more on the latitude and longitude boxes and other DSS features outside the
maps than did males (Figures 1 and 4). By giving more attention to the city location within the
maps, males are likely taking in more information that will ultimately help them answer the
related questions. By giving more attention to the website aspects above the maps, females are
likely becoming more familiar with the various features of the website but not gaining insight
into the data that will help answer the related questions. When combining these two major
differences between males and females, how they use their free exploration time and where they
focus their attention most during the tasks and while answering the related questions, differences
in their success of answering the questions correctly can be expected.
Out of the six questions asked in the tasks and related questions portion of the study,
males answered more questions correctly (Figure 5), on average (4.74 v. 4.21). Out of all
subgroups, Phase 2 males answered the most questions correctly, on average (5.25), and Phase 2
females answered the least questions correctly, on average (3.88), resulting in a large effect size
difference between male and female performance (Cohen’s d = 0.81). The three lowest
performers from Phase 2 (those with total scores less than or equal to 3 out of 6) in this study
were all females (Figure 5). Additionally, they also had the least experience with any activities
related to developing spatial skills. Out of the twelve spatial-related activities inquired about in
this study, males had experience with an average of 8.75, females had experience with an
average of 6.38, and the three lowest performers had experience with an average of 3.33. The
lowest performers also had the lowest scores on the spatial ability test (3.33) compared to males
(6.25) and females (4.66). While experience with these types of activities and the spatial ability
test used in this study do not directly predict performance with the tasks and related questions
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portion of the study, the similarities between the three lowest performers suggest these are
factors that can influence performance.
Implications for future climate decision support systems
The findings from this study highlight the influence of end-user demographics and
experience level on the development of DSS products. For example, if we want to ensure
females focus on the data found within the maps, extra effort should be given to ensure that these
users are visually directed to that information (e.g., use an arrow or a pulsing banner to draw
attention to the map). Similarly, if we want to ensure that males read about a tool before using it,
extra effort should be given to drawing their attention to the relevant text (e.g., include the
necessary information on the same page as the tool itself and highlight it with a pulsing banner).
Additional research and effort are needed to further address how gender might impact a
user’s success in navigating and interpreting information from a climate DSS, and other user
demographics and experiences should also be considered. To ensure the development of a usable
and easily understood climate DSS for decision-makers, the target audience should be clearly
identified. In addition, evaluation should be included from the beginning of the design process
(Perry et al., 2016) and should draw on the design-based research and evaluation frameworks
(McNeal et al., 2014) used in this study.
Sidebar: Eye tracking
Eye tracking is a non-invasive, harmless technology that allows researchers to determine
where, when, and for how long a user is looking at specific elements on a computer screen. It has
been used for more than 100 years (Jacob and Karn, 2003) in various applications, including
website usability studies (Holmqvist et al., 2011; Drost et al., 2015; Wilson et al., 2016; Bojko,
2006; Loyola et al., 2015).
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The eye-tracking hardware used to evaluate the PINEMAP DSS utilized two different
types of instruments. The Phase 1 set-up consisted of two Tobii X2-60 (60 gaze points per
second) eye trackers used with portable laptop computers (at a forestry conference with forestry
experts). The Phase 2 set-up consisted of one Tobii TX-300 (300 gaze points per second) eye
tracker used with a stationary desktop computer (on campus with undergraduate students).
Before eye movements were recorded, each participant underwent a calibration process and was
seated such that the eyes were ~65 cm from the eye tracker, all to ensure accurate and consistent
eye-tracking data. After the eye-tracking data were collected, the Tobii software provided both
qualitative and quantitative outputs for further analysis.
The qualitative outputs include heat maps, which indicate where and how many visual
fixations occur. These products are suitable for visual analysis and general descriptions of user
eye movements and behaviors but not for statistical analysis purposes.
The quantitative outputs are calculated based on areas of interest (AOIs), regions within
the PINEMAP DSS that are defined by the researcher. For example, one AOI is the region in
each of the PINEMAP DSS tools where the user would enter in the latitude and longitude
coordinates for a specific location. Three quantitative metrics are calculated specific to each
AOI: the fixation count (FC), the total number of times that a user fixates anywhere within the
AOI; the time to first fixation (TFF), the total number of seconds between the time at which the
webpage loads and the time at which the user fixates for the first time within the AOI; and the
total visit duration (TVD), the total number of seconds over all visits to the AOI that the user
fixates within the AOI. These metrics are exported from Tobii for additional analyses. For
quality control purposes, the eye-tracking data (i.e., FC, TFF, and TVD) from participants with
low calibration rates (<60%) are not included in the statistical analyses throughout this study.
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Sidebar: Gender differences
The literature on gender differences within website design and usability studies is limited.
Moreover, existing studies are heavily focused on e-commerce and online shopping applications
and the aesthetics of these types of websites; however, these differences can shed some light on
design preferences between the genders that can still be relevant to the PINEMAP DSS
evaluation in this study. Cyr and Bonanni (2005) show that women are consistently less pleased
with a website than men using a Likert scale rating system. In addition, this study indicates that
more men than women approve of the website’s organization and layout and are able to easily
navigate the website. Other studies have reported gender differences in design preferences
including shapes and colors and in opinions of what is eye-catching and attractive (Moss et al.,
2006; Djamasbi et al., 2007). One possible explanation for these gender differences is the
manner in which males and females process information. Males tend to be selective with the
information that they attempt to comprehend while females tend to attempt to comprehend all of
the available information, so females are more likely to be less satisfied with a website if it does
not include adequate information or quickly draw their attention to it (Simon, 2001).
If users are expected to find information and be able to recall and apply that information,
then a second factor, search behavior, must be considered as this can impact learning gains (Roy
et al., 2003; Roy and Chi, 2003). For example, important design criteria for males include
minimal action, meaning that less clicking or typing to navigate the website, and flexibility,
meaning tasks can be completed in different ways. In contrast, females prefer learnability, which
entails having a similar layout and navigation process throughout the website, and user guidance,
which entails feedback and hints (Lin and Hsieh, 2016).
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The male-dominated IT industry could potentially be a stumbling block for women using
websites mainly designed by males (Moss et al., 2006), in part because previous research has
shown that gender preferences of websites and their elements tend to align best when the same
gender designed the site (Moss and Gunn, 2007). Boys have been shown to have higher aesthetic
preferences for existing children’s websites than girls, in part due to visual complexity since
boys preferred higher design complexity than girls (Wang, 2014). Less studied is the affective
aspect of website design and how it might influence website usability. A user’s affective
response to a new website has been shown to influence his or her perceived usefulness and ease
of use (Zhang and Li, 2005). Statistically significant gender differences justify customizing a
website for its audience (Simon, 2001), and if a website is not customized for female viewers or
designed with them in mind, females may experience frustration and anxiety and consequently
be less satisfied with the website (Lin and Hsieh, 2016). Additional research on gender
differences in website design and usability is needed to better inform website developers to be
more female-friendly.
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Figure 1. Heatmaps for a subset of the males (left) and females (right) for Phase 1 Seedling Markets Tool (renamed to Col d-Tolerant
Markets for Nurseries in Phase 2). Red denotes high visual fixation counts, and blue denotes low visual fixation counts. Males fixate
more on the data within the center map while females fixate more on the other website aspects.
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Figure 2. Heatmaps for males (left) and females (right) for the Phase 2 Cold-Tolerant Markets for Nurseries (previously named
Seedling Markets Tool in Phase 1). Red denotes high visual fixation counts, and blue denotes low visual fixation counts. Males and
females have similar visual fixation patterns for the content located above the center map, and both look at the data within the center
map. Males give more attention to the map on the right, while females neglect the side maps almost entirely.
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Figure 3. A comparison of males and females and how and where they focus their attention
during the five minutes of free exploration at the start of the study. Markers represent the median
value of visual fixation counts of males compared to females for individual areas of interest
(AOIs). Those above the diagonal line mean that females had a higher median visual fixation
count than males, and those below the diagonal line mean that males had a higher median visual
fixation count than females. Markers are also differentiated between Phase 1 (denoted with “1-“)
and Phase 2 (denoted with “2-“) and by type of AOI, where “Text” refers to AOIs filled with
blocks of text, “Data” refers to AOIs located within the maps, and “Other” refers to AOIs that
include color bars, latitude and longitude boxes, and various other buttons. Two AOIs from the
“2-Data” category are missing from this figure because only the males had visual fixation counts
for these particular AOIs.
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Figure 4. A comparison of males and females and how and where they focus their attention
during tasks and while answering the related questions. Markers represent the median value of
fixation counts of males compared to females for individual areas of interest (AOIs). Those
above the diagonal line mean that females had a higher median fixation count than males, and
those below the diagonal line mean that males had a higher median fixation count than females.
Markers are also differentiated between Phase 1 (denoted with “1-“) and Phase 2 (denoted with
“2-“) and by type of AOI, where “City” refers to the location of the specified city for each of the
three tools, an indication that participants were looking at the map data, and “LatLon” refers to
the latitude and longitude boxes above the maps, an AOI that is indicative of attention being
given to the content above the maps.
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Figure 5. Total score out of six possible for males and females in Phase 1 (denoted with “1-“)
and Phase 2 (denoted with “2-“).
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CHAPTER 3: The Role of Expertise on the Usability of a Climate Decision Support System

