
 

ASSESSING GEOVISUALIZATION IN EPIDEMIOLOGY: 

A DESIGN FRAMEWORK FOR AN EXPLORATORY TOOLKIT 

 

M.S. Thesis in 
 

Geography 
 

by 
 

Anthony C. Robinson 
 
 

GeoVISTA Center 
Department of Geography 

The Pennsylvania State University 
arobinson@psu.edu 

 
May 2005 



 iii
 
 

ABSTRACT 

This thesis suggests a design framework for a geovisualization toolkit based on 
the iterative, user-centered development of the Exploratory Spatio-Temporal 
Analysis Toolkit (ESTAT). This framework is based on a series of knowledge 
elicitation assessments with both geographers and practicing epidemiologists. 
Specifically, users have provided input through focus groups, verbal protocol 
analysis sessions, and collaboration through an in-depth case study. The design 
framework presented suggests the critical functions, linkages, sharing methods, 
and interface preferences that have been illuminated through triangulation of the 
multiple methods applied. It provides recommendations and considerations for the 
future development of ESTAT and other toolkits designed to support exploratory 
spatial analysis in epidemiology. These elements are organized in a framework 
hierarchy that covers tool design, application design, support for geovisual analysis, 
and relevant external factors. While the proposed framework is the result of efforts 
to design for epidemiology, the general principles gathered from this work are 
transferable to geovisualization applications in other domains. 
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Chapter 1 
 

Introduction and Background 

Geographers have long known the importance of visualizing space and its 
features. Typically this has taken the form of maps, and as geographic 
representation has become more closely intertwined with digital technology, we are 
now creating dynamic geographic visualizations. Geographic visualization always 
emphasizes spatial references, and some current methods are able to integrate 
seamlessly with other visualization techniques. These geovisualization tools are 
born from a desire to build maps that people can interact with and explore in a real-
time, dynamic manner. This need for dynamic exploratory geovisualization is driven 
by increasingly widespread availability of complex spatial databases. Shaping 
geovisualization tools to meet this need is one of the most crucial challenges facing 
GIScience designers and developers, and is the key motivation for the research 
reported in this thesis. At the same time, it is just as important to facilitate 
exploration for a reason – to create tools that are context specific and serve a 
particular domain. 

 
In order to address these two primary concerns, I have focused attention on 

evaluating a geovisualization application designed for epidemiologists, and on using 
the results of these evaluations to develop a design framework. The Exploratory 
Spatio-Temporal Analysis Toolkit (ESTAT) is designed to provide cancer researchers 
with visual tools to explore multivariate spatio-temporal data. ESTAT features four 
display forms (Figure 1); a scatterplot, bivariate mapping tool, parallel coordinate 
plot (PCP), and time series graph. These tools are dynamically linked, so that 
mouse movements cause corresponding observations to highlight in each display, 
and selections can be made in one tool so that they can be studied in the others.  

 
The bivariate map (Eyton 1984; Olson 1981) and scatter plot (reviewed recently 

by Gahegan 1998) are common methods for geovisualization that have a long 
history in cartography and information visualization. For some time now, maps and 
scatterplots have been dynamically linked to enhance exploratory analysis (Haug et 
al. 1997; Monmonier 1989). The PCP (Edsall 2003; Inselberg 1985) and its close 
cousin the time series plot (Tufte 1983) also have long histories as methods of 
information visualization, though ESTAT presents a novel combination of all four of 
these elements into a single linked application. The PCP is a method for visualizing 
an entire dataset at once. In a PCP, each observation is drawn as a line passing 
through parallel axes, which represent data categories. The intercepts of these lines 
on each axis represent the value of that particular observation (Figure 2). The 
example here shows data across several variables for automobiles, emphasizing the 
inverse relationship of miles per gallon (MPG) to both vehicle weight and engine 
size. 
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Figure 1: The ESTAT Geovisualization Toolkit 

 

 

Figure 2: A parallel coordinate plot showing automobile data. 
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Often, health analysts are faced with tasks that involve examining temporal 
phenomena, such as investigating the impact of colon cancer screening over time 
on corresponding mortality rates. ESTAT handles temporal data through its time 
series graph. This graph is implemented as a parallel coordinate plot designed to 
display a particular variable across time. ESTAT’s internal linkages allow users to 
explore temporal data and see how they relate to other variables in the map, 
scatterplot, and PCP.  

 
The development of ESTAT has been sponsored by the National Cancer Institute 

(NCI). The initial toolkit was built under contract for NCI, by staff of the Geographic 
Visualization Science Technology and Applications Center (GeoVISTA Center) at 
Penn State. Subsequent assessment and enhancements have been supported as an 
activity within a 5-year research grant to Penn State from NCI. Throughout the 
process, NCI has provided valuable resources to this research, most notably access 
to its researchers for use as participants. Several members of the GeoVISTA Center 
have been responsible for the design and programming required to create and 
evaluate ESTAT. My responsibility has been to focus on user-centered design issues 
with ESTAT (and other applications) as a research assistant for the GeoVISTA 
Center working on the NCI grant.  

 
The following section describes the goals of my thesis research and the 

significance its results will have in terms of advancing our understanding of 
geography and health, multivariate analysis using geovisualization, and methods 
for designing and evaluating the utility and usability of geoinformation technologies. 

Research Questions and Purpose 

The potential utility of geovisual methods of exploratory tasks in health research 
prompts a focus on how these tools can be combined effectively. It is not enough to 
craft innovative methods – they must be incorporated together in a manner that 
enables experts in other domains to easily adopt these new approaches. This 
‘recipe’ is the heart of the research reported here. The primary ‘ingredients’ for this 
recipe include answers to the following fundamental questions: 

 
1. What are the features and interactions necessary for geovisualization tools 

that support exploratory health analysis? 
 

2. What are the features and interactions necessary for geovisualization 
applications that support exploratory health analysis? 
 

3. How do epidemiologists use geovisualization to explore and analyze data? 
 

4. How are geovisualization tools situated in epidemiological work today, and 
how might they be situated in the future? 
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This thesis focuses on assessing the use and usability of the ESTAT toolkit in 
order to develop a design framework that addresses these questions and a wider 
array of related concerns. This design framework structures a set of key 
recommendations and considerations for the development of a geovisualization 
toolkit tailored for the exploratory tasks of epidemiology. These elements will then 
serve as building blocks for the next generation of geovisual tools for epidemiology. 

 
The specific purposes of this work are twofold: First, its results will directly and 

immediately impact the development of tools to support spatial epidemiology. Many 
of the health analysts who participated in this research will soon be provided with 
an improved version of ESTAT based on their input. The guidelines created by this 
thesis research have guided refinement and extension of ESTAT, and will in the 
future inform further ESTAT improvements. In the foreseeable future, it is possible 
that NCI will distribute ESTAT via the Internet to health analysts all over the world.  

 
Second, the lessons learned from evaluating ESTAT will provide deeper insight 

into a more effective user-centered design methodology for developing 
geovisualization tools. These insights will help geographers build interactive tools 
that have a real-world purpose from their inception – rather than ‘tacking-on’ an 
application after everything has been designed and built.  

Background 

This section outlines the context of the research I have undertaken to assess 
ESTAT. It is organized in a top-down structure so that the broader themes that 
influence this research are reported first and the relevant details follow afterward. I 
begin with a discussion of medical geography and the specific niche I am 
addressing in spatial epidemiology. Next I describe exploratory geovisualization 
methods and technology and the motivation to assess its utility for epidemiology. 
Finally I outline the challenge of assessing geovisualization tools and the wide range 
of recent attempts to address this problem. 

  

Geography and Health 
 
Examining geographic context is an increasingly important facet in public health 

research and surveillance. Describing health phenomena requires at least a mention 
of the spatial situation, and often the geography itself is the focus of attention (e.g. 
cluster analyses).  Specifically, cartography has a long-held tradition of augmenting 
health research, from the seminal spatial epidemiology of John Snow (1855) to 
contemporary atlases (Pickle et al. 1999; Wennberg et al. 1999). These products 
have lasting power as evidence to support research conclusions as well as being the 
common mechanism for disseminating results. Currently, GIS mapping technology 
supports a wide range of health research, from studies of local clustering of specific 
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diseases (Rushton and West 1999) to surveillance of long-term health phenomena 
like famines or AIDS (Cromley and McLafferty 2002). GIS is well-suited for the 
tasks of public health surveillance, particularly as health officials attempt to more 
effectively target intervention efforts (Richards et al. 1999). Fostering the effective 
integration of epidemiological techniques with GIS mapping technology will enable 
health analysts to more easily conduct spatial investigations. 

 
This thesis narrows the scope of interest within geography and health to the 

specific topic of cancer epidemiology, and in particular, cancer epidemiology in 
terms of regional and national phenomena. In the past, spatial analysis techniques 
have been applied to examine potential clusters of children with Leukemia in 
England (Openshaw et al. 1988) as well as incidence of breast cancer in Long 
Island, New York (Gammon et al. 2002). Both of these examples have resulted in 
the development of computational methods and expert tools designed to uncover 
patterns of spatial clustering in cancer. Openshaw et al. created a Geographical 
Analysis Machine (GAM) to automatically analyze point-pattern data to delineate 
potential clusters of disease. In a similar effort, Kulldorf (1997) developed tools to 
scan and describe the statistical significance of clusters in the Long Island breast 
cancer study outlined by Gammon et al. Beyond these computational studies, there 
is recent research that seeks to explore other aspects of the geography of cancer. A 
good example of this research focus is a current interest in differences between 
ascending and descending colon cancer (Hopenhayn et al. 2004; Iacopetta 2002). 
Here, “ascending” and “descending” refer to the location in the colon where cancer 
is first detected. Hopenhayn et al. examine the spatial patterns of ascending and 
descending colon cancer, particularly in relation to socioeconomic status, access to 
health screening, environmental phenomena, and genetic/racial factors. For many 
of the epidemiologists I have worked with, exploring this kind of question is done 
with the assumption that any factor, or any combination of factors, might reveal 
greater insight into the spatial patterns of these phenomena. Designing usable 
geovisualization tools for these types of exploratory tasks will open the door for the 
future integration of finely-tuned analytical methods such as those described by 
Openshaw et al. and Kuldorff et al.   

 
As is reflected in the aforementioned studies in colon cancer, there is an 

important new focus in cancer epidemiology research that encourages exploration 
of geographic health data to generate new hypotheses (Cockings et al. 2004; Khan 
and Skinner 2003). For this task, epidemiologists need to explore ever-increasing 
amounts of digital data to uncover new relationships and enhance the 
understanding of those that already exist. While traditional GIS provides some 
limited ability to explore spatial data, it is more likely that new techniques in 
interactive geovisualization will provide the tools necessary for epidemiologists to 
accomplish these exploratory tasks.  
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Interactive Geovisualization 
 

Geovisualization tools are designed primarily for interactive exploration with 
spatial data. The new tradition of geovisualization combines the techniques of 
scientific visualization, information visualization, and exploratory data analysis 
(EDA) techniques from statistics with methods from geographic information 
systems to visualize spatial information.  Generally, geovisualizations are highly 
interactive and dynamic in nature. In contrast, traditional work with GIS involves 
highly structured actions in order to build static snapshots of spatial data. 
Geovisualization tools like the ones described here are designed from the ground up 
to support effective and dynamic visualization. Researchers can focus more 
attention on exploring the data itself to reveal information, rather than 
manipulating tools to generate a single static result. 

 
The properties of interaction engineered into geovisualization tools enable maps 

and other visualizations to shift from displays to interfaces (MacEachren and Kraak 
2001). This is a key difference between geovisual methods and common GIS. 
Adapting DiBiase’s (1990) continuum describing the transition from visual thinking 
to visual communication, geovisualization is situated squarely in the realm of visual 
thinking, where ideas are generated, explored, and interpreted.  

 
The tools described in this thesis are based on a geovisualization application 

building environment called GeoVISTA Studio. Studio is designed to facilitate the 
codeless creation of web-distributable Java applications for visualizing spatial 
information (Takatsuka and Gahegan 2002). These programs are designed on a 
virtual canvas and feature plug-and-play Java Beans for each particular tool or 
method (Figure 3).  
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Figure 3: The ESTAT application design as built in GeoVISTA Studio. The left panel shows the individual 
components linked together in Studio’s visual programming interface. The right panel shows the working 

application with data loaded. 

 
The cross-platform and web-savvy nature of the Java programming language 

ensures that the geovisualization tools built in Studio are very accessible. 
Development of GeoVISTA Studio is open-source, which means that all of the 
source code behind the tools described in this thesis is available for free for further 
use and modification. The ESTAT application, once constructed in Studio, is 
deployable either as a standalone Java application, or as a design document for use 
within GeoVISTA Studio. The latter allows users to modify ESTAT at run time to 
customize the application (e.g. to add additional maps or scatterplots).  
 

Cancer Research and Geovisualization 
 
There are a few recent examples of geovisual techniques applied toward issues in 

cancer epidemiology. Carr et al. (2000; 2005) developed a linked micromap 
template to display maps with boxplots, dotplots, and other statistical graphics in 
an easily interpretable format. These linked micromaps are designed to summarize 
health data for public use and interpretation. Additionally, Carr et al. (2005) 
designed a conditioned choropleth mapping tool called CCMaps. The CCMaps tool 
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provides a small matrix of partitioned choropleth maps to facilitate exploration of 
two potential covariates to an outcome variable (Figure 4). These maps are 
dynamically linked and users are able to condition the primary variable of interest 
(in this case, the outcome) by using sliders. MacEachren et al. (2003) used early 
versions of the tools included in ESTAT to uncover a trend in lung cancer mortality 
among white females. In their study, MacEachren et al. found that while lung 
cancer mortality was decreasing in many parts of the U.S., some regions continued 
to show increasing mortality rates over time, and these regions had particularly low 
per capita income. Anselin et al. (2004) utilized the GeoDA spatial analysis toolkit 
to explore patterns of colon cancer incidence in parts of Appalachia. They compare 
raw rates to those that have been smoothed in order to examine the sensitivity of 
counties that emerge as outliers – for example, places that appear to have the 
highest colon cancer incidence.  

 

 

Figure 4: The CCMaps conditioned choropleth mapping program. 

 
All of the efforts to develop and assess ESTAT have been supported by the 

National Cancer Institute (NCI). In the ESTAT development contract the clients at 
NCI requested an, “…exploratory spatial data analysis tool specifically for cancer 
surveillance” (NCI 2002). Additionally, they identified three potential questions that 
a user could examine using ESTAT: 
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 What is the long term time trend for this cancer site and what geographic 

areas have long term trends that are different from this overall trend? 
 

 What places have higher (or lower) than average rates throughout the entire 
time period? 
 

 What sociodemographic variables seem to be associated with particular 
patterns in the rates over time and/or place? 

 
These potential questions clearly outline the complexity and diversity of 

exploration in cancer surveillance as NCI defines it. Of the three example questions 
NCI outlined, during my experience evaluating ESTAT the third appears to be the 
most common approach for users trying ESTAT for the first time.  

 
NCI has a history of supporting development of geographic techniques and 

software for analyzing cancer data and covariates. These efforts include printed 
atlases (Devesa et al. 1999), cluster detection software (Kulldorff and Information 
Management Services 2004), and web-based micromaps for public information 
purposes (Carr et al. 2000). Additionally, NCI supported the development of 
interactive geovisualization tools that are early precursors to the tools described in 
this thesis (Edsall et al. 2001; MacEachren et al. 2003).  Their current support for 
geovisualization development demonstrates their continued interest in integrating 
spatial analysis with traditional statistical methods. The broad range of audiences 
indicative in the various tools they support also reveals a desire to incorporate 
geography not only on the analytical side, but also in outreach efforts, so that 
public audiences are able to situate health information in a spatial context.  

 
Besides ESTAT, there are a few existing software toolkits designed specifically to 

facilitate spatial epidemiology. Examples of spatial analysis software for 
epidemiology include SaTScan (Kulldorff and Information Management Services 
2003) and ClusterSEER (Jacquez and Estberg 2003). Both of the above toolkits 
were initially developed in conjunction with NCI. These packages are designed to 
detect and analyze potential disease clusters. They produce map-based visual 
output, but neither allows for interactive visual exploration of multivariate data. 
These programs are standalone, proprietary applications that require non-standard 
data formatting in order to generate static tabular (and sometimes mapped) 
results. They have been used with great success in public research efforts, such as 
those focused on potential clustering of breast cancer on Long Island, New York 
(Kulldorff et al. 1997). 

 
The GeoDA toolkit (Anselin et al. 2005) has been used in recent cancer 

epidemiology investigations. GeoDA features an interactive geovisualization and 
spatial analysis environment designed to support a variety of spatial analysis tasks. 
Users can visually examine spatial autocorrelation, spatial regression, and the 
effects of smoothing on their geographic data. The tools in GeoDA are dynamically 
linked, much like those in ESTAT, allowing users to interact in real time with 
geovisualizations.  
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Recently, NCI sponsored the enhancement of the conditioned choropleth 

mapping tool  CCMaps (Carr et al. 2005). Now, CCMaps provides interactive 
scatterplots and qq-plots (a method for comparing the distributions of two 
datasets) for users to evaluate against the geographic patterns displayed by the 
choropleth maps. A major theme in the application that Carr et al. present is the 
ability to smooth and condition variables in order to reduce the ‘noise’ inherent with 
large spatial datasets. This is designed to help researchers make better decisions 
about the patterns they observe during exploratory analysis.   

 
Carr et al. (2005) present a few sample applications of the CCMaps toolkit, 

including a survey of species richness in Oregon and an intriguing examination of 
the potential relationship of lung cancer mortality to income and precipitation. The 
latter case is an especially good example of the complexity of an exploratory 
epidemiological analysis. While it is not impossible, it seems unlikely that rainfall is 
causing people to die more often from lung cancer. Carr et al. go on to explore how 
precipitation might be correlated with smoking rates and other covariates, but find 
that with existing data it is hard to confirm that alternative hypothesis. Here the 
conditioning features and ability to quickly compare many variables against each 
other is essential to uncovering the complexity of this health analysis example. 

 
Although CCMaps appears promising on the surface, Carr et al. (2005) call for in-

depth user assessments in order to determine the real utility of the application. 
Initial feedback revealed that some of the features were confusing, especially the 
qq-plots, and there remains a need to, “…address increasingly complex scenarios 
while striving to keep things simple.” The following sections describe software 
evaluation techniques and how others have attempted to assess geovisualization 
tools in order to approach this goal more effectively. 

 

Usability and Interaction Design 
 
The design of any tool or technology, whether or not it is software, generally 

requires specific attention to aspects of situated use and usability. The modern 
automobile is a good example of a common design philosophy that allows those of 
us who are able to drive to more or less get in any car by any manufacturer and 
understand how to travel with it. Similarly, we are all familiar with individual quirks 
in our automobiles, perhaps an awkward layout for the radio settings or a 
defrosting button labeled with an icon we are not able to immediately interpret. 
Since this thesis focuses on the design of software tools for exploratory tasks, I 
focus on evaluative methods from that context. The umbrella topic for this kind of 
research is commonly referred to as human-computer interaction (HCI). HCI seeks 
insight into the transactions between people and computers, as both cognitive as 
well as physical elements (Dix et al. 2004). Because of its broadly defined area of 
interest, HCI researchers operate with a wide array of tools and techniques to study 
different facets of these interactions. Two major HCI methodological families 
applied to the design and evaluation of software tools are particularly relevant for 
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geovisualization development. These are the broad categories of usability and 
interaction design.  

 
Usability techniques seek to refine and test tools to identify problem areas in the 

interfaces and behaviors they support (Nielsen 1993). Their focus is on ensuring 
ease of use, but they can also focus on issues related to cost-benefit analysis, raw 
performance, user preferences, and safety. With software, usability studies often 
occur after tools have been designed and developed. There are a wide variety of 
techniques designed to assess usability in software, both active and passive in 
nature. Passive techniques include measuring the number of keystrokes a user is 
required to enter in order to complete specific tasks and capturing the length of 
time it takes to work through simple assignments. Active techniques can employ 
such things as heuristic evaluations and surveys of user perception to examine 
interfaces and behaviors as well as structured user tests to measure answer 
accuracy and performance.  

 
Interaction design deals specifically with the manner in which a user interacts 

with an application (Preece et al. 2002). This approach attempts to design efficient 
and effective flows and feedback between users and software. In general, 
interaction design relies more heavily on contextual knowledge of the process in 
question. For example, an interaction designer with the task of developing a new 
vehicle for post office delivery workers would almost certainly spend a great deal of 
time observing the current interactions in that job. Additionally, they would also 
interview workers about their ideas for an ‘ideal’ delivery vehicle, perhaps asking 
them to describe imaginary scenarios in which they would accomplish their daily 
tasks in a more efficient and intuitive manner.  

 
As a result of its contextual focus, interaction design methods tend to elicit 

qualitative results. This stands in contrast to many usability techniques that 
generate quantitative results. These two major evaluation themes also have 
somewhat different places in the software design and development process. 
Interaction design techniques are especially well suited to the initial stages of 
design as requirements are determined and common processes are detailed. 
Usability comes into play as prototypes are built and the need is generated to 
compare new methods to those that already exist for accomplishing a particular 
task. In practice, interaction design methods and usability evaluation techniques 
are often combined and intertwined during iterations in development that cause 
teams to head “back to the drawing board.” Often, the lessons learned through 
these evaluations sometimes create the need to re-situate entire projects. In my 
case, the role I have had in the development of ESTAT encompasses both of these 
realms under the general heading of HCI design. 

 
Usability and interaction design come together in a number of recent efforts to 

examine a major theme in current GIScience research: the need to evaluate and 
(re)design geovisualization tools for context specific use and usability.   
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Assessing Geovisualization Tools 

 
User issues and interface design are common themes in current geovisualization 

research. Enabling the efficient and intuitive usage of geovisual representations as 
interfaces to data remains a crucial challenge to developers of these tools. It is not 
enough to provide a visual method alone – rather we must develop design 
principles and evaluation techniques such that geovisualization becomes accessible 
to users whose expertise exists outside the realm of technical GIScience. This thesis 
attempts to address challenges related to interfaces and cognitive/usability 
evaluation outlined by MacEachren and Kraak (2001), particularly their call, “…to 
develop a comprehensive user-centered design approach to geovisualization 
usability.”  

 
My approach to evaluating and proposing enhancements to ESTAT is motivated 

by a number of recent usability and utility evaluation efforts in geovisualization 
research (Andrienko et al. 2002; Edsall 2003; Haklay and Tobon 2003; Montello et 
al. 2003; Slocum et al. 2003; Suchan 2002), and many of the methods described 
herein are inspired by aspects of this body of work.  

 
An essential aspect of nearly all of these studies is a reliance on multiple 

convergent methods. Work by MacEachren et al. (1998) is an early example of 
convergent methods in geovisualization usability research, in this case employing 
protocol analysis and interaction logging with a rapidly-built prototype designed to 
visualize temporal health statistics.   

 
More recently, a study published by Edsall et al. (2001) employed a similar set of 

convergent methods to evaluate an early predecessor to ESTAT. The HealthVisPCP 
application was created as an extension to ESRI’s ArcView software as a toolkit for 
epidemiological analysis. HealthVisPCP featured a choropleth map, scatterplot, and 
PCP that were dynamically-linked together. Edsall et al. evaluated the HealthVisPCP 
toolkit in two phases. First, health experts performed narrowly defined tasks while 
their interactions were recorded. These tasks had answers that could be measured 
for accuracy. The second phase of HealthVisPCP evaluation featured open-ended 
tasks more in line with the kinds of things health analysts might approach during 
actual work. In this phase, interactions were logged again, and users were asked to 
provide written commentaries of their observations as they worked via a text box in 
the software.  

 
Edsall et al. (2001) found that using scatterplot and PCP visualizations did not 

yield statistically different numbers of correct answers to narrow questions. 
However, analysis of interaction logs and written commentary by users showed that 
these tools when used together are in fact well-suited for data exploration and 
hypothesis creation. This secondary finding is an important influence on the 
techniques I selected for this thesis research.  

 
Another motivating factor for the choices I made to structure my research is a 

general lack of geovisualization assessment efforts that are applied across the full 
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iterative process of tool design and development. Most recent examples of similar 
research bring in assessments as an afterthought – long after design decisions have 
been effectively set in stone. There are at least two important examples of 
geovisualization evaluations that have countered this trend in varying degrees.  

 
Andrienko et al. (2002) involve user assessment activities early on in their 

development of an exploratory thematic mapping tool called CommonGIS. This 
interactive toolkit is designed to handle a wide array of potential applications, both 
for educational purposes and higher-level analytical tasks. This kind of generic tool 
profiling is especially problematic for intuitive design, because the potential user 
group is so diverse. Andrienko et al. used a three stage evaluation process to refine 
the CommonGIS toolkit. First, two prototypes of existing geovisualization tools were 
presented to users for feedback about the features that should be included in 
CommonGIS. In the second phase, focus groups and heuristic evaluations were 
used to assess the first full prototype of CommonGIS, resulting in a set of changes 
for the final version of the toolkit. Finally, the third phase, which Andrienko et al. 
call “validation,” involved users performing structured tasks with pre-determined 
answers using sample data and the final CommonGIS toolkit.  

 
The process of evaluation that Andrienko et al. (2002) follow places great 

importance on the third stage and its accompanying quantitative measures of 
performance, interaction, and metrics of user preference. Usability is largely defined 
in this example as the extent to which software functionality provides access to 
correct answers during well-structured analytical tasks. During their results 
discussion, Andrienko et al. speak highly of their assessment method for, “…small, 
precisely formulated tasks,” while cautioning that they, “…are insufficient for testing 
the capability of tools to facilitate hypothesis generation and knowledge 
construction.” For the latter kind of investigation, Andrienko et al. recommend “free 
data investigation” prompted by “open-ended questions.”  

 
Slocum et al. (2003) developed a user-centered design process for the creation 

of a tool designed to visualize issues related to managing water resources. This 
example is a good counter to the Andrienko et al. design situation, as this case 
features a very clearly defined end-user audience and specific thematic context. 
Slocum et al. used a six-stage user-centered design process to develop and test 
their application. They began by developing a prototype, which was then evaluated 
(in stage two) by domain experts (in issues related to water balance). Next, the 
software was reworked from their recommendations (in stage three) and evaluated 
by usability experts (in stage four). The tools were then revised a final time and 
stage six involved decision makers using the software to look at an example 
problem in water resource management. 

 
While the Slocum et al. (2003) process is another good example of a long-term 

evaluation effort, their discussion indicates that they should have designed their 
tools differently. They specifically regret the lack of end-user input in all stages of 
their application development. Instead of involving water balance domain experts 
during the initial requirements phase, it would have made more sense to ask 
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decision makers what things they would need from a tool that could help them 
visualize issues related to water balance, especially since they would ultimately be 
responsible for “driving” such a system. Their recommendation is that user 
participation should happen from start to finish, rather than after key elements 
have been decided by developers. This recommendation matches common practice 
in user-centered design outside of GIScience (Gabbard et al. 1999; Nielsen 1993; 
Norman 2002)  

 
Of these recent evaluative studies, I draw the most from Slocum et al. (2003) 

and their six-stage design process. In their research, as well as the Andrienko et al. 
(2002) example, there is a constant focus on the needs of the end-users during the 
development of geovisualization tools. This thesis builds on this theme and 
attempts to revise these approaches to incorporate an even greater level of 
knowledge about the context of use as well as the users who will work with these 
tools into their design and development.  
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Chapter 2 
 

Methodology 

This chapter describes the motivation and methods for the research I completed. 
It begins with a discussion regarding the nature of user-centered design and where 
my research is situated within this process. Next, I discuss in-vivo/in-vitro studies 
and how that concept has driven my choice of specific knowledge elicitation 
methods. From that section I delve into the specific nature of each assessment and 
the chronology they followed. Finally, I describe the construction of my design 
framework and its relevant limitations.  

 
In this chapter I occasionally I refer to “we” instead of “I,” and this indicates 

aspects of my methodology that were not initialized by me, or those that are 
shared across projects and colleagues at the Penn State GeoVISTA Center.  
 

User-Centered Design 
 

The common theme that drives this research is a desire to fit geovisualization 
tools more precisely to the users that (may) need them. The efforts to assess 
ESTAT that are reported herein are part of a design process (Figure 5) that 
incorporates end-users in each stage. User input and knowledge about their work 
domain are built into this process in a variety of ways. Below, I describe each step 
of the user-centered design process that our GeoVISTA development team has 
adopted to build and modify geovisualization tools, including the ESTAT application.  

 

 

Figure 5: The user-centered design process. 
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The first stage, work domain analysis, represents the initial communication of 
ideas and requirements between the client (in this case, NCI) and developers 
(GeoVISTA) as well as our focused research into the tasks and traditions of 
epidemiology. As input to the broader method and tool development project that 
ESTAT builds upon, other colleagues in GeoVISTA interviewed domain experts and 
studied their published work in order to develop a detailed picture of 
epidemiologists and the work they pursue.  

 
Conceptual development refers to the outline of desired features that comes 

from understanding the work domain. During this stage, the layout, tools, and 
architecture are discussed and the application is drawn as a graphical concept 
prototype. This stage iterates through multiple designs, and each iteration benefits 
from stakeholder feedback. During the ESTAT development process, designs have 
been discussed through regular meetings and via informal email communication.  

 
After conceptual development defines the core of the application, prototyping 

begins. In this stage, working models of the application are created. During the 
development of ESTAT, this stage has been essentially concurrent with the stage 
that follows it in our process diagram – interaction/usability assessment. In this 
thesis, the term ‘assessment’ refers to formal and informal evaluation of both the 
overall usability of tools as well as the interactions that they foster.  

 
Interaction/usability assessment activities are crucial to understanding the pieces 

of an application that work well, as well as those that need further re-design. 
Additionally, the results from these activities often outline features that need to be 
added or scenarios in which tools might be employed for which they were not 
explicitly designed. Formal assessment efforts may take place in a usability 
laboratory where audio and video can be captured while users attempt to work with 
an application. They may also include interviews and focus groups that discuss the 
application in question. Informal assessment occurs as end-users are asked to try 
out prototypes and pass along their comments, questions, and ideas. In addition, 
there are a wide range of informal assessment activities that occur on the 
development side as the application is critiqued internally. Each of these methods 
has been employed during the design of ESTAT, in addition to a hybrid of these 
techniques that emerged through long-term case study collaboration.  

 
Implementation follows assessment activities, and typically spawns its own fresh 

set of design issues. It is difficult to simulate ‘real’ work well enough during the 
assessment stage in order to ensure that you have no significant problems during 
implementation. Therefore we include feedback loops between both assessment 
and implementation stages as they work backward into conceptual development 
and initial design. Our experiences have shown that the results of both stages have 
often created the need to return to design activities to rectify issues or account for 
a disparity in the differences between the ways we imagined usage and the reality 
of adoption. We are also often inspired to explore new designs for different domains 
and tasks via the knowledge we gain as a result of these activities. Furthermore, as 
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concept development takes place as a stage occurring across multiple projects, 
the lessons learned from usability assessment on one project are often extremely 
valuable inputs to the beginning steps of other similar projects. 

 
The final stage in this process is debugging. In this portion of the design process 

the application is adjusted to enhance stability, compatibility, and make the most 
out of the computing infrastructure in which it has been implemented. Mechanisms 
for user feedback at this stage include web based issue trackers like JIRA 
(http://www.atlassian.com/software/jira), links to email support in help 
documentation, and follow-up communications with individual users. 

 
This thesis focuses particular attention on stage four, that of interaction and 

usability assessment. The following sections outline the motivation for the 
combination of knowledge elicitation techniques I have applied, as well as specific 
information about each type by itself and how these assessment events played out 
chronologically. Finally, I present the structure and composition of the design 
framework that is the ultimate result of these research efforts.  
 

In-vivo/In-vitro Assessments 
 

In the course of developing the approach described in this chapter, I have been 
guided by the broad concepts of in-vivo and in-vitro assessments. Dunbar and 
Blanchette (2001) describe the differences between analogies scientists create in 
work settings versus controlled laboratories in their outline of the in-vivo/in-vitro 
approach. The first situation is termed an in-vivo study, while the second is in-vitro. 
In-vivo studies tend to elicit complex knowledge of the situated work, while in-vitro 
studies are generally better for making direct comparisons or testing theories. For 
this thesis research I have chosen to adopt a strategy that combines both in-vivo 
and in-vitro methods, following recent research by Griffin (2003) and guidance from 
Dunbar and Blanchette, who claim that incorporating both methods is a good way 
of understanding a scientific process as a whole. Griffin used the in-vivo/in-vitro 
approach in her assessment of a geovisualization toolkit designed to model and 
analyze Hantavirus. First, Griffin developed an in-depth understanding of the 
context of Hantavirus epidemiology through study of that domain (in-vivo), and 
subsequently she completed a formal study with health analysts and GIS experts 
using her toolkit to generate hypotheses (in-vitro).  

 
To develop both in-vivo and in-vitro understanding, I chose methods of 

knowledge elicitation that enabled me to observe work as it happens (in-vivo), 
discuss tools and science with its practitioners (both in-vivo and in-vitro), and 
capture verbal protocols in a controlled setting (in-vitro). The combination of these 
methods was chosen to ensure that data was collected in a wide range of contexts 
that would speak to as many different salient aspects of tool design as possible. 
Specifically, I led or participated in assessments that used card-sorting, focus 
groups, verbal protocol analysis, and case study collaboration to achieve this goal. 
Each method is discussed in further detail below. 

http://www.atlassian.com/software/jira
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Assessment Methods 
 

As noted above, multiple, complimentary usability assessment methods have 
been utilized in order to examine the ESTAT toolkit. The following paragraphs 
briefly describe the techniques of card sorting, verbal protocol analysis, focus 
groups, and ethnographic case studies.  