Lindsay C. Maudlin, Karen S. McNeal, Heather Dinon-Aldridge, Corey Davis, Ryan Boyles,
Rachel M. Atkins
[TO BE SUBMITTED FOR PUBLICATION TO WEATHER, CLIMATE, & SOCIETY]

Abstract
A web-based climate decision support system (DSS) was evaluated using eye tracking.
Users were asked to complete tasks and answer related multiple choice questions with interacting
with the DSS. The users represented a spectrum of expertise from undergraduate students to
professionals with doctorate degrees and a broad range of ages. In general, the experts were
outperformed by some novices, and previous experience using climate data did not guarantee
success. Furthermore, novices had relatively shorter time to first fixation on DSS elements
relevant to the tasks and questions, but they had relatively longer total visit durations. The poor
performance and the longer time to first fixation of experts in this study are likely due to their
relatively older ages compared to other users. This study and its findings suggest that age is a
confounding factor in web-based climate DSS usability.
Introduction
In order for communities to successfully adapt to global climate change, decision-makers
must be given accurate and relevant climate information in an understandable format that draws
clear connections between the projected climate impacts and their communities. For this reason,
effort has been put into learning how to successfully communicate science with the general
public and policymakers such that they understand and know how to apply the information they
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are given (Romsdahl, 2011; Perry et al., 2016). Scientists can draw on effective strategies from
the communication field such as interacting with and framing the message for the intended
audience (Nisbet, 2009; Nisbet and Scheufele, 2009; Scannell and Gifford, 2013).
Framing a climate information message for a specific group of decision-makers can be
done through a decision support system (DSS). A DSS combines all relevant information into a
central location that is easily accessible by decision-makers. DSSs are commonly used across
many fields but less commonly evaluated (Pyke et al., 2007). Without evaluations, the efficacy
of DSSs cannot be known, and scientists are unable to determine if the products they develop for
a specific group of end-users are usable, easily understood, or provide the relevant climate
information for their intended audience. The increased use of web-based DSSs introduce the
need to consider website usability.
Website usability is commonly studied across many disciplines, and these studies have
identified various user characteristics such as age and gender that influence website usability.
Older users are slower in website navigation and are oftentimes less accurate as they complete
tasks (Romano Bergstrom et al., 2013), and the loss in cognitive skills with age has been found
to decrease spatial ability, mental model accuracy, and usability (Wagner et al., 2014; Grahame
et al., 2004).
An understanding of how user characteristics influence how they interpret visualizations
is also critical. As visualizations have generally improved in their usage and usability, they are
typically designed in a single format for all users that does not consider diverse user
characteristics (Toker et al., 2013). One such example is user expertise. Expertise is a good
predictor of performance and impacts visualization effectiveness (Toker et al., 2012), and for this
reason, domain-based experts and novices have been compared across many different disciplines
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(Barfield, 1986; Simmons and Lunetta, 1993; Chen et al., 2006; Hmelo-Silver et al., 2007;
Jarodzka et al., 2010; Gegenfurtner et al., 2011; Kastens et al., 2016). Experts are usually
scientists or college-level instructors with formal training and experience in a particular domain,
while novices are typically students with little or no training in the same domain (Simmons and
Lunetta, 1993). Furthermore, what experts know within a specific domain is not just
quantitatively different but also qualitatively different (LaFrance, 1989). Experts have been
shown to remember more lines of code than novices due to their ability to correctly group and
connect the information they are looking at rather than simply having a greater mental capacity
(Barfield, 1986). When looking at complex and dynamic visualizations, experts tend to focus
their attention on the more relevant information surrounded by irrelevant information than do
novices, demonstrating perceptual/attentional skills (Jarodzka et al., 2010). Experts are also often
able to complete tasks faster than novices (Jarodzka et al., 2010).
Many expert-novice studies utilize eye tracking (Jarodzka et al., 2010; Gegenfurtner et
al., 2011; Ooms et al., 2012; Kastens et al., 2016). Through this technology, experts have been
shown to fixate, focus their gaze and attention on a certain element, more on relevant data for
answering specific questions and completing tasks than do novices (Jarodzka et al., 2010;
Gegenfurtner et al., 2011; Atkins and McNeal, in review). Furthermore, experts have been shown
to have shorter total fixation durations and shorter times to first fixation on relevant information
(Gegenfurtner et al., 2011). Experts have been shown to have significantly shorter fixations and
more fixations per second while completing a visual search through a series of maps,
demonstrating their ability to interpret a larger part of the map in the same amount of time than
novices (Ooms et al., 2012).
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Given the nature of studies that examine differences between experts and novices, sample
sizes are often quite small and the findings lead to more questions, indicating the need for
additional studies (Simmons and Lunetta, 1993). This study addresses several gaps in the
literature. First, it employs eye-tracking data to evaluate the usability and understandability of a
climate DSS. Second, it explores website usability with users of varying levels of expertise.
Third, it quantifies the differences between eye movements of experts and novices as they
interact with complex climate information. The key questions this study aims to answer are: 1)
Do those with higher levels of education and more experience using climate data out-perform
those with less education and experience?; 2) Are there differences in the eye-tracking behavior
between experts and novices?; and 3) If differences are present, are they significant?
Methods
Study design
A climate DSS is evaluated in two phases. The first phase (Phase 1) was exploratory and
focused on identifying usability problems within the climate DSS. Preliminary results from
Phase 1 prompted DSS updates and changes as well as a follow-up evaluation (Phase 2). Phase 2
focused on determining whether DSS updates and changes improved the overall usability of the
DSS.
All users were given five minutes to freely explore the DSS. During this time, users could
read about the DSS, explore the various tools, or any combination of those two activities. At the
end of the free exploration period, users began a series of three tasks, one for each DSS tool
evaluated, and two multiple choice questions per task (Supplemental Material). The tasks were
developed with the intent of measuring the usability of the DSS. They became more difficult
with each task as they built on the prior knowledge gained from the previous task. The multiple
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choice questions assessed whether participants understood what they were looking at. Eye
tracking was utilized throughout this portion of the study.
After interacting with the DSS, users were asked to provide demographic data (age,
gender, and education level). Demographic data were collected to determine if certain
characteristics influenced a user’s ability to complete the tasks and answer the related questions
correctly. Additionally, participants were asked open-ended questions about their experiences
using climate data and climate information websites to determine how familiar users already
were with climate data.
Study populations
Participants in Phase 1 were forestry professionals and recruited at a forestry conference
in Durham, North Carolina. There were 30 participants in total, 18 males and 12 females, and
their ages ranged from 21 to 65. Their highest degrees (completed or in progress) included 6
undergraduate degrees, 17 master’s degrees, and 6 doctoral degrees in forestry or similar fields.
Compensation was their choice of a pre-packaged candy bar or a rain gauge.
Participants in Phase 2 were undergraduate students (STEM and non-STEM majors)
recruited from introductory physical sciences classes at a large research university in the
Southeast United States. There were 12 participants in total, 4 males and 8 females, and their
ages range from 18 to 21. Their current grade levels included 2 freshmen, 8 sophomores, and 2
juniors. Compensation was a pre-packaged candy bar.
Both phases of this study were carried out under approval through the Institutional
Review Board for the Protection of Human Subjects.
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PINEMAP DSS
The Pine Integrated Network: Education, Mitigation, and Adaptation Project (PINEMAP)
led to the development of a DSS, PINEMAP DSS, which provides tailored climate and regional
productivity model data for foresters in the Southeast United States (Davis et al., in review).
PINEMAP DSS is presented in a web-based format and contains several tools that allow users to
explore how the climate will vary across the region and over future time periods. Three tools
were chosen to be used in the evaluation: Extreme Minimum Temperature (EMT), which shows
projected changes in the occurrence of minimum temperatures below different thresholds;
Summer Precipitation (SP), which shows projected changes in average summertime
precipitation; and Seedling Markets (SM), later renamed the Cold-Tolerant Markets for
Nurseries (CTMN), which shows northerly regions where seedlings could be deployed in the
future without an appreciable change in cold risk.
Eye tracking
The PINEMAP DSS evaluations utilized different eye-tracking set-ups for the two
phases. Two Tobii X2-60 (60 gaze points per second) eye trackers were used with portable
laptop computers during Phase 1 to collect data remotely, and one Tobii TX-300 (300 gaze
points per second) eye tracker was used with a stationary desktop computer during Phase 2 to
collect data within a lab on campus. After the eye-tracking data were collected, the Tobii Studio
software provided both qualitative and quantitative outputs for analyses. Aside from the two
different frequencies (hertz) of the Tobii systems, all other parameters were identical during eyetracking and follow-on analysis.
The qualitative outputs consist of heat maps and gaze plots. Heat maps indicate where
individuals or groups of people fixate and how many fixations occur. Gaze plots indicate when