 
Card sorting (Nielsen 1993) is a simple and fast method of assessing the 

structure of an interface. Users are given 3 x 5 note cards labeled with individual 
functions, and asked to arrange them in categories and an order that they think 
makes the most sense. This method has found particular success in website 
usability research, as designers seek end-user guidance to help them arrange web 
pages.  

 
Verbal protocol analysis (VPA) gathers user experiences in real-time as they 

‘think aloud’ (Ericsson and Simon 1993). It is especially valuable for understanding 
both the critical needs of a software application as well as its expected behavior 
from the perspective of the end-user. Typically, users are given a task to achieve 
using the application in question, and they are instructed to verbalize their thought 
processes as they work. VPA has the inherent benefit (or detriment) of generating a 
massive amount of data very quickly. The VPA techniques used in this research 
were augmented during the individual task analysis sessions by video captures of 
user interaction. Video is a critically important source of information for coding VPA 
results during software use, as mouse gestures and other actions are not typically 
verbalized by users. For this research, I relied on simple observation of task 
performance as I transcribed each participant’s verbal reports. This kind of video 
analysis uses video as an indirect representation; to provide clarification to other 
forms of analysis (McNeese 2004). 

 
Focus groups (Morgan et al. 1998) solicit ideas and feedback through a group 

discussion. They are moderated by a discussion leader who asks questions and 
prompts for elaboration as described in advance by those who are sponsoring the 
session. Focus groups are even faster than VPA and generate a similarly large 
amount of data. In general, focus groups allow users to share the experiences they 
have had when using an application and to develop hypothetical situations/ideas in 
a quick and efficient manner. These characteristics make focus groups an applicable 
method across multiple stages of the software design process.  I chose to combine 
VPA with follow-up focus groups to capture both the details inherent in the 
epidemiological workflow as well as the reflections users may have about how 
geovisualization tools could be situated more appropriately for their daily work. 

 
Ethnographic case studies combine a real-world application of methods with 

participant-observation practices (Yin 1994). Case studies are often undertaken as 
proof-of-concept exercises to demonstrate the utility of a particular tool or method. 
Ethnographic case studies are different in the sense that they are undertaken not 
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only to evaluate tool utility, but also so that researchers may observe how work 
takes place around these tools. Data from such studies are usually collected ad hoc, 
in notes, through informal and formal communication with subjects, and from direct 
observation. Ethnographic case studies require a significant time commitment to 
complete, and the results are subject (perhaps moreso than other methods) to 
interpretation bias that the investigator brings to analysis. They do, however, yield 
deep knowledge of the situated work experience.     

 

The Assessment Process 
 

In chapters three and four I describe the details of each assessment activity and 
their results. Here, I focus instead on the process of combining each of these 
methods and how that process took place over time. 

 
Initially, assessment focused on the parallel coordinate plot tool by itself, and 

this activity was led by other colleagues from GeoVISTA. The card-sorting technique 
was applied in order to reorganize the ESTAT interface (which had been informally 
judged to be awkward to use), and a few verbal protocol analysis sessions were 
performed with GIScience graduate students. These VPA sessions attempted to 
observe analysis using the PCP tool, but the results demonstrated that it was 
difficult at best for a GIScientist to simulate epidemiological work with a PCP. This 
observation prompted us to focus further assessment efforts as much as possible 
on the actual end-users of ESTAT.  

 
Our next activity took place at NCI with twelve users, each of whom worked 

through a tutorial first before attempting to accomplish several analytical tasks 
using an early full-build of ESTAT. Following this, a focus group was convened to 
discuss what had taken place and the initial reactions to analysis using ESTAT. Our 
observations during the task analysis and focus groups demonstrated a need to go 
further in-depth to better understand how epidemiologists would use tools like 
ESTAT. This prompted my involvement in a case study collaboration with an 
epidemiologist from Penn State Hershey Medical Center. At the beginning of the 
case study I proposed that my thesis research should use what had been learned 
from the prior assessments in addition to the things I would learn from the 
collaboration to redesign ESTAT for in-depth task analysis. Additionally, these 
activities would inform the development of specific prototypical tasks for use in 
assessment sessions with users at NCI. In fact, this is what happened, and the 
results in subsequent sections for each of these assessments are described in 
detail.  

 
In order to satisfy the need for both in-vivo and in-vitro understanding, I 

attempted to mix and match methods when possible. Many user studies focus on 
one or two assessment activities alone. However, in this case there were 
unanswered questions at every level from the basics of individual tool interfaces all 
the way up to how epidemiologists would react to using visualization to explore 



 20
spatial data. Therefore, it was preferable to elicit knowledge and feedback in a 
variety of forms across a range of different venues.  

 

Formative and Summative Assessments 
 

The methods used in this research are for formative evaluation. Formative 
evaluations are carried out early in the design process (focusing on assessing the 
needs of users and the extent to which the overall conceptual approach fits those 
needs) while summative evaluations occur after a design has been completed (and 
their aim is to directly compare the new design to other applications designed to 
accomplish the same tasks) (Gabbard et al. 1999).  In general, formative studies 
rely upon qualitative methods, while summative evaluations rely more often on 
quantitative measures. While quantitative measures are ideal for answering some 
types of questions, at the toolkit design stage, I am interested in how people are 
working (or not working) with exploratory geovisualization tools; thus my focus is 
on formative rather than summative evaluation. In many instances, user-centered 
research seeks to reduce the time it takes to perform a routine task or limit the 
number of errors that might occur when solving specific problems. Recently, 
Saraiya et al. (2004) presented an intriguing model for summative studies that 
quantifies the number of ‘insights’ generated during exploration. Insights were 
judged for validity by outside experts, in their case from microbiology. In contrast 
to Saraiya et al., I have not chosen to evaluate the validity of hypotheses that 
users create while working with ESTAT. The tasks I am examining are exploratory, 
and ideally result in a new hypothesis or a new approach to one that already exists. 
Evaluating the validity of these results is a worthwhile goal, but is probably one that 
is best left to summative evaluations that follow the formative methods used in this 
thesis. The insight-based study is a useful model for future work we may pursue, 
particularly if we can devise tasks that are controllable and have known results. In 
the future it will be an important challenge to devise new methods of summative 
evaluations in order to critique the utility of ESTAT against existing methods of 
spatial data exploration in epidemiology. 

 

Developing a Design Framework 
 

The framework reported as the ultimate result of this thesis research is a set of 
design recommendations and considerations to be used during the development of 
geovisualization toolkits. These have emerged as a result of the various 
assessments described in subsequent chapters. Each assessment activity generated 
unique insights about geovisual tools and their use in epidemiology. These are 
reported in subsequent chapters as evidence for the framework that is derived from 
them. The research plan I proposed was to use insights derived from mixed-
method, iterative knowledge elicitation and tool evaluation as the basis for 
developing a general design framework. The structure I chose uses a scale 
metaphor and focuses on four key areas: from the smallest scale addressing 
specific tools, to application concerns, items related to analysis using 
geovisualization, and finally the largest scale addressing the major external factors 
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that play a role in the development and use of geovisual tools. The intention of 
this structure is to address the multiple layers of complexity that surround the 
design of any tool, particularly one that is not yet situated comfortably within 
common use.  

 
It is important to note that I propose a design framework, and as such it is not 

similar to the frameworks discussed in computer science literature which refer 
explicitly to a set of classes that make up the basic architecture of a program 
(Gamma et al. 1995). It is intended instead to describe the major elements that 
could and should be part of any design effort that seeks to create an exploratory 
toolkit, in this case for geovisual health analysis. A design framework like the one I 
have created can provide guidance for both interaction/usability designers and 
programmers alike who wish to develop user-centered tools.  

 
Howard and MacEachren (1996) outlined a synthesized approach for interface 

design for geovisualization that emphasized three levels of analysis including the 
conceptual level, operational level, and implementation level. The framework I 
present touches on each of these levels of development, and extends them to 
include considerations that exist externally to an application that concern the 
situation in which it will be used. At the conceptual level, my research seeks domain 
knowledge through a variety of techniques to satisfy the need for domain-specific 
user-centered design. At the operational level, I have conducted tool evaluations 
that have uncovered the methods of analysis that require support. Additionally, at 
the implementation level, the framework I present offers recommendations 
regarding interface behavior and guidelines for look and feel.  

 
In the creation of the design framework I am guided by a fundamental principle 

of interpretivism developed by Gadamer (1976) and placed into context for 
developing information systems by Klein and Myers (1999). This principle is known 
as the hermeneutic circle, and it suggests that understanding is ultimately the 
product of iterations between individual pieces and the developing conception of the 
whole. Within my research, the pieces I examine are the tools and their users, and 
the whole that they construct is the design framework of a geovisualization toolkit 
for epidemiology.  

 
Klein and Myers also describe six subordinate principles to guide interpretive 

work that include contextualization, interaction between researchers and subjects, 
abstraction and generalization, dialogical reasoning, multiple interpretations, and 
suspicion. The principle of contextualization advocates understanding the setting in 
which a study takes place. Interaction between researchers and subjects requires 
reflection on how the data gathered is influenced by social interactions between the 
investigator and test subjects. Abstraction and generalization encourages the 
translation of individual observations into general principles and larger-scale ideas. 
Dialogical reasoning refers to sensitivity toward the potential conflicts between the 
preconceptions a researcher brings to a study and the story which the data 
describe. The principle of multiple interpretations supports the notion that the same 
sequence of events may be interpreted differently by different individuals. Finally, 
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the principle of suspicion advocates sensitivity to the potential biases and 
distortions in statements collected from participants. The interpretations I make in 
my research as well as the conclusions I discuss are guided by aspects of each of 
these subordinate principles.  

 
My approach for creating a design framework relies on triangulating common 

themes that result from assessment activities as well as my interpretation of the 
process as it has taken place over the past 18 months. As such, it is an individual 
product that has been affected by my experiences. That stated, great care has been 
taken on my part to make sure what I have included in the design framework 
represents the strongest themes that have emerged from my research. 
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Chapter 3 
 

Evaluating ESTAT – Rapid Assessments and Case Study Collaboration 

Portions of this chapter are adapted from a forthcoming paper presented at the 2005 Auto-Carto 
conference in Las Vegas, NV. The full paper, titled “Combining Usability Techniques to Design 
Geovisualization Tools for Epidemiology” is co-authored with Jin Chen, Eugene L. Lengerich, Hans G. 
Meyer, and Alan M. MacEachren. It will be published as part of the proceedings of this conference. 
 
 

Activities designed to assess ESTAT have been ongoing since October of 2003. 
Initially, we focused our efforts toward building prototypes based on contract 
specifications and informal communication with NCI staff. These were built so that 
they could be quickly evaluated by GIScience graduate students who had expertise 
with spatial data analysis. This was followed by formal user testing with health 
researchers at NCI, the results of these activities were subsequently augmented by 
long-term case study collaboration with an epidemiologist. Each of these stages is 
described below. 

 

Rapid Prototype Assessment 
 

The first prototype of ESTAT featured the core features and functionality that had 
been requested by our colleagues at NCI and was augmented by our research into 
their work domain. At the beginning, assessment efforts focused on a single 
component of ESTAT, the parallel coordinate plot tool, and we used the card-sorting 
method and verbal protocol analysis with GIScience graduate student participants. 
Card-sorting evaluation was used to determine the most reasonable organization of 
the PCP tool interface. Our focus with the VPA method was to quickly determine 
whether or not the tool was understandable enough to accomplish the tasks we 
were trying to facilitate. These evaluations were easy for us to execute, but in 
general they provided more questions than answers. Few of our initial testers 
understood how to use a Parallel Coordinate Plot, and more importantly, most were 
unable to simulate the tasks of epidemiology. When we asked users to explore 
epidemiological outcomes along with population information and predictor variables, 
none were able to develop the kind of hypothesis that ESTAT was supposed to 
yield. These initial assessments did, however, provide some useful information. 
Analysis of the protocol transcripts identified a number of instances in which testers 
expressed frustration with the basic layout of the tools, the data loading process, 
and the lack of consistency in our interfaces.  

 
We applied the card-sorting method to try and reorganize our interface. As was 

the situation with VPA evaluation of the PCP tool, our participants were GIScience 
graduate students. Our card-sorting results showed that there appeared to be two 
general interface groupings that we could implement (Figure 6, 7). While we were 
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able to uncover these possible reconfigurations of the interface controls, the 
results of the VPA testing caused us to wonder how epidemiologists might choose to 
organize the ESTAT interface differently. Neither of the two configurations 
generated by card-sorting were implemented completely – instead we used their 
commonalities to guide further interface refinement for the (then new) PCP tool. 

Figure 6:  The first of two interface organization options generated through the card sorting technique. We 
called this approach “Epistemological” because it structured interface features based on their associations 

to stages in analysis.  
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Figure 7: The second of two interface configurations that were distilled from the results of the card-sorting evaluation. Here, what we called the 
“Pragmatic” approach is outlined, so called because it classifies tools according to their most basic associations. 



 26

Assessment with Domain Experts 
 

At this stage, we turned to our collaborators at NCI for additional input. A formal 
usability assessment of the alpha stage ESTAT prototype occurred in February of 
2004 with a group of testers identified by our primary NCI contacts as likely ESTAT 
end-users. Each user worked through a tutorial and brief set of epidemiological 
tasks (Figure 8) before participating in a focus group discussion to verbally assess 
the tools.  

 
During the tutorial and task session, we captured audio and video of the session 

and encouraged participants to both ask questions (of the two moderators) and 
discuss what they were attempting to accomplish (Figure 9). Although it was 
essentially a protocol analysis session, we did not use a ‘keep talking’ prompt or 
otherwise force our participants to vocalize their interactions. Our method was 
driven by the fact that we had a limited time to work with a relatively large number 
of users (17) in two short sessions over a period of two days. During these sessions 
the moderators (myself and another GeoVISTA research assistant) took notes, and 
subsequent analysis of the video and audio recordings helped to augment these 
notes with further detail.  

 

 

Figure 8: Users explored patterns of cervical and breast cancer in Appalachia in February 2004. This capture 
shows relationships between per capita income and distant stage Breast cancer in the map and scatterplot. 

The darkest points and counties are high in both variables. 
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Figure 9: NCI Participants using ESTAT in February 2004 (image manipulated to preserve confidentiality). 

 

Immediately following the tutorial and task session, a focus group was held to 
discuss various aspects of the ESTAT toolkit. During the focus group, the same two 
moderators led the discussion, with occasional input and questions from two of the 
NCI project leaders who collaborate with the GeoVISTA Center. In hindsight, it 
would have been better to not have this additional input, as we were not aware 
before the session of the questions they wanted to ask or the issues that they 
would be most interested to explore. In general, the NCI project leaders were 
interested in hearing about what new features were still required, while we were 
focused on determining whether or not ESTAT functioned effectively as an 
exploratory visualization toolkit. As a result, our focus group discussion was 
somewhat more discontinuous than it may have been had we had the full time and 
scope within our control.  

 
Both the modified VPA and focus group approaches to tool assessment by 

domain experts were extremely valuable to our development effort. From the 
tutorial/task sessions we were able to determine that our data loading mechanism 
needed to be completely redesigned in order to be reasonably efficient. While we 
had our own informal debates regarding this part of ESTAT prior to testing at NCI, 
documentation of end-users trudging through the interface had a greater impact on 
our developers. The tutorial/task sessions revealed that most users never got very 
far into actual epidemiological analysis because of the clumsiness of the interface 
and their lack of familiarity with the visualization methods being applied. This latter 
point was an aspect of our work that we had not anticipated – we found that the 
visualizations that NCI had requested we build in ESTAT were not widely 
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understood by the users NCI had in mind. In particular, most users needed 
tutoring to understand the Parallel Coordinate Plot and Time Series graphs. We had 
included descriptions about how these work in our tutorial. However, for users who 
were experiencing this kind of analysis tool for the first time, more focused training 
was clearly needed.   

 
From our focus group discussions we were provided with insights into the 

modifications and additions needed for ESTAT in order to make it usable for 
epidemiological work. In general, our users were excited about the potential that 
geovisualization tools hold for their discipline. The version of ESTAT that was 
tested, however, lacked a number of the essential ingredients needed to make the 
software practical for use by typical public health researchers.  

 
Specifically, our users repeatedly mentioned a desire to see descriptive statistics 

of the data displayed, in order to help them assess the character of the data 
patterns and relationships in question. One user went so far as to ask, “Why is it 
called ESTAT if there are no stats?” When we pressed our users for more details 
regarding the specific statistics they would require, we were met with a wide range 
of possibilities, including; regression values/lines, correlation coefficients, 
means/modes/medians, and significance values. A small number of users had 
specific suggestions for more advanced statistics, including; Poisson regression, 
Bayesian models, and the ability to use spatial analysis methods. For these more 
advanced functions we were advised that it would be worthwhile for our tools to be 
able to ‘talk to’ a statistical software package so that users could create and 
execute complex and customized routines on data they have viewed, initially, in 
ESTAT. 