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and where users fixate and the paths their eyes take between fixations. These products are
suitable for visual analysis and general descriptions of user eye movements and behaviors but not
for statistical analysis purposes.
The quantitative Tobii Studio outputs are calculated based on areas of interest (AOIs),
regions within the PINEMAP DSS that are defined by the researcher. For example, one AOI is
the region in each of the tools where the user would enter the latitude and longitude coordinates
for a specific location provided in a task. Once the AOIs are defined, three quantitative metrics
are then calculated specific to each AOI: the fixation count (FC), which is the total number of
times that the user fixates anywhere within the AOI; the time to first fixation (TFF), which is the
total number of seconds between the time at which the webpage loads and the time at which the
user fixates for the first time within the AOI; and the total visit duration (TVD), which is the
total number of seconds over all visits to the AOI that the user fixates within the AOI. These
metrics are then exported from Tobii Studio to be used in statistical analyses.
Before eye movements were recorded, all participants were seated such that their eyes
were ~65 cm from the eye tracker, and each underwent a calibration process to ensure accurate
and consistent eye-tracking data. Data from participants with poor calibrations or low sample
rates (<60%) are not included.
Additional data
Questionnaires (Supplemental Material) were given at the end of the eye tracking portion
of the study. They aided in the collection of demographic information (e.g., age, gender,
education level) and allowed participants to describe their experience with using historical
climate data and climate projections through open-ended responses. The open-ended responses
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led to the formation of two groups: those who had experience with climate data and those who
had not.
The six total multiple choice questions (Supplemental Material), two for each of the three
tasks completed in the evaluation, were scored based on the correctness of the response. For each
correct response, participants were given one point. The highest score possible was a total score
of six points.
Limitations
Due to the inherent differences between the forestry professionals from Phase 1 and the
undergraduate students in introductory physical science courses from Phase 2, the populations
are not identical. Additionally, updates and changes were made to the PINEMAP DSS website
between the two phases. These population differences and DSS updates and changes could
influence the results that compare metrics between participants in the two phases.
Eye-tracking studies often have small sample sizes (<40) (Jacob and Karn, 2003), thus
findings from individual eye-tracking studies can be influenced by sampling error or disagree
with previous findings (Gegenfurtner et al., 2011).
Expert-novice differences can be influenced by task difficulty, the time spent working
through a task, and the degree to which users control their own process of working through a task
(Gegenfurtner et al., 2011). In this study, the tasks increase in difficulty from the first to the
third, users had an unlimited amount of time to work through each task, and users had complete
control over the process they could take to work through the tasks and answer the related
questions. This study design will have inherently different results than one with time limits for
completing tasks.
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Validity
The tasks and questions specific to the PINEMAP DSS website were written
collaboratively with the developers of the PINEMAP DSS and two geoscience education
researchers. Once the tasks and questions were incorporated into the eye-tracking study design,
the entire study was reviewed with the help of four geoscience graduate students for content
validity.
Results and Discussion
Of the 30 participants in Phase 1 and 12 participants in Phase 2, data from 26 and 12
participants, respectively, are included in the following analyses (Table 1). One participant from
Phase 1 did not include his/her age and is thus not included in the analyses that compare eyetracking metrics and total scores across ages. The expert to novice spectrum ranges from the
professionals with doctorate degrees in Phase 1 to the undergraduate students in Phase 2.
In terms of answering the six multiple choice questions correctly, the highest educated
experts (those with doctorate degrees) performed worse than the other groups (an average total
score of 4.00 compared to 4.77 for those with Master’s degrees, 4.50 for professionals with
Bachelor’s degrees, and 4.33 for undergraduate students) (Table 1). To further investigate this
phenomenon, a comparison of participants’ age and total score is made (Figure 1). Excluding the
undergraduate students’ scores on the far left, the trend shows a general decrease in total score
with age. Interestingly, those with doctorate degrees also happen to be some of the oldest
participants in this study. Given this is a web-based DSS and older adults are known to struggle
with website usability, the decrease in total score with age is not surprising; however, some
novices outperforming some experts is unexpected.
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The general distribution of users’ total scores is left-skewed. Examining the distributions
by degree-type (Figure 2), the patterns become more complicated. Those with doctorate degrees
have total scores clustered around 4, those with Master’s degrees have total scores that are leftskewed and all greater than or equal to 3, professionals with Bachelor’s degrees have total scores
that are also left-skewed and range from 3 to 5, and undergraduate students have total scores that
are highly dispersed and span the entire range of total possible scores (1 to 6). When previous
experience using climate data is considered (Table 1; Figure 2), those with previous experience
using climate data are not necessarily the same participants who answer the most questions
correctly. In fact, five of the seven lowest performers reported previous experience with climate
data.
For the following comparisons, users with Master’s degrees are used as the comparison
group for several reasons: 1) they had the highest average total score of all groups (4.77); 2) the
majority of them indicated they had previous experience using climate data (10 out of 13); and 3)
their average age of 35 falls between the average ages of the other groups (compared to 48, 31,
and 20 for those with doctorate degrees, professionals with Bachelor’s degrees, and
undergraduate students, respectively) (Table 1).
For most AOIs in this study, median TFF and TVD values show different trends for each
degree-type, especially between the undergraduate students and those with doctorate degrees.
Consider the AOIs in the SP Tool and the SM/CTMN Tool (Figures 3 and 5, respectively).
Across most AOIs, the undergraduate students tend to have shorter median TFF values than
professionals with Master’s degrees, and sometimes even the shortest median TFF values
compared to all groups (Figures 4 and 6, respectively). Conversely, the undergraduate students
tend to have the longer median TVD values than professionals with Master’s degrees (Figures 4
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and 6, respectively). Similar trends appear when the average TFF and TVD values are compared
between experts (forestry professionals) and novices (undergraduate students) in this study, in
some cases demonstrating medium to large effect sizes (Table 2).
These differences demonstrate that the undergraduate students easily find the various
elements of the PINEMAP DSS tools that are relevant for completing the tasks and answering
the related questions, but they fixate on them longer than most other users for one of two
possible reasons: 1) they have trouble comprehending the content or 2) they find the content
interesting. Drawing on the known limitations of this study, specifically that comparisons
between users in Phase 1 and Phase 2 are potentially biased due to the updates and changes made
to the PINEMAP DSS between the two phases, the relatively lower TFF values for the
undergraduate students might be influenced by overall usability improvements between the
PINEMAP DSS version the professionals used (Phase 1) and the one used by the students (Phase
2). Additionally, their relatively lower average age likely plays an important role in their ability
to quickly scan the PINEMAP DSS website. The relatively longer TVD values for the
undergraduate students are consistent with previous research that shows that experts tend to have
shorter TVD values because they require less effort to interpret the visualizations they interact
with within their given domain expertise (Gegenfurtner et al., 2011). The difference in TFF
values between experts in this study and other studies, namely that TFF values in this study are
longer for experts than for novices, is likely due to the experts being relatively older than the
novices.
Conclusion
This study examines the differences in eye-tracking behavior and overall task and
question performance between experts and novices as they interact with a climate DSS. The
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experts in this study were defined as those with higher levels of education and more previous
experience using climate data. These experts were also on the older end of the span of ages
represented by study participants. This study demonstrates that the usability of a web-based
climate DSS can be confounded by user expertise as well as user age. Future evaluations of webbased DSSs should consider that influences from user age on overall website usability might
supersede any anticipated differences between experts and novices. For this reason, more
evaluations are needed.
Recommendations from these findings and others can be made for future web-based DSS
development for diverse user groups. One way to decrease differences between experts and
novices is to draw novice attention to the most relevant information (Jarodzka et al., 2010). This
can be easily tackled in website design by including arrows, highlighted text, pop-ups, etc. Other
ways to decrease the differences between experts and novices include reducing unnecessary or
redundant information that can distract novices or including text to describe visualizations to
help novices process essential content (Gegenfurtner et al., 2011). Similar steps can be taken to
help with the age differences by drawing user attention to the most relevant information first.
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Table 1. Participant total number, average age, minimum age, maximum age, average total score, minimum total score, maximum
total score, and number with previous experience using climate data, divided by degree type (PhD, Master’s, Bachelor’s, and
undergraduate students).
Degree
PhD
Master's
Bachelor's
UG Students