 
As a result of the feedback received from NCI users in February 2004, we were 

faced with the challenge of deciding which statistical methods to incorporate into 
our tools and which we should leave to other software. Additionally, the suggestion 
to enable our tools to ‘talk to’ a statistical package is not easy to implement 
because most statistical software is designed to be self-contained and coordination 
with our Java-based software involves a substantial software engineering effort.  

 

Case Study Collaboration 
 

While we gathered many useful ideas from these tests at NCI, it was clear that 
we could pursue a more elegant and effective solution by embarking on an in-depth 
collaboration over a significant period of time with an epidemiologist. Doing so 
would provide deeper insight into common methods of epidemiological analysis, 
help determine the kinds of statistical/mathematical methods that are used most 
frequently to assess the quality and general characteristics of data, and allow us to 
understand in greater detail the kinds of interfaces that epidemiologists encounter 
regularly and therefore might be most comfortable adopting. Furthermore, we could 
augment the results gathered from our other assessment efforts and begin to 
triangulate areas of common agreement.  
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The process we followed draws upon the practice of interaction design (Preece 

et al. 2002). Specifically, we adopted a participant observation approach to 
observing and cataloguing the actions and ideas of our collaborator, with goals 
similar to those we had in mind during the work domain analysis stage of our 
design process. Over a period of roughly four months, I worked together with Dr. 
Eugene Lengerich, an epidemiologist from the Penn State University College of 
Medicine. Lengerich has been a colleague in several medical geography projects we 
host at the GeoVISTA center, and therefore was familiar with our staff, software, 
and approach. Our goal from the beginning was to identify a problem in 
epidemiology that we could use ESTAT to explore, and by doing so together we 
would attempt to uncover a wide array of issues regarding the functionality and 
usefulness of our geovisualization toolkit. The case study work took place in several 
semi-formal sessions where we worked together using a laptop, sometimes 
augmented by a projector so that other colleagues could participate as well. 
Outside of these sessions, we often collaborated via email and phone. 

 
Initially our meetings were largely informational, as we began to know each 

other and determine how we might work together on a specific epidemiological 
research question. These first steps allowed us to build an understanding of the 
kinds of problems that were interesting to our colleague, and conversely provided 
Lengerich with ample opportunity to see a wide array of what we were working on 
and what kinds of tools were at his disposal. This is the kind of mutual 
understanding that is difficult to achieve when an outside expert is brought in for a 
limited amount of time, as is typically the case in many structured evaluations of 
software tools. Participant observation provided us with the ability to effectively 
develop this understanding into real synergy between our group of geovisualization 
experts and a researcher focused on epidemiology.  

 
Over the course of several meetings, Lengerich decided he would like to try using 

these tools to augment a more traditional epidemiological study. Specifically, he 
wanted to be certain that ESTAT could echo the results he would obtain from a 
structured mathematical analysis. The example analysis was a study of colon 
cancer incidence in the Appalachian counties of Pennsylvania, Kentucky, and West 
Virginia. This area is a focus of the Appalachian Cancer Network, for which our 
colleague is a research director. He had a working hypothesis that there are 
differences between the spatial patterns exhibited for incidence of colon cancer 
depending on whether or not that cancer occurs in the ascending or descending 
colon. This idea stems from current research in epidemiology that is examining 
potential etiologic differences in colon cancer that occurs in the ascending colon 
versus the descending colon (Hopenhayn et al. 2004; Iacopetta 2002). Moreover, 
Lengerich was interested in exploring how ascending/descending malignancies 
might differ according to variables representing prevalence of health screening and 
access to healthcare facilities. Our initial work with ESTAT on this problem centered 
on issues related to the data we wanted to analyze, and a great deal of work 
became necessary in order to create the right multivariate dataset that covered 
enough detail to explore a rather broad hypothesis.  
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The final sessions of our case study collaboration focused on using ESTAT to 

explore the colon cancer hypothesis. Lengerich verbally confirmed his findings as 
we used ESTAT to examine the relationships he had examined statistically. He was 
able to visually explore the same data he had previously analyzed and identify 
corroborating evidence to support his conclusions.  

 
In a statistical analysis, Lengerich found a significant positive correlation between 

the number of physicians per 100,000 persons (doctor ratio) and the incidence of 
ascending colon cancer. There was not a significant correlation (positive or 
negative) between the doctor ratio and descending colon cancer. Neither type of 
colon cancer was significantly correlated with the number of hospitals per 100,000 
persons. Additionally, Lengerich observed that both types of colon cancer incidence 
showed significant positive correlation with per capita income, and negative 
correlation with unemployment rates. 

 
Our approach to integrating ESTAT with this analysis was simply to start by 

visualizing the same data and using these findings as a guide for what to look for. 
Lengerich preferred to use the PCP to visually compare the differences between 
ascending and descending colon cancer incidence and the covariate in question. In 
the doctor ratio example, Lengerich turned on the PCP correlation values and 
observed the same results his analysis had uncovered (Figure 10). One by one, 
each of the other findings was examined in this way, often with the help of the 
scatterplot.  

 

 

Figure 10: Using the PCP to analyze one covariate between two outcomes. Ascending colon cancer 
incidence is on the right, and descending incidence is on the left. In between them is the doctor ratio 

indicator. The correlation value is displayed between the axes. 
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Following this confirmatory activity, Lengerich explored the spatial portion of 

this problem using the bivariate map and PCP together. He used the category 
median summary line tool to create median lines for each of the three states in 
question and then brushed over these to look at individual states and their patterns 
of colon cancer incidence and socioeconomic indicators (Figure 11). During this 
process, he verbalized a desire to try and determine why Pennsylvania appeared to 
have different patterns for colon cancer than Kentucky and West Virginia. While 
Pennsylvanians were more affluent and had better access to doctors and screening, 
they also had higher rates of colon cancer incidence of both types.   

 

 

Figure 11: Using category median summary lines (thick purple lines) to look at state-to-state differences 
across socioeconomic indicators and colon cancer incidence in Appalachia. Here, the summary line for 

Pennsylvania has been highlighted in the PCP (the darkest purple line), and the map has updated to show 
only that subset. The map shows the rate of ascending colon cancer incidence versus access to doctors, the 

darkest counties showing high rates of cancer and relatively high access to doctors.  

 

Our experiences with NCI research staff indicated that most cancer researchers 
will be unsatisfied with purely visual analysis, that they want a range of descriptive 
statistics as well. For this case study, Lengerich had carried out statistical analysis 
of the data prior to using ESTAT, thus he had less need for integrated statistical 
tools. Perhaps more importantly, ESTAT presented the geographic picture of 
Lengerich’s analysis that he had not seen before. Dr. Lengerich and I spent time 
iterating through each state in the three-state study region to explore the 
geographic pattern in greater detail. In this stage of data exploration it would have 
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been valuable to have access to spatial statistics in ESTAT to examine the 
geography more systematically. In general, the spatial patterns confirmed Dr. 
Lengerich’s suspicion that Pennsylvania was experiencing a different health 
situation from Kentucky and West Virginia with respect to colon cancer and a wide 
array of socioeconomic covariates. These patterns mirrored the aforementioned 
relationships between economic affluence (and correspondingly better access to 
health care and screening) and high rates in both types of colon cancer.  

 
The differences between what our formal testing at NCI and our case study 

suggested about the need for statistics were likely influenced by the fact that our 
users at NCI had a short amount of time to make themselves familiar with ESTAT, 
and their alpha version lacked even simple measures of correlation or regression, 
which were implemented by the time Lengerich was using ESTAT.  Furthermore, for 
the case study we situated ESTAT as a tool that would augment and confirm a 
‘typical’ epidemiological analysis – a departure from the ‘explore and hypothesize’ 
approach we had encouraged at NCI. This change in focus happened primarily 
because Lengerich wanted to make sure ESTAT would echo his traditional analysis 
before he would begin to rely on it for exploratory tasks. His conservative approach 
was mirrored in many instances by users at NCI who vocalized their skepticism 
about visualization techniques and how they may be misrepresenting various 
aspects of the data. 
 

Resulting Changes to ESTAT 
 
A series of modifications were performed on our software in response to usability 

issues brought up by our case-study collaboration and other interaction/usability 
assessments. Our initial in-house focus on the PCP component led to a total 
redesign of its interface and behaviors. The subsequent evaluation activities have 
led to a similar redesign of the entire ESTAT environment. The following sections 
describe the major issue areas that emerged as a result of these activities.  
 
Data Handling 
 

ESTAT has gone through an extensive reworking of the way it loads and handles 
datasets for epidemiological research. Initial testing at NCI revealed that our data 
loading tool (presented as a single panel item) was far too complicated (Figure 12). 
Armed with audio/video detail showing our end-users struggling with its interface, it 
was easy to demonstrate the need for a redesign to the development team. As a 
group, we decided to create a data loading wizard that would guide users through 
each step more efficiently. Following an initial prototype, we changed each prompt 
so that it used natural language in place of the technical ‘programmer-speak’ that 
had been implemented. At the same time, icons were reworked to create visual 
cues to the kinds of functions they represent. Both of these changes, as well as 
others that were implemented, are inspired by interface design guidelines discussed 
by Shneiderman (2004). 
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Figure 12: From a single panel data loader to a comprehensive wizard. The original one-panel data loader 
was replaced by a step-by-step process that carefully guides users through each stage. 

 
The case study collaboration was particularly valuable toward our understanding 

of data handling in epidemiology. During the initial development of ESTAT, less 
importance was placed on this stage of analysis than on the visual exploration 
tools. The assessment activities found that epidemiologists are in need of a 
mechanism for visualizing and making sense of the complex datasets before they 
select variables and explore them. To help the selection process, we implemented 
categorizing and sorting tools into the data loading wizard. This has provided a 
structure for data selection that complements the analysis strategy observed from 
case study work with Lengerich. I was able to confirm the utility of these added 
features in our case study meetings as we explored the colon cancer hypothesis.  

 
We also created a simple metadata file to accompany each project that provides 

detailed variable descriptions to help alleviate problems of comprehension that 
emerge when a large number of truncated variable names are on screen at once. 
Rollovers in our tools now display the full description of each variable.  
 
Interface Design 
 
   The PCP tool, as well as the other tools in ESTAT have undergone a wide array of 
interface organization and aesthetic changes. The configuration panel of the PCP 
tool was retooled to reflect the common themes in the two major configurations 
developed by users from the card-sorting assessment (Figure 13). Buttons and 
icons have also been redesigned to create a more consistent interface and to create 
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a more pleasing look and feel. Additionally, rollover text (descriptions that appear 
as a mouse cursor is placed over a tool) has been edited for clarity and to remove 
technical language in favor of natural language. 
 

 

Figure 13: Comparison of one panel in the configuration panel of the PCP tool. The old location panel is on 
the left, and the new location panel is on the right. The new panel features a more elegant layout, icons in 

place of text where possible, and metadata descriptions for each variable. 

 
Supplementary Statistics 

 
An issue that came up a number of times during these evaluations was a desire 

for basic descriptive statistics to characterize data. The initial ESTAT prototype did 
not incorporate such statistics, and users were reluctant to explore the data visually 
without some sense of the mathematical structure of the data up front. Since this 
sentiment had been declared by our test group at NCI, we implemented basic 
descriptive statistics prior to embarking on the case study collaboration. 

 
Correlation coefficients were made available between each pair of PCP and Time 

Series axes as well as for the distribution displayed in the scatter plot. In addition, 
the scatter plot was modified to show a regression line and r-squared value. The 
scatter plot calculates these statistics on the fly, and selecting a subset on the plot 
will cause values to change to reflect that grouping (Figure 14).  
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Figure 14: Correlation and r-squared values change upon selection in the new ESTAT scatterplot. 

 
 
Performance/Stability 
 

Evaluating ESTAT at NCI uncovered a number of bugs and interface problems. 
Users provided thorough critiques of what they perceived to be interface 
inconsistency and in general called for greater care when labeling and positioning 
features. Additionally, the ESTAT application suffered from performance problems 
that made it slow on the desktop machines at NCI. Many times ESTAT was working 
hard to refresh the screen and users were convinced they had crashed the 
software. During our redesign efforts memory handling issues were fine-tuned and 
visual feedback was introduced through a progress bar when data loading occurs. 
Managing screen space is a problem left unsolved – some users complained about 
not being able to see everything at once. Our development and application work 
occurs on dual-panel desktop machines and as a result the tools are optimized for 
that configuration.  It is probable that over time advances in high resolution 
displays will to some extent alleviate this issue, especially as they become more 
affordable. 

 

Summary 
 

The first formal evaluations with end users at NCI in February 2004 outlined a 
general need for our user-centered design process to take a more in-depth 
approach in order to redesign ESTAT to fit work practice. Subsequent case study 
collaboration with Dr. Lengerich helped us develop deep knowledge of the process 
of epidemiological investigations, particularly those we are hoping to facilitate in the 
realm of public health surveillance for cancer research. The lessons learned from 
each of these evaluative activities were gradually integrated as new features and 
refined behavior in the ESTAT toolkit. 
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During these evaluations, I developed knowledge that facilitated the creation 

of an in-depth task analysis activity to take place in one-on-one sessions with a 
small number of end-users from NCI. While the first VPA evaluations and focus 
groups at NCI in February generated useful comments and ideas, none of those 
users ended up doing meaningful epidemiological work using ESTAT. During the 
case study, Dr. Lengerich and I did reach this level of interaction with ESTAT. 
Although the case study experience was very valuable, there was still a need to 
elicit information from a group of users across a range of epidemiological interests. 
Furthermore, this knowledge would come directly from their interaction with the 
tools, not from a collaborative effort. To accomplish this task, I compiled questions 
and data to create an in-depth task analysis evaluation for individual participants. 
This activity and the results it generated are described in the following chapter. 
 

 

 

 

 

 

 

 

 

 

 

 

 



 37
Chapter 4 

 
Evaluating ESTAT – Individual User Task Analysis 

In December of 2004, a task analysis and focus group session was completed at 
NCI headquarters in Rockville, Maryland. This activity was designed to assess the 
ability of a refined version of ESTAT (based on prior evaluations and redesign) to 
facilitate quick, visual exploration of multivariate spatial data in order to formulate 
new and enhanced hypotheses. The verbal protocol analysis (VPA) technique was 
employed in its more traditional form than the prior assessment session in February 
where users were evaluating tools as in a group setting. Following their one-on-one 
VPA sessions, users in the December task analysis activity were asked to discuss 
their experiences with ESTAT in a focus group.  This evaluation effort was aimed at 
generating a greater understanding of the aspects of ESTAT that facilitate or 
impede exploration and how epidemiologists from a wide range of backgrounds 
situate visualization within their current research.  

 
Five participants were selected by our project contact at NCI. I asked for people 

who were epidemiologists akin to those they had in mind when devising the 
contract for the development of ESTAT. Three male and two female participants 
were scheduled for individual task analysis sessions and a follow up focus group 
discussion. Each user was an expert health analyst, and among the group they 
were interested in cancer research on several specific topics, including; the 
influence of obesity, tobacco farming, toxicology, and the relative burden of 
disease.  

 
NCI headquarters is home to the User-Centered Informatics Research Lab, and I 

was permitted to use their facility for these sessions. The individual task analysis 
portion took place in a room designed for one-on-one evaluation sessions. The test 
subject’s computer screen as well as an array of camera angles was available for 
me to capture activities using their integrated video system. To facilitate accurate 
coding of participant actions and transcription of verbalizations, I chose to capture 
the computer screen as well as record video focused on participant’s faces (Figure 
15).  
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Figure 15: Sample video capture from December task analysis sessions. Here the user is examining colon 
cancer incidence data in Pennsylvania and a number of socioeconomic covariates. Pennsylvania is 

highlighted through the use of category summary lines in the PCP tool. The portion of the frame showing the 
user was manipulated to preserve confidentiality. 

 
Two weeks prior to the assessment sessions I asked each participant to 

download and complete a quick walkthrough of ESTAT using some data from the 
2004 Presidential Election. This was done in an attempt to avoid the novelty of the 
toolkit becoming the focus of each session. At the start of the session, only three of 
the users claimed that they had in fact tried the toolkit as I had requested. Three of 
the participants (one of whom had downloaded the trial) had also been part of the 
first task analysis sessions at NCI in February, so overall most of the users had at 
least interacted once with some version of ESTAT prior to assessment. The one 
participant who had no previous experience at all with ESTAT was a toxicologist 
who functioned primarily as a geographer and had extensive experience using ESRI 
GIS software. 

 
Each user was asked to complete two tasks in two 40 minute sessions. The first 

task provided participants with a hypothesis to either support or refute (Figure 16). 
This task had users examine the hypothesis that lung cancer mortality rates are 
closely correlated with the level of mean annual precipitation. The data for this task 
covered each county in the lower fourty-eight states of the United States.  

 
The second task required each user to pick their own set of variables from a very 

large dataset and try to explore these variables with the intention of developing a 
new hypothesis (Figure 17). This task focused users on patterns of ascending and 
descending colon cancer incidence in Kentucky, Pennsylvania, and West Virginia. 
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This time, users were not given a tentative hypothesis to support or refute. The 
dataset for task two featured a very large and diverse set of outcome variables as 
well as socioeconomic covariates.  
 

 

 

Figure 16: Task one had participants explore the hypothesis that lung cancer mortality is correlated with 
mean annual precipitation. The first panel shows the starting point once data has been loaded, and the 
second panel shows a typical end-result, showing that the top quantile selected in both variables has a 

strong regional pattern. 
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Figure 17: Task two had participants explore colon cancer incidence data (in this case no initial hypothesis 
was suggested). The first panel shows ESTAT after data has been initially loaded. The second panel shows a 
typical end-result, highlighting Pennsylvania as the state with the highest rates of ascending colon cancer, 

as well as being the most economically affluent state of the three in question. 
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The form describing each task is provided in Appendix A. Following the 

individual sessions, participants were brought together to discuss their experiences 
in a focus group session. This was also videotaped, and the session script I created 
is available as part of the Appendix to this thesis (Appendix B).  

 
Subsequent to the sessions at NCI, all twelve video tapes were transcribed and 

chunks were coded into one of four categories of interest. I was solely responsible 
for transcription and coding. Each substantive statement by a participant was 
classified as a comment related to individual tools, the application as a whole, and 
external issues. Statements that were not considered substantive included 
utterances (e.g. “Right, and um… yeah.”) and comments unrelated to the tasks 
(e.g. “This is a really cool test facility here!”). These statements were left uncolored 
in the transcripts. The coding categories were imposed on the transcripts based on 
the four primary research questions outlined in chapter one, where I describe the 
need to understand tools, applications, analysis methods, and the externalities that 
impact the use of geovisualization tools in epidemiology. These categories are 
described in further detail as part of the framework that follows this chapter. They 
are broad categories, and this choice is driven primarily by the need to generalize a 
huge amount of data as well as combine the results from this portion of my 
research with those I had already gained from prior assessment activities described 
in the previous chapters. One of the six coded transcriptions is provided (Appendix 
C) as an example. In total, the transcriptions included 35,560 words (Figure 18). 

 

 

Figure 18: Transcription tally breakdown by session. 

 
The following sections discuss each of the four categories I coded (Figure 19) and 

provide a small number of direct quotes to support my conclusions. Each major 
category is further broken down into smaller subsections that address specific areas 
of concern for each scale of analysis. At the individual tool scale, the scheme is split 
among each of the tools included in the current ESTAT configuration. At the 
application level, internal and external linkages are described as well as general 
issues related to composition. Additionally, I coded statements that pertained to 
analytical work. Finally, externalities are outlined, which in this case includes 
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overarching design and suitability issues that came up during the focus group 
discussion. 

 
 

 
 

Figure 19: Examples of the applied coding scheme. as applied to representative statements. Colors assigned 
to headings match those applied to text passages in the transcripts – see Appendix C for an example. 

Individual Tools  

Scatterplot 
 

During both tasks, participants focused much of their attention on using the 
scatterplot to drive exploration. It is likely that this visual method is the most 
common and accessible out of the four available in ESTAT to epidemiologists who 
generally come from a strong background in statistics. The participants appeared 
comfortable interpreting the scatterplot, and many eventually used it to iterate 
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through numerous variable combinations as part of their analysis. The regression 
and correlation values provided were valuable, as each participant relied on these 
values during their analyses to help make choices and modify their hypotheses. 
One user felt that the statistics provided were insufficiently detailed to support 
exploration: 

 
P2:  I could see that there’s… a relationship… doesn’t give, there’s the R-square… 

it’s not giving a statistical significance of the R-square… so I can’t.. I guess I 
don’t… I can’t evaluate that number… what it means exactly because I don’t 
have a confidence interval or something like that. 

 

Bivariate Map 
 
The map tool in ESTAT was frequently used in combination with the scatterplot to 

iterate through a series of variable pairings. Only one user attempted to use some 
of the tools included with the map to zoom, pan, and explore using the fisheye lens, 
for the rest, the map was used only as a linked overview. During the task analysis 
sessions, two major issues emerged with respect to the bivariate map. First, users 
had little or no knowledge of how classification methods work: 

 
P2:  Okay… so raw quartiles… quartiles… so… I guess I don’t know the difference 

between the meaning of those. And there’s no place to go for help to find the 
definitions of those?  

 
(no.. good idea!) 
 
Okay… so that’s pretty… pretty… what is this… I mean, I don’t think these are 
things even as a statistician I… wouldn’t know… modified quartiles, I don’t 
know what those are… equal intervals I think I know what those are… 
standard deviation I’m not sure what that… maybe that’s standard deviation 
units…  
 

Second, a number of users required help to interpret bivariate color schemes. 
While this is an issue that should be mirrored with the scatterplot (which used the 
same color scheme), questions about the meaning of the bivariate color scheme 
only emerged during use of the map. It seems that users were able to interpret 
patterns in the scatterplot either without considering the color scheme at all, or 
because the color scheme is superimposed over the values in such a way that it 
effectively has an integrated legend, thereby permitting users to ignore the ‘actual’ 
legend. Some of the comments about the bivariate color scheme included: 

 
P4:  Oh… okay… so lung cancer… so it’s darker here… so is it… so we have to 

discern if it’s green on top of purple? 
 

P3: I think that’s… labeling the little matrix of colored squares would be helpful… 
since I happen to know, now it’s vaguely coming back to me, that these 



 44
squares represent something… but you can see the little… the 3x3 square 
in the corner here is obviously some kind of key, but it’s not obvious what it’s 
a key to… 
 

Finally, univariate mapping was problematic for the three users who attempted 
to modify the variables and classification to work in this way. The univariate map 
that ESTAT can create is black and white only and in the version used for these 
tasks, once it had been changed to this the application crashed, making it 
impossible for these analyses to incorporate this mapping method.   
 

Parallel Coordinate Plot 
 

The PCP required an explanation for three of the five participants. These users 
had heard of a PCP, but were unable to immediately interpret one: 

 
P3:  …the parallel coordinate plot… is the place to look for that… and um… um… I 

can’t remember how you interpret these pesky parallel coordinate plots… 
 

P4: Yeah… yes, exactly… so let’s just see what we’ve got here… what in the world 
does this mean <mousing over PCP>? 
 

In each session the PCP and Time Series graphs were used subsequent to 
exploration with the scatterplot and map. The relatively low level of familiarity with 
these visualization methods remains a barrier to adoption, and the lack of help 
functions that describe these tools would severely hamper those users who do not 
have immediate access to an expert facilitator. 

 
Using the PCP generally began with some kind of reduction in the number of lines 

shown, typically through use of median summary lines, or a small selection across 
an individual axis. I was asked for more instruction during the use of the PCP than 
during the use of any other tools, and most users felt that the tooltips provided for 
each icon were insufficient descriptions of what each tool could do.  

 

Time Series Graph 
 

Of the four tools in the version of ESTAT used for this portion of my research, the 
time series graph bore the brunt of the sharpest complaints from participants. For 
many of them, it was hard to distinguish from the PCP: 
 
P1:  Is this a continuation… oh no… that’s time series… that’s the PCP we used 

before… 
 

P5:  And then the other thing… when I saw that graph there… the graph that’s 
the, there’s the two parts of the parallel coordinate plot… one is the… I guess 
you call the one with time… time series, that one should look as much as 
possible like a regular graph with an x axis and y axis and…   
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During the focus group, one user provided a detailed idea of his conception of a 
time series graph. Another user augmented this suggestion by pointing out why 
flexibility should be maintained: 

 
P5:  …it’d be nice if you could get something pretty easily that looks like a normal 

graph on an x-y axis which would be a plot of a cancer rate over time… 
 

P1:  Ah… it’s a matter of debate I think, it depends on what you’re looking for… if 
you’re looking for a normal graph versus the clearest way of seeing um… the 
pattern of the data, so the… there’s different elements of a time series.. one 
is the absolute change of the values, we’re accustomed to look at that. An 
other are coordinated changes, and the scaling choices you make determines 
what you see.. so you should be able to do it both ways… 

 

Discussion 
 

The considerations raised in the preceding sections represent the dominant tool-
related themes raised by users during the task analysis sessions. In general, users 
were able to work through the tasks they were given using the tools in ESTAT. 
While many of their comments were directed at specific aspects of individual tools, 
emphasis was also placed on items that are best described as application-level 
issues. 

The Application 

This section outlines the issues raised by task analysis participants that pertained 
to features at the application level of design (ESTAT as a whole). These include 
references to internal linkages, external linkages, and the composition of a toolkit 
for exploratory spatial-temporal data analysis. 

 

Internal Linkages 
 

The coordinated linked brushing that ESTAT features was frequently mentioned 
as one of the strong suits of the toolkit: 

 
P4:  But what I am noticing now is that, as you move from one line to the next I 

see it moving down here in the map. So that’s very nice… so does that 
happen here… oh yeah! I like this! Oh wow… sorry <laughs>. 
 
Oh, this is great… so I could go here or whichever area a thing is high or low 
and then come up here…  
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While the dynamic visual linking in ESTAT prompted positive comments, 

participants also mentioned their expectation that each of the tools should be more 
fundamentally linked to one another. The linked-brushing effect seems to 
communicate to novice users that the same things are being shown in each view, 
when in reality they may not be. Variables in particular should be linked by default 
– currently there is too much flexibility, and users found it cumbersome to 
constantly double check to make sure that variable pairings matched especially 
between the map and scatterplot: 

 
P2:  So let me see what happens on the map… And is there any reason when you 

change this one <mousing over map>… this other one <mouses over the 
scatterplot> shouldn’t be automatically the same? 
 

This theme extends to analysis that takes place using time series data. During 
the second task, users found it peculiar that time series data was separated from 
the primary data, and that they had to search in each set to coordinate their 
variable choices for exploration: 

 
P3:  So that… it sorta seems like almost anything you select in the time series, 

you might want it automatically added to the other one, because you’re likely 
to want to look at some of those in relation… 
 

Additionally, selection behaviors in ESTAT are problematic, as most of the 
participants did not understand immediately why selections were always 
maintained, even after new variables had been changed. Since ESTAT places a high 
priority on maintaining selected subsets, users often found themselves wondering 
why their data looked different: 

 
P1:  Oh… that won’t work. I’ll go back and make this male. I don’t know what I 

did here… it looks different.. it looks different than the graph I got before. 
 

Finally, full variable descriptions were a common need for users during these 
sessions, and at the time ESTAT featured only a partial internal linkage to facilitate 
access to this information. In the data loader and PCP, users could roll over variable 
names to obtain a description, while this same information was not accessible 
through the map or scatterplot.  

 

External Linkages 
 

When asked specifically whether or not ESTAT should be connectable to a full-
fledged statistics package, participants mentioned that this was not really necessary 
as long as the data going in to ESTAT was part of a flat file that could be easily 
imported into any of the major statistics package. One user stated: 

 
P4:  …the power of ESTAT to me, I think, is the exploratory end and the linked 

data.. and what I think I come out of it with is a better understanding of the 
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interrelationships so that I could then sit down and build some kind of 
predictive model or something in SAS or some you know, other tool, based 
on just what I learned and almost the.. the output is really just sort of a list 
of potential useful correlated variables. And their spatial relationships. 
 

One external linkage specifically requested a number of times by different users 
was a method for screen captures and project sharing. This functionality is not yet 
supported in ESTAT in any way besides screen captures that are initiated from the 
operating system or some other dedicated capturing program. During the focus 
group, a discussion regarding the need to share visualization results culminated in 
the following series of comments: 

 
(I’ve heard a lot about Powerpoint for sharing, do you have any other ways 
you would want to share visualization results?) 
 

P3:  I would say putting into Word. 
 
P2:  I would generalize it as capturing pictures… but… you could go into a Word 

document… 
 
 (What about vector format graphics?) 
 
P2:  Well I think there is a need to have something other than just a .jpg or .bmp, 

something that is vectorable so that if it’s in an 8.5 x 11 format one day, you 
can scale it up for a poster that’s 3 feet by 3 feet the next… 
 

Composition 
 

A dominant theme throughout the logs of each task session as well as the focus 
group revolved around the general tendency for flexibility in features to take 
precedence over efficient and simple interface design. One user vocalized his 
impression that simple tasks are rendered difficult by the overwhelming array of 
controls provided to modify the time series graph:  

 
P1:  Okay but… usually with the rate thing, the common thing I wanna do is have 

them all scale the same… so you should make that easy to do. Because what 
I’m sort of feeling a little bit in general with this software is that it’s giving 
extreme amount of flexibility but it’s making it hard to do the things I 
commonly want to do and so… it would be good to make it… I mean it would 
be good to sort of make it easy to do the things that most people would want 
to do and then if you want to get into the more obscure stuff… 
 

Also, clicking actions should yield more useful results – users expect right 
clicking to result in a context menu with a number of options. Double clicking 
should do something commonly needed, like hold an observation or describe it 
more completely. Currently double clicking does nothing on the time series and PCP 
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and clones the map and scatterplot. These clones are not interactive, rendering 
them confusing and unusable. One user had a specific suggestion for double-
clicking behavior: 

 
P3:  Yeah… I’m not sure… because I think this is a kind of an exemplary 

example… you’re gonna be making various plots and points will pop out and 
then you’ll quickly want to say, you know, why is that point so freaky… on 
the other hand, you don’t want to show everything right on the screen, 
because then you know it’s like suddenly the screen is obscured, but some 
way… you know if I double click on that point.. <double clicks on grant 
county>… well… it… <ESTAT clones the scatterplot> 
 
Yeah… that… that’s not really what I would be hoping for… maybe what I 
would be hoping for if I double clicked on that point would be it’s whole 
record or something… and then I could, you know the columns would all be 
labeled and then I could check some things that shocked me… 
 

The act of selecting and loading variables was much less troublesome during this 
assessment than it was in February of 2004 when the single-panel loader was still 
in use. Variable sorting and promotion tools that were added to the new wizard as a 
result of issues encountered during the case study collaboration proved to be 
essential to the ability for users in December to work through this critical portion of 
each task. Each of the users eventually discovered and used the new sorting and 
categorizing tools. For each user, the selection of variables was a major portion of 
their task, and many of them vocalized their thoughts about possible interesting 
combinations for exploration during this stage. One user hinted at this kind of 
thinking when she said: 

 
P1:  Right… hmm… This looks pretty complex. Alright… Um… well… let’s see what 

would make sense. The… the… the… colon cancer data are from 94… it starts 
in 94 and goes up to 98… oh males and females Okay… 
 

Similar comments were provided from the other users while they worked through 
the data loading process. If this is in fact the stage in which an analyst starts to 
decide, “…what would make sense,” then there is a clear need to focus greater 
attention on making it as interactive and exploratory as the other tools we provide.   

 

Discussion 
 

The issues raised in this section are targeted specifically at the level of 
application design. In the case of ESTAT, the individual tools were built at different 
times by different programmers, and only later were assembled into an application. 
Asymmetric, distributed development like this can be a problem if the 
considerations outlined in this section are not heeded during the application design 
process. It is crucial to consider the linkages, both internal and external, as well as 
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compositional elements that must come together to form a single package that 
users do not perceive as an inefficient mosaic of disparate objects.  

Analysis Using ESTAT 

Moving forward, this section describes and summarizes statements about 
analysis strategies and related issues. Unlike initial evaluation activities, the in-
depth task analysis sessions in December 2004  

 
The two tasks selected for users to accomplish were deliberately different. The 

first was designed to have them try to support or refute a tentative hypothesis, and 
the second was geared toward providing the opportunity to explore and create their 
own hypothesis. In general, the first task was handled with greater aplomb than the 
second. The dramatic patterns that resulted from the first example were easy to 
see and explore: 

 
P3:  Anyway, apparently the more it rains the more lung cancer there is.. in 

males.. (Figure 20) and… um… Living proof of the dangers of software that’s 
too easy to use. <laughs> And uh... it appears to be true in women too, 
although not quite as strongly… and in neither case it’s very… the r-squared’s 
are.. well actually are huge…  

 

 

Figure 20: Capture of P3 using ESTAT as he describes his thoughts about the first task. He interacted 
exclusively with the scatterplot during the statement shown above. The regression line in the scatterplot 

depicts a clear positive relationship and the correlation is shown to be 0.57 between lung cancer mortality in 
males and mean annual precipitation. 
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The second task was more complicated for several reasons. First, most of the 
participants did not immediately understand the ascending/descending designations 
for colon cancer. Second, the dataset for the second task featured many more 
variables, and doubled the data loading procedure because it also featured time 
series analysis. Finally, the limited geography of the study region (in this case 
Kentucky, West Virginia, and Pennsylvania) meant that many typical comparisons 
across racial and economic categories weren’t possible due to a lack of sufficient 
data.  