Number Avg. Age Min. Age Max. Age Avg. Total Score Min. Total Score Max. Total Score Number with Experience
6
13
6
12

48
35
31
20

28
24
21
18

65
61
46
21

4.00
4.77
4.50
4.33

3.00
3.00
3.00
1.00

5.00
6.00
5.00
6.00

6
10
2
9
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Table 2. The average TFF and TVD values for novices (undergraduate students) and experts
(forestry professionals) for all AOIs related to the tasks and multiple choice questions within the
three tools (Extreme MT, SP, and SM/CTMN). The effect size between groups is also included
for the TFF and TVD values. Shaded boxes highlight effect sizes with absolute values greater
than or equal to 0.5.
AOI Name
CNC/Raleigh
MT_ColorBarBottom
MT_Lat/Lon
MT_LayerOptions
MT_LeftPanel
MT_RightPanel
MT_Timeseries
MT_ProjChange
Columbia
SP_Lat/Lon
SP_LeftPanel
SP_ProjAvg
SP_RightPanel
SP_Timeseries4
SP_Timeseries5
Little Rock
SM_LayerOptions
SM_LeftPanel
SM_PlantingPeriod
SM_RightPanel

TFF Novice Avg. TFF Expert Avg. TFF Effect Size TVD Novice Avg. TVD Expert Avg. TVD Effect Size
14.87
25.03
14.55
8.74
85.96
81.41
37.59
5.57
22.12
9.24
58.20
13.93
39.69
48.90
55.66
44.86
19.85
38.88
27.62
43.49

17.46
75.41
36.16
42.78
105.86
104.12
80.45
38.25
42.69
34.69
66.60
9.53
55.05
81.02
81.58
66.02
34.35
63.46
81.00
70.06

-0.25
-1.49
-0.69
-1.03
-0.56
-0.44
-0.90
-1.01
-0.64
-0.67
-0.28
0.44
-0.58
-0.66
-0.56
-0.40
-0.46
-0.82
-0.84
-0.53

5.30
4.86
4.67
3.35
1.81
2.82
14.98
1.26
2.11
4.26
0.91
0.98
0.86
4.14
5.34
2.63
6.85
4.71
3.58
7.39

6.49
1.79
1.10
0.64
1.11
2.09
16.98
0.96
3.09
0.96
0.97
0.97
2.62
4.48
5.65
3.79
7.13
5.13
2.30
6.86

-0.24
1.62
2.46
3.65
0.59
0.24
-0.10
0.39
-0.17
3.32
-0.05
0.02
-0.48
-0.07
-0.07
-0.12
-0.04
-0.06
0.82
0.07
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Figure 1. Participants’ ages plotted against their total number of correctly answered multiple
choice questions, a total score of six being the highest possible. Each marker represents an
individual participant, and markers are color-coded by highest degree completed or in progress.
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Figure 2. Bar graph of the total score (out of six possible) on the multiple choice questions
associated with the three tasks. Users are divided and color-coded by their highest degree
achieved or in progress. Those who said they had experience using climate data are denoted by a
shaded fill while those who said they did not have experience are denoted by a solid fill.
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Figure 3. AOIs as shown in the Phase 1 version of the PINEMAP DSS for the SP Tool. AOIs are
denoted by colored, slightly transparent boxes that overlay the PINEMAP DSS webpage. Their
labels coordinate with the annotations used in the next figure.
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Figure 4. Time to First Fixation (TFF) in seconds (top), and Total Visit Duration (TVD) in
seconds (bottom) for the SP Tool. The annotations used in the TFF and TVD plots coordinate
with the AOI labels in the previous figure. The TFF and TVD plots both show median values for
those with Master’s degrees (M) plotted against the median values of those with Doctorate
degrees (D), forestry professionals with Bachelor’s degrees (BP), and students working toward
Bachelor’s degrees (BS). The diagonal black line in the TFF and TVD plots is the 1:1 line for
comparison. Markers that fall below the line represent cases in which the median values for those
with Master’s degrees are larger, and markers that fall above the line represent cases in which the
median values for those with Master’s degrees are smaller.
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Figure 5. Same as Figure 3 using the SM/CTMN Tool (Phase 1/Phase 2).
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Figure 6. Same as Figure 4 using the SM/CTMN Tool (Phase 1/Phase 2).

59

SUPPLEMENTAL: Tasks and Multiple Choice Questions
Task: Explore Historical Information
Navigate to the Extreme Minimum Temperature tool using the menu at the top of the page.
Once you're there, select the following options:
Temperature Threshold: 32°F
Map Display: Historical Average
Then answer the following question.
What is a typical value in central North Carolina?
Between 65°F and 75°F
Between 65°C and 75°C
Between 65 days and 75 days
Between 65 years and 75 years
I am not sure.
Task: Explore Projected Change Information
Now select these options:
Map Display: Projected Change
Future Time Slice: 2020-2039
Future Emissions: Current Levels (High)
Location: Raleigh, NC (35.78°N, 78.64°W)
Then answer the following question.
What is the spread in the projected change of extreme minimum temperature occurrence?
about 5 fewer days to about 15 fewer days
about 5°F lower to about 15°F lower
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about 5 fewer days to about 25 fewer days
about 5°F lower to about 25°F lower
about 15 fewer days to about 25 fewer days
about 15°F lower to about 25°F lower
I am not sure.
Task: Explore Projected Average Information
Navigate to the Summer Precipitation tool and select the following options:
Map Display: Projected Average
Future Time Slice: 2080-2099
Future Emissions: Reduced Levels (Moderate)
Location: Columbia, SC (34.03°N, 80.90°W)
Then answer the following question.
What is the multi-model mean at this location?
about 13°F
about 13 inches
about 15°F
about 15 inches
about 18°F
about 18 inches
I am not sure.
Task: Explore Time Series Plots
Now examine the time series plot at the bottom of the page.
Then answer the following question.
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In the time series plot, which time slice has the greatest spread of possibilities?
Historical
2020-2039 for Reduced (Moderate) Emissions
2040-2059 for Current (High) Emissions
2060-2079 for Reduced (Moderate) Emissions
2080-2099 for Current (High) Emissions
I am not sure.
Task: Explore Projected Temperatures
Navigate to the Seedling Markets tool and select the following options:
Location: Little Rock, AR (34.74°N, 92.30°W)
Map Display: Projected Temperatures
Future Emissions: Current Levels (High)
Then answer the following question.
What is the trend with time from the Historical (black) to the 2080-2099 (magenta) time
periods? How do these trends differ from the Lowest Likely to the Highest Likely
Temperatures?
Northward with more spread
Southward with more spread
Northward with less spread
Southward with less spread
I am not sure.
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Task: Explore a Temperature Range
Next, show the 5° range for the 2080-2099 time period. Also, in the "Show Layer Options"
menu, turn on the Native loblolly range layer.
Then answer the following question.
What is the mean projected location of the 5° range relative to the native loblolly range?
It is mostly contained within the native loblolly range.
It is mostly north of the native loblolly range.
It is mostly south of the native loblolly range.
I am not sure.
SUPPLEMENTAL: Questionnaires
Phase 1
1. What sort of historical climate information do you need for your job or research?
2. What sort of future climate information do you need for your job or research?
3. Which websites do you use to find climate information for your job or research?
4. Which climate data or information in the DSS would be most useful for your job or research?
5. Does the PINEMAP DSS provide you with information that you would not be able to find
elsewhere? If yes, how so?
6. What additional information would you like included in the PINEMAP DSS to assist you with
climate-based decision making for your job or research?
7. What is your age?
8. If you are currently a college student, what is your year, major and current degree in progress
(e.g., bachelor's, master's, doctorate)?
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9. If you are not currently a college student, what is your highest level of education completed?
10. If applicable, please list your major and degree.
11. If applicable, what is your job title?
12. If applicable, who is your employer?
Phase 2
1. What sort of climate information do you use for your coursework, research, or personal
interest?
2. Which websites do you use to find climate information?
3. Which climate data or information in the DSS do you find most interesting?
4. Which of the following tools or activities have you used or been involved with?
a. Boy Scouts or Girl Scouts
b. Geocaching
c. Pokémon Go
d. Playing video games
e. Playing computer games
f. Playing board games
g. Legos or similar toys
h. Using Google Maps
i. Using paper road maps or atlases
j. Using topographic maps
k. Using mobile GPS or traffic apps
l. Treasure hunts or scavenger hunts
5. Over the past year, how much time have you spent doing all of these activities, on average?
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a. Less than an hour per day
b. 1-2 hours per day
c. 2-4 hours per day
d. More than 4 hours per day
6. What types of maps do you use most frequently?
7. What is your age?
8. What is your current year in college?
a. Freshman
b. Sophomore
c. Junior
d. Senior
9. What is your college major?
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CHAPTER 4: Usability of a Web-based Climate Decision Support System

Lindsay C. Maudlin, Karen S. McNeal, Heather Dinon-Aldridge, Corey Davis, Ryan Boyles,
Rachel M. Atkins
[TO BE SUBMITTED FOR PUBLICATION TO JOURNAL OF USABILITY STUDIES]