 
Individual approaches to task two varied widely, but it is worth mentioning the 

character of a few of the attempts because they represent ideas that participants 
thought they should be able to explore using ESTAT. Two users attempted to 
explore the relation between ascending and descending incidence rates to economic 
covariates and access to health care. Another user focused specifically on exploring 
differences based on race/ethnicity and ascending/descending disease. Yet another 
had a very specific task in mind for ESTAT: 

 
P2:  I sort of came at this software as one basic thing that you want to be able to 

do is similar to the kind of analyses that Gopaul wrote a couple papers on… 
and that is, you have, you pick a variable like income, you divide income into 
quantiles, you take counties and you throw them into the quantiles, and you 
get trends for each quantile of say lung cancer.. and so that’s just a simple.. 
and then you try another variable and then another variable, and you want 
to do that very quickly and go through a lot of variables and get trends and 
mortality or incidence by these quantiles… 
 

Access to spatial statistics was requested by the two participants who had 
GIScience expertise. One of these users specifically mentioned the GeoDA (Anselin 
et al. 2005) spatial analysis toolkit as something he makes use of currently for 
exploratory tasks. Another user offered some guidance with respect to the kind of 
statistics ESTAT should include during a discussion in the focus group session: 

 
P3:  Yeah, I think the visualization kind of gives you an idea, and then it seems 

like it’d be a lot of work to add statistical analyses of various kinds, except 
ones maybe that are really somehow linked to the map.  
 
So that’s there, so that if one county is a red county in a blue state or 
whatever and you want to see how it differs, then maybe that’s something 
that’s built in, because you don’t want to close ESTAT, run a different 
program, running a test on that county, then reopening ESTAT to look 
through things more.. but.. so where that line gets drawn I don’t know. 
 

The tasks selected for analysis using ESTAT were critical to the results described 
here. While users were successful at identifying patterns we had hoped they would 
explore in the first task, a lack of familiarity with the content area (ascending and 
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descending colon cancer) of the second task impeded most users during the 
second half of VPA evaluation. However, the fact that users across the board were 
able to spend most of their time attempting the tasks and not struggling with the 
tools indicates that the toolkit has progressed far since February of 2004. At that 
time, the interface was such an impediment to use that few of the participants were 
able to load data and accomplish anything we had asked them to in the hour we 
had allotted.  

Externalities 

This section outlines the major issues that exist at the largest scale – those that 
are not necessarily items one can control during the design process. These 
considerations are external to development, but at the same time represent 
important factors to bear in mind during design because they form much of the 
situation in which ESTAT might be utilized. 

 

Situating ESTAT 
 

During the focus group some of the questions I asked were designed to foster 
discussion about how ESTAT and tools like ESTAT might be situated within the daily 
work of epidemiologists. I was rewarded with a wide range of comments on a wide 
range of issues, and here I am providing a small selection of the themes that rose 
out of this discussion.  

 
In order to better understand if and where this kind of toolkit would fit within 

epidemiological work, I asked the group to discuss whether or not they would 
accept or resist geovisualization tools like ESTAT. The following discussion 
demonstrates a desire to have tools that help generate insight – with the caveat 
that they can somehow share that insight with others in a meaningful way: 

 
P1:  I think the test is that we try it on one or two datasets and if it seems to 

inform or amuse us and give us insight, then we might use it routinely, and if 
it doesn’t we’ve all tried software that sounded fab and then you tried it and 
you just don’t feel like it’s helping you. 
 

P2:  Beyond what it does for us, there’s the communication of the results that has 
to be there. We need to be able to take the answer and use it in some way.. 
 

P1:  But that’s that intangible of “does it give us some insight” that makes us 
especially enthused about next week’s lecture, or webpage illustration, or 
paper, or whatever. 
 

P3:  I think what you said was important in terms of talking about the results, 
because I think there is a bias particularly in epidemiology around ecologic 
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data, you know what is it we are looking at, are we sure that it is relevant.. 
so I think you’re right – what is it we’re trying to answer and what are the 
additional questions that we can gain from the map – is an important one… 
 

During the same discussion, a user asked the rest of the group what they 
thought about the spatial element of ESTAT. He had mentioned his bias toward the 
aspatial data visualization tools during his task analysis session, mentioning that, 
“…the map is something I could get used to using, I guess,” and his question 
regarding the utility of spatial visualization resulted in the following exchange: 

 
P5:  What do you think… what do you think is going to be… I mean I think there 

are maybe two generic kinds of analysis you could do with this software… 
One is like the kind I was talking about which Gopaul did, it’s just trends.. 
doesn’t use the map at all, just trends by ecologic variables. The other one is 
more spatial, where you’re trying to say what areas of the country have this, 
and how does these cancer rates relate in a spatial sense… either of those 
you think… I wonder is more… more what you would all use or is more 
useful?  
 

P1:  The spatial element is what appeals to me… because the trend, just graphing 
time series, I can do that in other programs that have a lot more statistical 
stuff built in.. and it’s just time series analysis, you can do that. I think what 
sets this apart for me is the graph-map linkage, and nothing else I have can 
do that very easily. Um… and, ArcView is a hard and static program in a way, 
whereas this will… the reason it appeals to me is that it does something that 
my other statistical thingies don’t do. So, I think that’s… 
 

P2:  I certainly like the spatial part of it… 
 

It is important to note that P1 in this exchange outlines a specific distinction that 
makes a tool like ESTAT worthwhile to him – its dynamism. His characterization of 
traditional mapping software like ArcView as, “…hard and static,” points out that our 
effort to make geovisual tools exploratory has been at least somewhat successful. 
While there remains work to be done to design ESTAT more effectively for 
epidemiology, there was a real consensus among the small number of users I 
worked with at NCI that the underlying concepts and tools were well suited for the 
things they have in mind for exploratory analysis.  

Discussion 

     The preceding sections categorize and describe the verbal reports of a small 
number of users as they have worked with ESTAT to explore cancer data. The task 
analysis portion of this study provided valuable insights related to tools, 
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applications, and analysis. The focus group held afterward augmented this 
information with relevant external concerns.  
 
     The next chapter combines the results of all of the evaluation activity 
surrounding ESTAT and crystallizes a set of recommendations and considerations 
for the design of a geovisualization toolkit that supports epidemiology. This 
framework will inform the future development of ESTAT, as well as other similar 
geovisualization toolkits that attempt to support health analysis. 



 

Chapter 5 
 

A Design Framework for an Epidemiological Geovisualization Toolkit 

In this chapter I describe a design framework for a geovisualization toolkit 
tailored to epidemiological work. The framework I present consists of 
recommendations and considerations for geovisualization application development. 
These recommendations and considerations can thereafter serve as building blocks 
for the design of a new toolkit, or the re-design of one that already exists. This 
model is the result of the variety of assessments of the ESTAT toolkit that I have 
completed. Arriving at this framework is an interpretive task, and where it is 
relevant I note the triangulation from different sources that reinforces a particular 
feature, method, or expectation. My goal for presenting this information is that it 
will serve to guide further developments in exploratory visualization tools for health 
analysts. At the same time, many of the non-domain specific lessons learned from 
evaluating ESTAT are worthwhile for those who hope to develop exploratory 
geovisualization applications for other domains. Thus, the framework presented 
emphasizes recommendations that are easily transferable to other contexts of use.  

 
The framework is broken down into four categories; tool design, application 

design, geovisual analysis, and externalities. An explanation of each category is 
included as an introduction to each portion of the framework. Here I am using a 
scale-based categorization from the local level of individual tools and their features 
to the broad range of external influences and considerations that an application 
designed to facilitate exploratory analysis for epidemiology must be situated within 
(Figure 21). This scheme was developed in order to concisely summarize and 
describe the wide array of input I have gathered, which has resulted in data that 
covers each of these scales and areas in between. It also mirrors the structure of 
my initial research questions and task analysis results. Design frameworks come in 
many forms, and this is but one method of description.  
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Figure 21: Scale diagram for the design framework. 

 
The full framework is also summarized in a graphical hierarchy (Figure 22). The 

roadmap is structured to show the ascending scale from elements at the level of 
individual tools, up to large scale externalities. At the bottom of the figure, the 
geovisualization toolkit is depicted as the total range of issues from each level of 
scale. 
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Figure 22: The geovisual design framework hierarchy. 
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Tool Design 

At the smallest scale, this framework describes recommendations for features 
and interactions related to individual tools. Elements in this category represent 
fundamental features and considerations that are best addressed at the most 
“local” scale. The first two sections describe aspects of individual tool use, while the 
latter five sections describe what has been learned about each tool in ESTAT. These 
tool-specific sections describe what has been learned about a subset of the tools 
that are potentially available across all geovisualization toolkits. 

 
Interactivity 

 
Through the course of these assessments most of the positive comments about 

the individual tools in ESTAT have been directed toward their fully-interactive and 
dynamic nature. The primary recommendation emerging from this evidence is that 
geovisualization toolkits should allow high levels of interaction. ESTAT features 
what have been called highly interactive tools. Crampton (2002), as part of a 
typology of geovisualization interactions, defines highly interactive tools as those 
that include multiple methods of interaction. According to Crampton, the most 
sophisticated interaction with geovisualizations occurs as analysts attempt to 
analyze the character of relationships in spatial data. Crampton claims this is best 
supported by dynamically linked tools, and the results of multiple assessments of 
ESTAT support this conclusion.  

 
It is important to consider that highly interactive tools are new to most analysts. 

Specifically, linked-brushing generates a great deal of excitement among analysts 
who are used to static representations of their data. During ESTAT evaluations 
users were able to manipulate data with simple mouse movements and actions in 
order to test variable relationships. This kind of exploratory analysis stands in 
contrast to the static statistical techniques that most health analysts currently use 
in day-to-day work. In spite of the positive reaction to the dynamic nature of 
ESTAT, linked data selections were found to be problematic with ESTAT because 
there is no immediately obvious way (in the version of ESTAT that was assessed) to 
‘undo’ selections, and because selections are always maintained, even after 
variables change. This issue is perhaps best remedied by more detailed training, as 
there are good reasons to allow this kind of flexibility when exploring different pairs 
of covariates. Selections made against one relationship, such as smoking and lung 
cancer mortality, could be compared against a map of smoking and per capita 
income to see how these relationships compare. 

 
Clonable Tools 

 
There are two general approaches to composing an integrated geovisualization 

toolkit; one specifies a fixed number of specific tools, while the other allows users 
to reconfigure the number of tools on the fly. Based on evaluations of ESTAT, an 
option that is in between these two extremes is recommended. The absence of any 
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structure would probably become an impediment to use, but the imposition of 
structure should allow modifications as necessary. For most epidemiological users 
this would mean they could clone tools i.e., create additional independent maps, 
scatterplots, etc., to look at multiple geovisual patterns at the same time. Maps and 
scatterplots are especially suitable for this kind of coordinated visual analysis, and it 
is possible that the PCP and time series graph tools could be stacked on one 
another in various combinations in order to examine multiple sections of a large 
multivariate space at once.  

 
Enabling clonable tools requires care in terms of managing screen space. During 

evaluations, users frequently mentioned a desire to see the tools in ESTAT on 
multiple monitors. Designers and developers should consider the fact that 
applications are often used on a wide variety of computer types, and developing 
novel methods to manage windows effectively is a necessity in order to compliment 
exploration and analysis.  

 
Parallel Coordinate Plots  

 
For most of the users who participated in the research described in this thesis, 

the PCP tool represented a new way to visualize data. For that reason, it is difficult 
to determine the real utility of a PCP for epidemiology. The main recommendation 
emerging from ESTAT evaluations is that PCP tools should feature simple interfaces 
that allow customization after users have become familiar with the technique. 
During the case study, the epidemiologist I worked with was able to use the PCP 
effectively to compare incidence of colon cancer to a number of different potential 
covariates, though in that case the epidemiologist had seen and interacted with 
PCP’s many times before. During in-depth task analysis sessions at NCI, most of 
the users required help to understand how a PCP visualizes multivariate data. The 
inclusion of the PCP tool in ESTAT was driven by a specific request for it from the 
primary sponsors of the ESTAT development contract, so there is evidence that an 
expectation exists at NCI that this kind of tool could find a home in the research 
that they support.  

 
It is important to consider that multivariate analysis using the PCP tools can 

become visually overwhelming without methods to filter and summarize data. There 
are times when showing everything is quite useful, particularly when examining 
outliers, but many users mentioned their frustration with the visual ‘noise’ they 
experienced while using the PCP tool to look at observations across all counties in 
the United States. This was less of a problem in tasks using data from 256 counties 
in Appalachia. ESTAT features summary lines to show medians across variables as 
well as geographic units, and after instruction users typically utilized these methods 
during exploratory analysis instead of the default view of all observations at once.  

 
Time Series 

 
There is a strong desire among epidemiologists to incorporate time into 

exploratory analysis using geovisual tools. Accordingly, there is an accompanying 
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need to ensure that graphing variables over time is done in a fashion as 
immediately recognizable as common printed graphs displaying the same 
information. Time series graphs should, like scatterplots, appear on the surface the 
same as they do when they are static methods. The time series tool in ESTAT, when 
tested in December 2004, was essentially a clone of the PCP tool, including the 
same icons and tools. This was a source of confusion for many users. As a result, a 
new time series graph interface has been designed that renders it distinct from the 
PCP (Figure 23) and appears similar to static time series graphs in common use. 
There has not yet been a formal evaluation of this new interface to assess its 
suitability.  

 

 

 

Figure 23: The old time series graph (top) and the new time series graph (bottom). The new graph features an 
aesthetic design that is more closely aligned with traditional time series graphs. Tools have been removed 

from the toolbar that are not used for time series analysis. At upper right in the new time series graph, a 
prototype of a new interactive legend is shown.  
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Designers and developers should consider carefully the implications of adding 
temporal analysis to geovisualization toolkits. Many users voiced their expectation 
that a time series graph should include specialized tools designed to help explore at 
time series data. Again, since the time series graph in ESTAT was so similar to the 
PCP, it featured no methods specifically designed to analyze time trends. Median 
summary lines were often used to look at time trends, but users expect that icons 
and tools will appear differently in tools that are designed for temporal analysis. 
One particularly interesting idea proposed by a user in the December task analysis 
sessions described a time series graph that could drive the map, such that users 
could move through time on the graph and watch the map change accordingly.   

 
Visual Data Selection 

 
With respect to the tools combined and linked together in a toolkit, there remains 

a need to appropriately address the importance of variable selection in the 
exploratory process. A visual method for data selection should be part of any 
geovisualization toolkit that is designed to support multivariate exploration and 
analysis. This kind of tool has not been developed for use in ESTAT. The variable 
selection stage of analysis is crucial, and we have not yet reduced the complexity of 
this task in such a way that it, as well as the visualization tools that follow it, 
supports and encourages exploration. Users requested a visual method of variable 
selection, perhaps in the form of correlation matrices. These tools exist already in 
various combinations within GeoVISTA Studio, and the challenge will be to create a 
method of accessing them within ESTAT that is simple enough to be immediately 
understandable.  

 
A major design consideration for a visual data selection tool is the prominent 

nature of the variable selection process in exploratory tasks. Users who were 
observed in this research indicated that it may be the kind of tool that should 
persist in the interface, rather than something that is only used in the beginning of 
analysis. Users virtually always returned to the ESTAT data loading procedure 
during the middle of their work in order to change a decision they had made about 
variables. Since the data loading structure of ESTAT was designed to support use of 
the module as a step prior to exploratory analysis, it was awkward for participants 
to return to it during exploration (and they vocalized their frustration with this).    
 
Scatterplots 
 

In order to support effective geovisual analysis, scatterplots should provide 
summary statistics to augment visual patterns with quantitative evidence. Users in 
early ESTAT evaluations found the scatterplot to be very usable and intuitive, but 
criticized the lack of statistical measures to augment their visual interpretations. 
Subsequent versions of ESTAT have included correlation and r-squared values as 
well as regression lines in the scatterplot. These statistics change values based on 
user interactions with data, so that comparisons between the entire distribution and 
subsets of it are accessible. These supplementary statistics were essential to the 
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case study collaboration effort, and users relied on them often during in-depth task 
analysis efforts in December, 2004.  

 
It is important to consider that many users have used the scatterplot in ESTAT as 

a legend for the map. Supporting this interaction requires variable pairings to be 
the same between both components. This is a feature best enabled by default, yet 
controllable so that advanced users may separate tools more formally and conduct 
visual analyses that are not necessarily symmetric.  
 
Maps 

 
With respect to maps, there are two major recommendations emerging from 

ESTAT evaluation results. First, mapping tools should support both univariate and 
bivariate representations. The bivariate map in ESTAT did not provide a reliable and 
fully functional univariate alternative. This problem emerged during the December 
task analysis sessions, as users often tried to begin geographic exploration and 
analysis by first viewing a univariate map.  

 
The second recommendation is that mapping tools should feature interfaces that 

provide detailed help information on demand. For those users who did not have GIS 
experience, the lack of help features in the ESTAT map was a barrier to use. 
Epidemiologists often take a skeptical stance on visual representations until they 
have developed a reasonable understanding of the underlying data manipulation 
techniques, and the map was no exception. Users across all evaluations questioned 
the specifics regarding classification methods, map projections, and geographic 
context. The latter was a problem only when a subset of the counties in the U.S. 
was the focus of analysis.  