Abstract
A web-based climate decision support system (DSS) was evaluated using eye tracking to
determine which design elements were most salient. After an initial evaluation, the website was
changed, and a second phase of evaluation took place to test whether the changes led to an
overall increase in usability as measured by efficiency and effectiveness. Both phases of the
evaluation included five minutes for users to freely explore the DSS followed by a series of tasks
and multiple choice questions to be completed at the users’ own paces. The second phase saw an
overall increase in efficiency in the average time spent completing the tasks and qu estions;
however, on average, the participants in the first phase were able to answer more questions
correctly, suggesting the overall effectiveness was not increased. There was one exception to
this: for the last set of tasks and questions, the users in the second phase were able to answer
more questions correctly, on average, than those in the first phase. A closer look into this result
revealed this increase is dependent on the overall performance of individual users, suggesting
usability increases are not universal. Additionally, despite many users finding a specific menu in
the free exploration period, they took longer to find and use it during the tasks and questions
portion of the study compared to those who did not find it at all during the free exploration
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period. These results suggest the need to further study the impacts of cognitive load in
ecologically validated studies.
Introduction
Decision support systems have become more popular in the process of disseminating
climate information to decision-makers. A decision support system (DSS) is a collection of
information used to make a decision located in a common space. DSSs allow all existing climate
information to be pared down for a specific group of decision-makers, a type of tailoring of a
message (Severin and Tankard, 2001), which is consistent with the recommendations made by
Snover et al. (2013) to determine the appropriate sources and types of climate information for the
targeted end users.
Once the climate information has been decided upon, two key things to consider before
designing and implementing a DSS are the end users and the website design. General website
design literature suggests that website designers should recognize that various users come from
different backgrounds which can influence the way they will use a website (Morville and
Sullenger, 2010). This rings particularly true in the realm of climate change communication
where users bring many factors with them (e.g., experience with climate events, political
affiliation or ideology) that can influence their willingness to accept the science and take action
(Borick and Rabe, 2008; McCright and Dunlap, 2011). For this reason, different users will
interact with the same information in different ways, so knowing the audience is an important
first step. In addition to knowing the end users and what they bring with them, evaluation is an
important next step (Perry et al., 2016) in the climate information dissemination process because
it helps to ensure that decision-makers have the information they need to make adaptation
decisions in the face of climate change. Unfortunately, DSSs are oftentimes developed but then
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not evaluated for their overall usability and to ensure they meet the needs of the decision-makers
they are serving (Pyke et al., 2007).
To help tackle the website design concerns, the usability field can offer many examples
of how usability can be measured and provide various theories to consider and apply. One such
theory is the feature-integration theory of attention (Treisman and Gelade, 1980). Within this
theory, visual search is an important component which suggests two different phases of attention
are utilized when individuals look at and process information (Creager and Gillan, 2016). The
first phase involves searching for features such as a particular color or object orientation. Ideally,
the target being searched for will stand out in this phase. If not, the target must be detected in the
second phase, focal attention, which requires a serial scan of the information. Targets in this
category can be obscured by distractors in the field, and the time taken to find a particular target
is dependent on the target’s ability to stand out from other targets in the first phase. One factor
that can influence a target’s ability to stand out is how similar the target is to non-targets in terms
of their various features (Duncan and Humphreys, 1989). When visual search literature is applied
to the evaluation of a DSS, it brings to light the need for critical aspects of the DSS to be
detectable in the first phase of visual search. Through the evaluation process, critical aspects can
be studied to determine which phase they are detected in, if any. These results can be used to
make recommendations for DSS redesign (Rogers and Preston, 2009).
The present study utilized eye tracking to evaluate the usability – defined by efficiency,
effectiveness, and satisfaction (Creager and Gillan, 2016) – of a web-based climate DSS, applied
usability theory to a real-world application ecological validity (Neisser, 1976; Stork & Schubo,
2010), and aimed to address the following research questions:
1. Which design elements are salient and which are not?
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2. Do changes to the web-based climate DSS increase the overall usability? If so, how is
the usability increased?
Methods
Study design
A climate DSS was evaluated in two phases (Phase 1 and Phase 2). In both phases,
participants were given five minutes to freely explore the DSS. During the free exploration
period, participants were able to read about and/or use the DSS tools at their own pace. After the
five minutes were up, participants were then given the same series of tasks. There were three
major tasks, each of which coordinated with a different DSS tool, but they also included minor
tasks within the major task. The major tasks increased in difficulty from the first to the third and
served as a way to measure the usability of various DSS features. For each major task and tool
combination, there were two multiple choice questions. They were designed to only be answered
correctly if the tasks were completed correctly, and they served as a way to determine the extent
to which participants understood the material they were interacting with. Throughout this
process, participants’ eye movements were tracked.
After the eye tracking portion of the study, participants were asked to complete
questionnaires. The questionnaires included basic demographic questions (age, gender, level of
education) as well as open-ended questions about participants’ experiences using climate data in
their jobs, research, or courses.
Study populations
Phase 1 participants (n=30) were recruited at a forestry conference in Durham, North
Carolina. There were 18 males and 12 females, their average age was 37, and their highest
degrees earned or in progress consisted of 6 Bachelor’s, 17 Master’s, and 6 doctorate degrees
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(one participant did not respond to this question) in forestry or similar fields. These participants
were compensated with their choice of a pre-packaged candy bar or a rain gauge. Phase 2
participants (n=12) were undergraduate students recruited from introductory physical science
classes at a large university in the Southeast United States. There were 4 males and 8 females,
their average age was 20, and their grade levels were 2 freshmen, 8 sophomores, and 2 juniors in
STEM and non-STEM majors. They were compensated with a pre-packaged candy bar.
Climate DSS
The climate DSS evaluated in this study was the Pine Integrated Network: Education,
Mitigation, and Adaptation Program (PINEMAP) DSS. The PINEMAP DSS was web-based and
designed specifically for foresters in the Southeast United States. It provided important climate
information (historical and projected) for the loblolly pine forest industry through interactive
map displays.
Three of the PINEMAP DSS tools were used in this evaluation: the Extreme Minimum
Temperature (EMT) tool; the Summer Precipitation (SP) tool; and the Seedling Markets (SM)
tool. These three were chosen because they represented the two main categories of the
PINEMAP tools, Environment (EMT and SP) and Management (SM). The Environment tools
focused on the environmental conditions that loblolly pines have historically been exposed to or
are expected to be exposed to in the future. The Management tools explored where loblolly pines
should be planted based on the climate conditions they will grow in. The Environment tools are
more simplistic in the amount and type of information they provide as compared to the more
complex Management tools.
Between the two evaluation phases, the PINEMAP DSS was changed slightly. The
changes made to the website were based on preliminary findings from Phase 1 and included
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altering the order of text on the homepage to increase the likelihood that all users read the most
important information before leaving the homepage and leaving a map menu open by default so
that users were more likely to discover it. Additionally, the SM tool was renamed the ColdTolerant Markets for Nurseries (CTMN) tool (Figure 1). The desire to evaluate the helpfulness of
these and other changes led to the Phase 2 evaluation.
Tasks and Questions
The three major tasks and related questions (Table 1) were designed for users to follow
step-by-step instructions. After following the steps and completing the task, users could then
look at the map display(s) and answer the questions. The tasks and questions were given in the
same order for all Phase 1 participants. The changes made to the PINEMAP DSS between the
phases altered the way in which the SM task and questions could be ordered, so the participants
in Phase 2 were given the tasks and questions in the same order as Phase 1 participants for the
first four questions, and then the fifth and sixth questions were reversed in order.
Eye tracking
The two phases utilized different eye trackers due to the difference in locations for the
data collection portion of the study. Phase 1 used two Tobii X2-60 (60 gaze points per second)
eye trackers with portable laptop set-ups, and Phase 2 used one TX-300 (300 gaze points per
second) eye tracker with a stationary desktop set-up. To maintain uniform data collection across
all participants, each participant went through a calibration process and sat equidistance from the
eye tracker (~65 cm). Eye tracking data collected from participants with low calibration rates
(<60%) are not used in this study.
After data collection, areas of interest (AOIs) were drawn using the Tobii Studio
software. The AOIs were drawn around various aspects of the PINEMAP DSS that were
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important for completing tasks and answering the related questions. From these AOIs, two eyetracking metrics were determined and used in this study: time to first fixation (TFF) and total
visit duration (TVD). TFF values indicate how eye-catching a particular element is, and TVD
values provide insight into which elements a user finds interesting or difficult to interpret.
Analyses
The start and stop times for each user and each task were recorded in addition to the time
it took for users to find specific aspects of the PINEMAP DSS (if they did at all). These times
were averaged and compared between Phase 1 and Phase 2 using effect size. Eye-tracking
metrics were also averaged and compared between Phase 1 and Phase 2 using effect size.
Limitations
Phase 1 and Phase 2 populations are inherently different from each other based on their
average ages and education levels. Increasing age has been shown to negatively impact website
usability (Romano Bergstrom et al., 2013), and users’ education levels combined with work
experience in the forestry industry could also increase the likelihood that users have previous
experience using and interpreting climate information. Additionally, of the three usability
characteristics – efficiency, effectiveness, and satisfaction (Creager and Gillan, 2016) –
satisfaction was not measured.
Validity
The study design was developed by geoscience education researchers, and the tasks and
multiple choice questions were written by the geoscience education researchers and the
PINEMAP DSS developers. Additionally, the entire study was pilot tested by multiple graduate
students to identify any confusing or unclear steps.
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Results and Discussion
Phase 1 and Phase 2 differences
The average total time spent interacting with the PINEMAP DSS was different between
the two phases, as were the average times spent completing the tasks and answering the
questions (Table 2). The differences between the two phases led to negative, medium to large
effect sizes, where negative values demonstrated that the Phase 2 participants were able to work
through the tasks and answer the questions faster than those in Phase 1. Thus, the overall
efficiency of the PINEMAP DSS was increased after the website changes were made.
The average total score (out of six possible) was higher in Phase 1 than in Phase 2 (Table
3), suggesting that overall, the effectiveness of the PINEMAP DSS was not increased. However,
when the individual questions are compared between phases, those in Phase 1 perform better
than those in Phase 2 on the EMT and SP questions, but those in Phase 2 perform better on the
SM questions, on average. Thus, with more complex tasks, the Phase 2 group performed better
than those in Phase 1, indicating the overall effectiveness of the PINEMAP DSS SM tool was
improved after changes were made to the website. There are a few exceptions to this, as noted by
examining smaller groups of users based on their overall performance.
High and Low Performers
When considering the gaze plots of various users, similar patterns were found between
different groups of users. These groups – High Performers and Low Performers – were
determined based on individuals’ total scores on all of the multiple choice questions. High
Performers are those who scored six out of six, eliminating users who might have had lucky
guesses, and Low Performers are those who scored three or less, consistently showing a lesser
understanding of the PINEMAP DSS information. In Phase 1, there were four users (out of 30)
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who earned a perfect score. In Phase 2, there were also four users (out of 12) who earned a
perfect score.
When gaze plots are compared between High Performers in Phase 1 and Phase 2 (Figure
2 and Figure 3, respectively) for the SM tool, there are many similarities. Both groups fixated on
color bars and various features that can be turned off and on at the top of the page. They also
looked at all three of the map panels, something that was important for answering both questions
correctly. However, there was one key difference between the groups of High Performers – the
time it took them to complete the entire SM tool evaluation. The average time for the four High
Performers from Phase 1 to complete the tasks and answer both questions was 212 seconds,
while the average time from Phase 2 was only 117 seconds. Both groups were equally successful
in completing the tasks and answering the questions correctly, but those in Phase 2 were able to
do so more quickly than those in Phase 1. This indicated that the PINEMAP DSS design changes
made it more efficient for High Performers to complete the tasks and successfully answer the
related questions on the more complex SM tool.
There were dramatic differences in the gaze plots between the Phase 2 High Performers
and Low Performers (Figure 3 and Figure 4, respectively). Low Performers did not fixate in as
many different areas as did the High Performers, particularly the color bars and other elements at
the top of the page. Most important for answering the questions, the Low Performers did not
fixate at all on the left and right map panels, with the exception of a few fixations from one user.
This is consistent with previous work (Tsai et al., 2012). By failing to look at and interpret the
left and right map panels, these users failed to interact with the information needed to correctly
answer the questions. Another key difference between the Phase 2 High Performers and Low
Performers was the total time spent on the SM tool evaluation. Low Performers only spent an
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average of 87 seconds on this tool (compared to 117 seconds of High Performers). Based on
these findings, Low Performers did not find nor recognize the importance of certain information
included in the PINEMAP DSS to complete the tasks correctly, nor did they spend the time
needed to interpret this additional information.
Finding DSS Features
The “Layer Options” menu was initially minimized by default in Phase 1, and users
struggled to find it due to its small size and similar coloring to the map in the background. The
percentage of those who found this menu and clicked on an option in it during the free
exploration period was 35%, and six users in Phase 1 never found it, even during the tasks and
questions portion of the study. For this reason, it was left open by default in Phase 2 (Figure 1).
The percentage of Phase 2 users who found the “Layer Options” menu and clicked on an
option in it during the free exploration period was 58%, showing an increase in the
discoverability of the menu compared to Phase 1. Despite having a higher rate of users who
found this feature during the free exploration period, Phase 2 users took, on average, ~21
seconds longer to find and use the “Layer Options” menu to turn on the “Native loblolly range”
during the tasks and questions portion of the study than Phase 1 users (Table 4). The average
time taken to find and use this feature was compared to two eye-tracking metrics, TFF and TVD,
calculated based on the “Layer Options” menu AOI (Table 4). On average, Phase 2 participants
had shorter TFF values than Phase 1 participants (an effect size of -0.46) but relatively similar
TVD values (an effect size of -0.04). The shorter TFF values but longer time to find and use the
menu suggested that the issue for Phase 2 users was not in the discoverability or findability of
the menu but rather in their understanding of the menu’s role in completing the major task and
answering the related questions in the SM tool.
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Additionally, of all those who found and used the menu during the free exploration
period from both Phase 1 and Phase 2, there was an increase in the average number of seconds it
took them to locate the same menu during the tasks compared to those who had not found and
used it initially in the free exploration (63 seconds compared to 36 seconds with an effect size of
0.93). The effect size was even more dramatic for users in Phase 2 (1.38 based on 79 seconds for
those who had previously found and used the menu compared to 51 seconds for those who had
not). This was an unexpected result and led to more questions than answers as to why users
struggled to find a familiar object. One possible explanation is that users were cognitively
overloaded (Mayer and Moreno, 2003) by this point in the study, thus making a relatively easy
task harder, but further research is needed.
Conclusion and Future Work
Differences were found between groups of users who had used the PINEMAP DSS
before and after changes were made to the website. Phase 1 users, on average, took more time to
complete the tasks and answer the related questions, but they were able to answer more questions
correctly, on average.
Gaze plots showed similar patterns between High Performers in both Phase 1 and Phase
2; however, those in Phase 2 were able to move through the tasks and questions roughly 100
seconds fasters than those in Phase 1. Conversely, gaze plots revealed differences between Phase
2 High Performers and Low Performers where Low Performers did not look at the relevant maps
to answer the questions. One recommendation is that DSS development should be tailored for the
end users such that Low Performers can perform like High Performers when they interact with a
DSS designed with them in mind. Examples include drawing more attention to the left and right
map panels or other DSS elements that are necessary for successful interaction.
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These findings suggest that, in general, the PINEMAP DSS usability increased for Phase
2 users in regard to their efficiency, but not necessarily in regard to their overall effectiveness.
When examining High and Low Performers, the overall usability became even more evident in
regard to efficiency and effectiveness differences, where the overall usability of the PINEMAP
DSS was increased between Phase 1 and Phase 2 for High Performers, but Low Performers still
struggled despite the design changes.
Future work should include additional studies to validate visual search and usability
theories and increase ecological validity (Neisser, 1976). Additionally, future work should
address the impacts that cognitive load might potentially have on the findability of elements
during a search task that users have previously viewed such as the “Layer Options” menu in this
study.
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Table 1. The tasks and multiple choice questions organized by PINEMAP DSS tool. Q1 refers to