 
It is important to consider that for many epidemiologists, maps (if they are used 

at all) are used primarily to summarize results. Users vocalized their preference for 
maps that were easy to create and change like those in ESTAT, as opposed to 
commercial GIS software. However, they did not understand why it was not 
possible to easily export maps out of ESTAT and into their favorite presentation or 
word processing software.   

Application Design 

The next level of this design framework focuses on issues that affect the design 
of applications. In the first section below, considerations and recommendations are 
presented that describe the internal linkages that do/should exist between tools. 
This is complemented by a section on the external linkages from an application like 
ESTAT to other pieces of software. The third and final section contains guidelines 
for application composition. These include thoughts on interface design as well as 
mechanisms for self-directed user education. 
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Internal Linkages 
 

As mentioned previously in the section describing design guidelines for individual 
tools, linked interactions are important aides in exploration with geovisual tools. 
Linking should be intuitive and consistent, with sufficient user control over the 
behavior. This recommendation is based on a range of evidence across all 
evaluations. Specifically, the fact that ESTAT did not link variable choices 
automatically was a problem for users in all evaluation settings. While working on 
the case study, there was no time in which we required the scatterplot and map to 
show different combinations of variables, and users during the task analysis 
sessions in December (when variables were not automatically linked between map 
and scatterplot) believed they were either doing something incorrectly, or that the 
software was not responding to their requests accurately. When I explained the 
flexibility we had engineered in ESTAT variable selection across tools, users 
expressed doubt that that should be the default behavior. Analysis in the case study 
and the second task analysis session tended to focus on iterating variable 
combinations in the map and scatterplot, and without linking their variable selection 
automatically, this task was less efficient and more prone to incorrect interpretation 
than is desirable. 

 
A second recommendation is that metadata should be linked throughout each of 

the tools in such a way that users do not realize that the tools in the application 
were built independently of each other. It was clear from multiple pieces of 
evidence that, within the application, tools should display similar contextual 
information. Following requests from the first task analysis session at NCI in 
February, we added data descriptions to ESTAT’s PCP and time series tools as well 
as to the data loading wizard. During the case study and individual task analysis 
sessions, users liked this new capability but did not understand why the map and 
scatterplot would not also provide this information.  

 
External Linkages 

 
Two major external linkages should be supported. First, for real world use, it is 

essential for toolkits to provide the ability to capture interesting visualizations to 
share with colleagues. This was an opinion quite strongly held by those who 
participated in the individual task analysis sessions, particularly as they described 
scenarios in which they might use geovisualization tools. Capture ability could be 
initially implemented as static bitmap images of individual windows, but it is also 
worthwhile to explore export options that would include vector graphics or 
lightweight applets that allow limited interactions.  

 
The second important external linkage required is support for exporting a subset 

of variables from the toolkit in a format acceptable to statistical software. This 
option came up during the focus group in December when users were asked 
whether or not a toolkit like ESTAT should include more statistical methods. The 
idea here is that once exploration has resulted in a new or modified hypothesis, 
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users should then be able to easily transition from exploratory visualization to 
rigorous confirmatory analysis.  

 
Composition 

 
Each of the assessment activities reported on in this research pointed toward a 

need to conform to a common design philosophy. Geovisualization toolkits should 
be designed for the simple, frequently used activities and provide users the ability 
to dig for details. This mirrors common interface design guidelines as described by 
Shneiderman and Plaisant (2005). It is particularly important that the visualizations 
themselves are not obscured by the sheer amount of ancillary controls and labels 
that are visible at the same time. Evidence from multiple evaluation activities 
suggests that users appreciate flexibility, but desire simplified representations as 
they start exploratory analysis.    

 
A second recommendation is that tools that have cognates in common use 

(perhaps in a static form) should have similar aesthetic appearances, while still 
providing the ability to customize features and modify aspects of the display as a 
secondary set of options. The time series graph is a specific example of this issue in 
ESTAT, as users expected to see a time series graph that looked like those they 
were used to in their daily work. Many of the comments regarding the complexity of 
ESTAT might not have emerged had it been initially designed with a greater 
emphasis on presenting a simple layout (that draws upon common interface 
metaphors that users were familiar with) up front.  

 
Thirdly, geovisualization toolkits must provide comprehensive help features, in 

particular the ability to quickly ask questions of interface features that may initially 
be new to users. This could be done by providing clear and understandable rollover 
text as well as by devising a query tool much like the “what’s this” feature in many 
common programs today. Users in both task analysis sessions wondered aloud 
about where these features were in ESTAT, and during subsequent discussions 
pointed out that without an expert facilitator, it would be difficult at best to justify 
the time required to research each tool somewhere else to learn about its usage. 
Help features should include example applications of the tool that demonstrate the 
capabilities of exploratory geovisualization, as well as references to published 
material that describe the tools and methods in greater detail. An expert audience 
will require guidance toward these sources in order to fully incorporate them into 
their own expert research.  

Analysis Using Geovisual Tools 

The following section outlines considerations about issues above the level of 
individual tools and applications. Design considerations related to the types of 
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analysis that occur with geovisual tools, as well as recommendations regarding 
visually-supported spatial analysis methods are discussed. 

 
Exploratory vs. Confirmatory 

 
Geovisualization toolkits that support epidemiology should provide the users with 

both exploratory as well as confirmatory capabilities. The case study collaboration 
reported earlier describes how geovisual tools were used to bolster an existing 
traditional analysis with visual confirmation of the results. This task stands in 
contrast to those I had users attempt at NCI in both February and December task 
analysis sessions. In those instances, I encouraged users to modify an existing 
hypothesis, or explore data to create and assess a new hypothesis. The choice by 
my collaborator in the case study to use ESTAT first to ensure it can replicate 
traditional results suggests how at least some users in epidemiology might initially 
approach the use of geovisual tools. This is augmented somewhat by statements 
made by users during the December focus group, one of whom mentioned 
specifically that the test for acceptance will be to show that these types of tools can 
enable new insights about their data. The confirmatory approach is easier for 
designers and programmers to support – and the results of the case study 
collaboration indicate we have succeeded at that. The purely exploratory approach 
is a more difficult design challenge, and the true test of this ability will come when 
toolkits like ESTAT are formally launched with sufficient support and education for 
health analysts.  

 
Spatial Analytics 

 
With respect to spatial analysis methods, a geovisualization toolkit like ESTAT 

should focus its attention on providing access to spatial analysis methods that are 
not available in other commonly used statistical software. While there are mixed 
opinions about the utility of further statistical expansion for ESTAT, the addition of 
simple descriptive statistics certainly enabled much of the work carried out in the 
case study collaboration, and these same statistical methods drove analysis during 
the individual task sessions. The focus group discussion in December concluded that 
spatial statistics that are not available in other statistical software should be 
emphasized. In other words, this is an immediate analytical advantage a 
geovisualization tool can give a health researcher, because they simply do not have 
access to these methods outside of a full blown GIS, which few are trained to use. 
One critical caveat is that simply adding this functionality will not suffice – these 
methods will be new to most health researchers and will require immediately 
accessible documentation as well as illustrated examples. 
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Externalities 

The final level of the proposed design framework details external factors that 
exist outside of the tools, applications, or analytical approaches that I have 
observed during the course of evaluating ESTAT. While there are other external 
factors beyond those I describe here, issues related to databases and user 
education emerged from work with domain experts as prominent external factors to 
consider when designing geovisualization tools for epidemiology. A brief section 
follows discussion on these two areas that describes some of the other external 
considerations worth mentioning that emerged during ESTAT evaluations.  
 
Databases 

 
Creating and maintaining spatial (and spatial-temporal) databases is a major 

challenge to the widespread adoption of geovisualization tools for health analysis. 
Geovisualization toolkits should be built with corresponding utilities to help users 
easily import spatial databases and create metadata. All of the assessment 
activities described in this thesis assumed that users would be ‘handed’ a database 
that was ready for immediate use. In reality, health analysts often create their own 
datasets, and very few of them have sufficient GIS experience such that they could 
handle the transformations required to spatially-join data to boundaries for a tool 
like ESTAT. While we may focus on developing and designing new and better 
methods for visualizing spatial data, we have yet to seriously tackle the task of 
enabling the easy creation of multivariate spatial data. Research funding 
traditionally focuses on the former and rarely supports the latter. During task 
analysis sessions in December, several users wondered aloud about the difficulty of 
creating data for ESTAT. Most of them assumed it would be an especially difficult 
task considering the complicated dynamic visualizations they were working with.  

 
The development of web based data warehouses and lightweight assembly 

interfaces to access them will likely alleviate this problem, and indeed, NCI is 
working on this kind of tool now for their users who work with ESRI GIS software. 
Ideally, geovisualization toolkits should leverage this development and re-deploy 
these existing tools in their customized data import/creation devices. 

 
User Education 

 
Finally, user education and training are major hurdles to overcome before these 

tools become widely adopted. Geovisualization toolkits should feature on-demand 
interactive walkthroughs to introduce new users to geovisual exploration and 
analysis. Interactive geovisualization tools do not behave like static methods that 
most analysts are accustomed to. They are sometimes overwhelmingly active, and 
often contain new windows on data visualization that need to be fully explained 
before they are used. Documentation in the form of help files can alleviate this to 
some extent, but interactive walkthroughs are needed to show users how 
exploration and analysis occurs with geovisualization tools. The PCP is the 
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exemplary case here, as very few of the users across the range of assessments 
reported here had a solid understanding of what a PCP was or how it functioned. 
Not only do methods like these need to be disseminated more effectively, their 
practical use should be more clearly outlined if we are expecting busy analysts to 
alter their current workflow to accept geovisual tools.  
 
Other Factors 
 

Geovisualization design efforts must take into account the total range of other 
external factors that may influence the situation in which a toolkit will be used. The 
two most commonly mentioned externalities have been described, but over the 
course of each of the evaluation activities, users identified several other important 
issues. A few users mentioned that the validity of so-called ecological studies was a 
contentious issue among epidemiologists. Apparently, some epidemiologists believe 
it is impossible to mathematically control for the complexity of the environment, 
and therefore impossible to conduct meaningful structured studies of environmental 
(and spatial) phenomena. Another external concern was that users outside of major 
agencies would have insufficient access to technical support and infrastructure in 
order to make use of applications like ESTAT. This will be an important 
consideration as ESTAT matures and is distributed publicly to health analysts in 
state and local agencies. Finally, a small group of users during the focus group in 
December revealed that in their experience, new tools and methods are often 
handed down from their superiors. They suggested that for ESTAT to become 
widely adopted at NCI, it would need to be strongly encouraged by their 
supervisors. The merits of a toolkit like ESTAT must therefore be obvious to 
decision makers who hold major influence over the adoption of new methods.  

Discussion 

The preceding sections describe a design framework and associated 
recommendations to guide user-centered design of exploratory geovisual tools that 
can support epidemiological work. This framework can serve in multiple positions 
throughout the user-centered design process. During the work analysis stage, a set 
of considerations and recommendations like those I present here are worthwhile 
starting points for the design of an exploratory geovisualization toolkit. While there 
are many useful design guidelines in HCI and interface design literature, there is a 
distinct lack of guidance for the development of visual exploratory tools. The need 
for special guidelines for geovisualization tools exists because we are attempting to 
create visual representations that are themselves interfaces to data and include 
methods for carrying out ill-structured tasks such as hypothesis generation. 
Existing HCI design guidelines focus on refining processes to accomplish structured 
and predictable tasks. This challenge is described by Muntz et al. (2003) as the 
development of human-information interaction. Human-information interaction 
moves beyond the interface of humans and computers, and instead focuses on how 
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people use, acquire, and understand geospatial information itself, not on how 
people interact with computers to use, acquire, and understand geospatial 
information.  

 
The findings in my framework are derived from a single, long term study in a 

specific context of use. While this may limit their transferability, many of the results 
I derived appear to be good candidates for general guidelines. Further research is 
of course necessary in order to confirm/counter that assertion. An obvious future 
application of this method is to undertake a similar set of evaluations in a different 
context of use, such as collaborative geovisualization tools for crisis management, 
and compare the guidelines that emerge. Also, the design framework could be 
applied in the public health domain to determine whether or not it decreases the 
number of iterations in the design process before tools are usable and ready for 
real-world applications.
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Chapter 6 
 

Conclusions and Future Directions 

Summary of Findings 

This thesis focuses on the problem of design for exploratory spatial analysis 
applications in epidemiology. I have conducted a series of knowledge elicitation and 
task analysis activities targeted at understanding requirements for and applications 
of exploratory spatial analysis tools in epidemiology. The results of these efforts 
were used to iteratively refine ESTAT and to inform the development of a 
geovisualization design framework. This framework outlines recommendations and 
considerations for the development of a geovisualization toolkit that supports 
epidemiology. The primary findings of my research informed the development of 
this design framework. Recommendations and considerations are presented that 
answer each of the four primary questions this research was designed to address. 
The structure I have built is also an important step in the direction of a contextual 
design methodology for exploratory tools. The framework I have created can now 
guide decisions about what will be incorporated into the next generation version of 
ESTAT, and many of the recommendations and considerations I have outlined will 
find their way into other geovisualization applications built by the GeoVISTA Center.  

 
The framework I have devised lays out four major areas that designers must 

examine carefully through iterative evaluation. It is one step forward toward 
specific design strategies for exploratory geovisualization toolkits. It is also an 
adaptable structure for other specific contexts of use, and is tailored specifically 
toward the goal of situating tools in reality as much as it focuses on shaping them 
for effective and efficient use. The combination of knowledge elicitation methods I 
used is one approach toward filling in the gaps between each of the four major 
areas in this framework.   

 
In general, the health analysts I have worked with during the course of this 

research are enthusiastic about adopting exploratory geovisualization tools in their 
daily work. The map and scatterplot tools were more immediately understandable 
than the PCP or Time Series graphs, and I have outlined specific aspects of these 
tools that make them more or less usable. The PCP is not a familiar tool, and will 
require training before users are able to adopt it easily. The initial ESTAT time 
series graph was not built to resemble time series graphs in common use, and 
users found it hard to understand as a result. During the case study collaboration, 
ESTAT was effective at augmenting the results of a traditional epidemiological 
analysis with visual results. What remains to be seen is whether or not, in 
uncontrolled situations, ESTAT or tools like it can facilitate meaningful exploration 
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for epidemiologists. Determining what is meaningful will be a challenge, but one 
way to evaluate that would be simply to ask users after they have worked with the 
tools whether or not they are positively impacting their work.   

 
Where ESTAT fits into daily work is another matter – there is a strong need for 

geovisualizations to be shareable and efficiently linked to traditional analysis and 
communication of results. For the most part, adding simple functions such as 
screen export capabilities and portable projects will fulfill this need. However, it is 
worthwhile to consider how we can capture interaction in such a way that people 
can then share it after exploration to see how a particular result has been 
generated.  

 
One major finding of my research is that current methods of geovisualization 

need to incorporate a greater emphasis on the data loading and selection stage of 
analysis. Ideally, a visual method will facilitate this task and render it more 
reasonable for analysts who wish to wade through multivariate datasets. For many 
of the users I observed, the data selection stage was something that reappeared 
repeatedly during exploration and analysis. It is almost never a one-time task, and 
analysts need tools to help them filter out variables that are related to one another 
before they begin close examination. Tools to deal with data need to be as 
pervasive in the application as those we are using currently to visualize variables. 
Our work to refine the interface of the data loader was worthwhile, but the constant 
need to re-examine the variables available and visualize their relationships in 
groups demands a full-fledged visual data selection tool to handle these issues.  

 
Another thing I have found is that there exists a great need for user education, 

both in the form of active training and passive features in the software. 
Epidemiology experts are very careful to make sure they understand precisely what 
they see in a geovisualization, and they demand as much knowledge about the 
methods that are used to visualize as they do with the statistics that are applied in 
more traditional health analyses. Most users asked me technical questions during 
some portion of our work together, and nearly all of them wished for integrated 
help documentation in ESTAT. Without these aids, it is hard to imagine rapid 
adoption of exploratory geovisualization techniques by any but the most technically 
savvy health analysts. For those who work at NCI, it may be reasonable to have 
direct assistance from a technology expert. For public health experts in state 
agencies and cancer registries, this is probably impractical.  

 
Finally, it appears that the motivation for this research is valid. Epidemiologists 

are in fact in need of new ways to look at and explore spatial data. The debate 
users had at NCI in December of 2004 over the spatial aspects of ESTAT confirm 
that for most users, the support that ESTAT has for spatial exploration and analysis 
provides something they can not get with other software. Most epidemiological 
analyses rely on statistical software alone, and adding references to geography is 
something that often happens afterward when results are summarized. While the 
integration of geographic information into the exploratory component of health 
analysis is still relatively uncommon (especially as commercial tools have limited 
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capability to do so), the geographic analysis ability that ESTAT provides was well 
received by the virtually all of the eighteen users I worked with during the course of 
this research. Commercial GIS cannot easily replicate the dynamic geovisualization 
in ESTAT, and in general, users were very excited about geographic tools that did 
not require much GIS technical expertise to use. ESTAT meets that challenge to 
some extent at the moment, and incorporating the ideas outlined in the design 
framework presented in chapter five should move it well within that realm.  