SEEDLING MARKETS TOOL

SUMMER PRECIPITATION
TOOL

EXTREME MINIMUM
TEMPERATURE TOOL

Question 1, and Q2 refers to Question 2.
Task Navigate to the Extreme Minimum Temperature tool.
Select the following options:
Temperature Threshold: 32°F Map Display: Historical Average
Q1 What is a typical values in central North Carolina?
Between 65°F and 75°F Between 65°C and 75°C Between 65 days and 75 days
Between 65 years and 75 years I am not sure
Task Now select these options:
Map Display: Projected Change Future Time Slice: 2020-2039 Future Emissions: Current Levels (High)
Location: Raleigh, NC (35.78°N, 78.64°W)
Q2 What is the spread in the projected change of extreme minimum temperature occurrence?
about 5 fewer days to about 15 fewer days about 5°F lower to about 15°F lower
about 5 fewer days to about 25 fewer days about 5°F lower to about 25°F lower
about 15 fewer days to about 25 fewer days about 15°F lower to about 25°F lower I am not sure
Task Navigate to the Summer Precipitation tool.
Select the following options:
Map Display: Projected Average Future Time Slice: 2080-2099
Future Emissions: Reduced Levels (Moderate) Location: Columbia, SC (34.03°N, 80.90°W)
Q1 What is the multi-model mean at this location?
about 13°F about 13 inches about 15°F about 15 inches
about 18°F about 18 inches I am not sure
Task Now examine the time series plot at the bottom of the page.
Q2 In the time series plot, which time slice has the greatest spread of possibilities?
Historical 2020-2039 for Reduced (Moderate) Emissions 2040-2059 for Current (High) Emissions
2060-2079 for Reduced (Moderate) Emissions 2080-2099 for Current (High) Emissions I am not sure
Task Navigate to the Seedling Markets tool.
Select the following options:
Location: Little Rock, AR (34.74°N, 92.30°W) Map Display: Projected Temperatures
Future Emissions: Current Levels (High)
Q1 What is the trend with time from the Historical (black) to the 2080-2099 (magenta) time periods? How do these
trends differ from Lowest Likely to the Highest Likely Temperatures?
Northward with more spread Southward with more spread
Northward with less spread Southward with less spread I am not sure
Task Show the 5° range for the 2080-2099 time period.
In the "Show Layer Options" menu, turn on the Native loblolly range layer.
Q2 What is the mean projected location of the 5° range relative to the native loblolly range?
It is mostly contained within the native loblolly range It is mostly north of the native loblolly range
It is mostly south of the native loblolly range I am not sure
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Table 2. The average time spent on each question for all participants (Average), participants in
Phase 1 (Phase 1), participants in Phase 2 (Phase 2), the standard deviation (Std. Dev.) used to
calculate the effect size, and the effect size (Effect Size). The last column includes the same
information for the total time (including the five minutes of free exploration). All units are in
seconds. The questions are labelled by tool – Extreme Minimum Temperature (EMT), Summer
Precipitation (SP), and Seedling Markets (SM) – and by question number – Question 1 (Q1) and
Question 2 (Q2). The times for SM Q1 and SM Q2 are combined to eliminate any biases that
might exist based on the order participants interacted with those questions between Phase 1 and
Phase 2.

81

Table 3. For each question answered correctly, participants were given one point. The total score
was the sum of the points for all six questions. The average score on each question for all
participants (Average), participants in Phase 1 (Phase 1), participants in Phase 2 (Phase 2), the
standard deviation (Std. Dev.) used to calculate the effect size, and the effect size (Effect Size).
The last column includes the same information for the total score (six was the highest possible).
The questions are labelled by tool – Extreme Minimum Temperature (EMT), Summer
Precipitation (SP), and Seedling Markets (SM) – and by question number – Question 1 (Q1) and
Question 2 (Q2).
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Table 4. The time to first fixation (TFF), the total visit duration (TVD), and the total time spent
looking for the native loblolly pine range (Loblolly) in seconds. The average time for all
participants (Average), participants in Phase 1 (Phase 1), participants in Phase 2 (Phase 2), the
standard deviation (Std. Dev.) used to calculate the effect size, and the effect size (Effect Size).
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Figure 1. The Cold-Tolerant Markets for Nurseries tool (Phase 2). The “Layer Options” menu is
open by default and located in the upper left corner of the center map.
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Figure 2. Phase 1 High Performers (n=3). Each color represents a separate user. Markers
represent individual fixation locations. A fourth user from Phase 1 also was considered a High
Performer but is not included in this figure due to limitations in the Tobii software.
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Figure 3. Phase 2 High Performers (n=4). Each color represents a separate user. Markers
represent individual fixation locations.
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Figure 4. Phase 2 Low Performers (n=3). Each color represents a separate user. Markers
represent individual fixation locations.
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CHAPTER 5: Conclusion
Summary of Key Findings


Males and females exhibit different eye-tracking behaviors during both the free
exploration period and the tasks and multiple choice questions portions of the study.



Females tend to have more thorough fixation patterns and tend to read through the text
more than males do.



These behaviors impact performance on related questions. Males correctly answer more
questions than females, on average.



The three lowest performers in the entire study were females. Although spatial ability and
exposure to spatial activities do not directly predict overall performance, these three
females had lower than average spatial ability scores and less experience with spatial
activities.



Experience, as defined by education level and exposure to climate information, is not an
accurate predictor of performance on related tasks and multiple choice questions.



Age is a confounding factor as a result of the DSS being web-based.



The overall efficiency increased after changes were made to the DSS, as measured by the
decrease in time spent completing the tasks and answering the related multiple choice
questions.



The overall effectiveness did not increase after changes were made to the DSS, as
measured by user accuracy in answering the multiple choice questions. The exception is
that users in the second evaluation were able to answer more questions correctly in the
final set of tasks and questions, thus suggesting that the effectiveness did increase within
this portion of the DSS.
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The gaze plots of high and low performers are drastically different, suggesting that while
the overall efficiency and some aspects of the effectiveness of the DSS increased after
changes were made, not all users will benefit from these changes.



A particular menu that was closed by default in the first evaluation and opened by default
in the second evaluation led to a series of unexpected results. First, more users found the
menu during the free exploration period in the second evaluation than in the first
evaluation.



Of those who did find the menu during the free exploration period, they took longer, on
average, to find and use the menu during the tasks and questions portion of the study,
suggesting that users might have been cognitively overloaded.

Contributions to the Field
This study evaluates a DSS through the use of eye tracking to determine the factors that
serve as obstacles in the usability and understandability of the DSS, contributing to the field by
addressing gaps in the existing literature and raising new questions for future investigations. The
key findings from this study add to the body of literature on gender differences in website
usability studies, expert-novice differences within map reading and within a website usability
context, and overall usability of a web-based DSS.
This evaluation is the first of its kind and provides insight into the gender differences that
exist as males and females interact with a web-based climate DSS and interpret climate
information from maps. Eye tracking has highlighted the quantitative differences between males
and females in their search and navigation behaviors, and multiple choice questions demonstrate
that the differences in eye-tracking behaviors have direct consequences on a person’s success in
correctly answering questions about the content. This raises the question: If the website were
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designed such that males and females were guaranteed to interact with the same content in the
same order, would there still be differences in overall performance? If no, this suggests that these
differences are solely a usability concern.
One possible explanation for these differences relates to a person’s spatial ability and
exposure to spatial activities that can help improve spatial ability. In this study, there is not a
strong, direct link between spatial ability and overall performance; however, the three lowest
performers were all females and had lower than average spatial abilities and less exposure to
spatial activities. This warrants further investigation into the role that spatial ability, best
measured with multiple instruments, and spatial activities have in developing the skillset needed
to navigate and correctly interpret web-based climate information.
The expert-novice differences in this study were unanticipated. Education level and
familiarity with similar content were hypothesized to be accurate predictors of overall
performance; however, age was a confounding factor in this study that masked the role education
level and previous experience with climate information had in overall performance. Usability of
this and other DSSs would be increased if the end-users were kept in mind during the
development stage and included in the evaluation process to ensure that age and other user
characteristics are accounted for and addressed in website design. The unanticipated impact that
age had in this study is reason to investigate whether other user characteristics have similar
masking effects in this and other studies.
The improvement in efficiency between both phases of this study demonstrates that
usability can be altered through changes made to a website after an initial evaluation. The
increased effectiveness of only one part of the website suggests that more improvements could
be beneficial but also leads to the following questions:
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1. What was different between the part of the website that saw increased effectiveness
and the parts that did not?
2. Although the average effectiveness increased for this part of the website, a few users
did not benefit from the website changes between phases. What prevented them from
experiencing the same increased effectiveness that their peers did?
Another unanticipated result from this study was the disparity in time taken to find a
particular menu between groups of those who had found it initially during the free exploration
portion of the study and those who had not. One possible explanation is that those who had found
the menu previously became cognitively overloaded between the initial discovery and when they
actually needed to use the menu later in the study. This warrants further study of cognitive loads
of users as they navigate through and interpret climate information in a web-based format.
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