Limitations 

There are a few factors that may limit the results I have reported in this thesis. 
First, the tools I have focused my attention on evaluating are components of the 
GeoVISTA Studio open-source application environment. Each tool (e.g. scatterplot, 
bivariate map, PCP) is in fact an independent Java Bean that could be used in other 
geovisualization applications in a plug-and-play environment. This means that there 
is a constant need during development to ensure that each tool is generic in the 
sense that it can communicate and coordinate with all other tools in GeoVISTA 
Studio.  During design and development, this often means that rather than 
designing for a very specific context of use, we try to find solutions that are 
reconfigurable to other situations. For that reason, the individual tools in ESTAT 
often appear to users to be quite separate items, because in fact they are. For the 
most part, the PCP and Time Series tools, in addition to the code that “wraps” and 
coordinates the application were the pieces I had influence over during this 
research. This is simply an artifact of the interchangeable object-oriented design 
philosophy that drives all development for GeoVISTA Studio.  

 
It is also worth mentioning my personal involvement in this research. I have 

participated in, and in most cases led the evaluation activities I have described. At 
the same time, I was working on re-designing ESTAT for epidemiology. Often this 
situation is less than desirable for user studies because it can introduce bias. In my 
case it seemed reasonable to lead evaluations and work on design efforts because I 
was trying to develop in-depth knowledge of the problem situation. Additionally, for 
much of this research I was the only person specifically working on user-centered 
design issues.  

 
Finally, the epidemiologists I worked with in this process were all from the 

National Cancer Institute, save for Dr. Lengerich from the Penn State Hershey 
Medical Center. In all cases these participants were focused on public health issues. 
I did not work with or evaluate the opinions of epidemiologists who work with 
localized disease surveillance. In most cases, my participants were interested in 
issues related to health care access, socioeconomic impacts on outcomes, and other 
ecological studies. They were not focused on small-scale disease outbreaks or 
monitoring of health data to watch for such things. With all of this in mind, the 
results I report are really most applicable in public health surveillance situations, 
and are based almost entirely on users from one major federal agency. 
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Moving Forward 

The most obvious next step is to integrate the ideas and recommendations 
outlined in the proposed design framework into ESTAT and work through another 
series of assessment activities. Ultimately, the goal will be to transition into 
summative evaluations where the utility of ESTAT is compared to other methods 
that epidemiologists use currently to explore their data. At that time, the research 
questions will shift focus from design-related issues to those that deal with 
comparative utility and usability. The challenge of summative evaluations with 
exploratory tools will be to develop summative methods that work within the 
intricate confines of tasks that deal with hypothesis generation and modification. 
Currently, summative methods focus most attention on measures of performance, 
and it remains difficult to calculate performance during exploratory work.  

 
The videos gathered during the in-depth task analysis sessions are examined 

only partially in the research reported here. Mouse-interactions captured on video 
were not fully coded or examined, and it would be worthwhile to mine this valuable 
resource. Also, many qualitative analyses of verbal protocol data involve the 
application of computer-supported coding and concept mapping tools, such as 
AtlasTi and NVivo. The video transcripts could be imported into one of these 
applications to see what results could be found through automated or semi-
structured means.  

 
Also, it would make sense to expand the pool of users to include people who 

work in agencies outside of NCI, especially epidemiologists who work at state 
health departments, as our colleagues at NCI often mention this audience as a 
primary consumer of the software they distribute. Devising usable and intuitive 
designs will probably be an even greater concern for this audience, as they will in 
general have limited or no access to personal technical support. An exploratory 
toolkit that is successful in meeting this need would represent an accessible, free 
alternative to expensive commercial GIS.   

 
In order to evaluate the design methodology proposed here, it is important to 

move beyond the single example of ESTAT and compare other exploratory 
geovisualization tools in different contexts of use. This could be accomplished in 
part by applying the design methodology described here for a different context of 
use and a different geovisualization toolkit. The aim of this kind of research would 
be toward developing a more robust theory of user-centered design for exploratory 
geovisualization tools. The design framework that results from a different 
application of this methodology could be compared to the one reported here. 
Common elements could then be identified and grouped into a more generalized 
design methodology for geovisualization tools. This sort of theoretical basis is 
necessary if we wish to effectively translate geographic visualization systems over 
to users in other domains. 
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Appendix A 
 

ESTAT Task Analysis Directions 

 
At this time, I would like you to work through two tasks using ESTAT. While you are working on 
these two tasks, I will ask you to verbalize the things you’re thinking while you interact with the 
software. Before we start, I’ll give you an example task (something very simple) and you will 
have the opportunity to practice ‘thinking aloud’ before we start working through the real tasks.  

 
The idea here is that we’ll have a conversation as you work through each task, with you as the 
primary speaker and me as the primary listener. I may prompt you from time to time to explain 
something further or just to keep talking, but you should not wait for me to prompt before saying 
what comes to mind as you work.  

 
Feel free to ask for technical assistance when necessary – the goal is for you to simulate actual 
work using these tools as much as possible, and it is important that you’re able to explore most 
of the major functions of ESTAT.  

 
We will take around 45 minutes for each task. 

 
 
Task One: 
 
Launch ESTAT by double-clicking the icon on the center of your desktop by the same name.  
 
Once the application has loaded, maximize the screen so that you have as much room to work 
around as possible.  
 
Now, click the folder icon in the upper left corner and begin working. Your first task is to load the 
existing project called “Task One.” Work your way through the Wizard, accepting the defaults 
until you reach the ‘Select Data For Analysis’ screen.  
 
Use the tools available to select: 
All of the lung cancer outcome data as well as another outcome data of your choice. 
All of the environmental covariates. 
Several of the available socioeconomic covariates; pick any that you think might be related to 
the outcomes. 
 
When you’ve completed this task, click “Finish.” 
 
Now, I’d like you to work with this data under the assumption that there may be a relationship 
between lung cancer mortality and mean annual precipitation. 
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This is your hypothesis, and I’d like you to explore this idea further – try to support it, refute it, 
or modify the assumption – it’s up to you!  

 
Feel free to go back and modify the data you’ve chosen to view by repeating the steps you took 
when this task began.  
 
Task Two: 
  
During the first problem I structured things quite a bit for you – and what I’d like to do now is let 
you more accurately simulate the kind of exploration and analysis you might do on your own as 
part of your daily work. 

 
To that end I have created a dataset covering all counties in the states of Pennsylvania, West 
Virginia, and Kentucky. I have included outcome data for the incidence of ascending and 
descending colon cancer in this region, corresponding time series data, and various 
socioeconomic and behavioral covariates.  

 
Now I would like you to open the existing project called “Task Two” and select a set of variables 
that you are interested in exploring further. While you’re doing this, I’ll ask you to talk as you 
work (as before), focusing on how you refine and explore a hypothesis.  

 
So for this task, select outcomes and covariates that *you* would like to explore further 
using ESTAT. Feel free to explore a hypothesis you already have – explore the data to 
create a new hypothesis.
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Appendix B 
 

ESTAT Focus Group Questions 

1. Are geovisualization tools useful for your kind of work?  What, if anything, would you 
change about the way they are in ESTAT currently? 

 

2. Describe a scenario in which geovisualization tools would help you work… (prompt to 
describe what could be different to make them fit more appropriately if needed) 

 

3. What tools do you use now to explore data?  
 

4. What tools do you use now to confirm your results? 
 

5. Describe how you would use a geovisualization toolkit to explore data with a focus on 
creating a new hypothesis or selecting variables to use in subsequent analysis. (prompt to 
talk about data, research priorities, and methodology choices) 
 

6. Describe how you would use a geovisualization toolkit to help confirm an 
epidemiological hypothesis. (prompt to talk about data, research priorities, and 
methodology choices – also prompt to talk about what features are required to support the 
confirmation step that are not required to support exploration.) 

 

7. What are the strengths and weaknesses of the software tools you use for data exploration 
and analysis? What do you think about the interfaces you use regularly? (prompt if both 
strengths and weaknesses aren’t addressed) 

 
 

8. In your organization, can you imagine any potential difficulties in adopting geovisual 
analysis methods? 

 

9. How do you share the results of your work – do you use graphs, maps, tables … if so 
how do you generate them? 



 

Appendix C 
 

Coded Transcript for Participant #1 

Coding Scheme:  

Red = Tool-related Comment 

Green = Application-related Comment 

Purple = Statements made during Analysis 

Blue = Relevant Externality 

All uncolored text = Unrelated statements 

< > = Coder Comments on Interactions 

( ) = Statements by Facilitator 

____________________________________________ 

START OF TASK ONE FOR PARTICIPANT #1 

I think this is already up right.. 

Okay.. 

Load an existing project..? 

These are all the files..? 

Okay.. okay.. lung cancer data and other data of my choice..  

Alright so I have to go through this list… 

All lung cancer data and all of the environmental covariates, which are different   

from the agricultural covariates I guess.. 

These icons? Oh.. Sort.. Description.. 

Oh.. I have to go back and.. 

Okay.. that makes it easier I think <talking about sorting icons> 

Alright so.. so we’re gonna choose lung cancer outcomes right? Lung male and 

female.. 

 (you can control click) 

Control click, right.. 

All of the environmental.. I’m assuming that these are correct.. I don’t have to hunt 

for any others.  

And socioeconomic variables of my choice I guess. 

 (so tell me what you’re thinking) 
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Well.. um. These are pretty straightforward <looking at socioeconomic covariates>.. 

I just don’t know where the coefficient of income inequality.. where that’s from.  

Oh.. well I lost that.. <lost selections because she clicked without holding control 

key> 

 (tells her to check out rollover metadata descriptions) 

Okay.. zero is all the same, one is different incomes.. okay, well.. I don’t know that 

that would tell me a whole lot <laughs>, so I don’t think I’m gonna choose that.  

I guess the others <loses selections again>. 

I have the others already moved over?  

 (no.. you have to use the middle button) 

Oh.. okay, alright. Like that. We’ll do that.  

And then the others.. have to go back.  

 (you can shift click and grab a bunch) 

That’s okay.. almost there. 

Alright, and then the lung cancer. <selects outcomes> 

I think I’m finished here. <clicks finish button to load> 

Okay. “There may be a relationship between lung cancer mortality and mean annual 

precipitation.” Alright. <reads aloud from task analysis sheet> 

Okay, well.. this shows me..  

 (tells her that the default variables selected aren’t really meaningful) 

Okay.. right. <mumbles as she selects variables> 

 (you can scroll down those lists) 

Oh, I see.. it’s graphing the one against the other..  

 (it’s a scatterplot)  

right.. 

Oh, here’s my other.. I have all these other, oh there’s lung. Lung for males.  

Mean annual precipitation. Okay. 

Um. <laughs> It’s a… there’s a nice straight line through all of that <laughs>. Gee 

there may be something there, I wonder if it’s the same for females. Um. Not as 

strong I guess. Yeah it’s a little stronger for males. Okay. 

<selects variables on the map to correspond with the scatter plot> 

Okay so we’re looking.. um.. for this one I guess we’re looking at county data on the 

map for lung cancer and precipitation. Um. But I’m not sure.. these are raw 

quantiles.. so five I guess.. five cutpoints?  

 (explains that there are 3 right now, how to change them). 
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Okay.. so these are tertiles? Okay.. <types class # in box> …just to see how it 

changes.  

(tells her to hit enter to make it ‘take’)  

Okay.. oh I see.  

 (tells her she can make windows larger) 

Do these sliders work <referring to color ramps>?  

 (explains to her what they are and about how anchor points work) 

Okay.. so I’m trying to.. I’ll talk out loud to try and interpret the map. 

Where it’s darker purple the lung cancer rates are..  I guess higher? And where it’s 

darker green the precipitation is higher. Hmm. So.. And I guess in the middle there’s 

sort of mixed proportions of precipitation and lung cancer where the colors aren’t as 

sharp.. sort of muddled.  

 (explains that the top corner is highest in both)  

For both.. right. 

So we’re looking for almost a grey.. kinda, between the green and the purple for 

highest for both.  

And there’s not a whole lot of the United States that looks like that to me.. well there 

could be some in the south along the Mississippi and northern Florida and the coast.. 

and then Maine sort of for some reason. But the rest not really because it’s either 

green which is high for precipitation or fairly purple which is higher for lung cancer.. 

and out there’s..  we know it’s dry <mousing over southwest>.  

So I wouldn’t say there’s a connection based on the map.. it’s quite different from 

the correlation I mean.. at least for the men it was a little stronger and I’m looking 

at men here on the map anyway. So that changes my interpretation on the national 

scale <laughs> if we’re just looking at the correlation, but anyway. 

And uh.. you want me to look at the PCP?  

 (did you use ESTAT beforehand?) 

No.. I had a little trouble loading the data originally. I had some help from Dave, 

but..  

 (tells her how she could make selections in ESTAT to look at multiple views at once) 

So from this correlation I can go down and..  

 (and then those counties are highlighted) 

Oh.. right.  

 (but right now you’re looking at female in one and male in the other) 

Oh.. that won’t work. I’ll go back and make this male.  
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I don’t know what I did here.. it looks different.. it looks different than the graph I 

got before.  

(explains that selection has been kept, and how to change that) 

Oh.. okay. Alright. 

I wanna draw a box over the points <picks the top quantile in the scatterplot>. So 

now I wanna look at those counties.  

 (prompts her to try resizing the map to better view the counties – the outlines are in 

the way of viewing the selection) 

Oh, on the map part? Okay..  

 (teaches her how to use the home icon to fit the map to the window) 

Mmmhmm.. right. Okay.  

Well <laughs>. That’s sorta what I was saying, although you know I guess I clicked 

on the much more highly correlated counties in lung cancer or with precipitation. But 

it its.. so it’s there but it’s not as much as I thought it was from the other map.  

Okay. Alright.  

 (explains that the selection has gone to the PCP as well) 

<clicks on scroll bar many times to try and move the view of the PCP variables> 

There are all the.. it’s all the variables I guess. The environmental and everything.  

 (so what comes to mind when you see all of that) 

Well I’m not sure how to make sense of it.. I.. I would.. lung cancer comes in at the 

end and I guess that’s because of the way I entered them in or something. It’s some 

kind of an order. Um.  

Those are..  

 (explains how to sort variables in PCP) 

Okay.. this just lets me reorder them. <uses location panel in PCP properties pane> 

So I guess female lung cancer went.. somewhere else.. <looks for variable in list> 

<hunts for changes in PCP> 

 (explains that it should be at the other side now because she moved it to the top of 

the list) 

And precipitation is.. not in here? 

<looks for precipitation> 

 (explains that it’s back at the end) 

Okay, <sighs, opens property panel again>. I forgot how I move…  

 (explains where to find the controls again) 
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Okay. So these are lung cancer rates and precipitation.. which is.. <mouses over 

PCP>  

 (explains that selections can happen in PCP too)  

Mmmhmmm..  

 (explains correlation button to show values between axes). 

I can overlay within the axes <brushes over PCP> and see which state I’m looking 

at.  

 (explains that it should show county name, but doesn’t because of a bug). 

Okay.. alright. Um. I’m not sure where to go after this. Not sure what you want me 

to look at.  

 (try dragging the precipitation axis to the middle of those two lung cancer variables, 

click on the yellow box and scoot that axis over) 

 (now you’ve got precipitation in the middle, and that’s one way you can look at it in 

the PCP) 

Yeah.. that’s better. A better way of.. I was trying to do something like that. I 

wanted to get them together <laughs>.  

 (what were you thinking of?)  

Well I was thinking of a way to try to make more sense out of this since I’ve seen 

this in demonstration but I haven’t ever used it.. it’s a lot of information so I was 

trying to.. think of how to manage it I suppose.  

 (since you haven’t used this before, you may want to try the summary lines – 

explains where these are and what they do) 

Okay.. <rolls over category summary lines> And the green ones?  

 (those are the medians of each variable).  

Okay..  

 (so what you may want to do is select somewhere either on the map or the 

scatterplot and get the full map back again and then iterate through those median 

lines) 

Okay.. <draws box off the scatterplot to reset things in scatterplot/map/pcp> 

And iterate on the map?  

 (explains that you can use the PCP with the category lines to do this) 

 (so what are some other factors you’d want to look at to examine lung cancer and 

precipitation) 

I wanna go back to the correlation.. just to look at the.. choices of <iterates 

variables in scatterplot> I don’t think I would choose some of these other chemicals 
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necessarily <referring to EPA emissions variables>. Could look at humidity.. hmm.. 

okay so that updated itself.  

I have to choose that.. <selects same variables in map>.. there, so they have the 

same variables.  

That’s not as strong as um.. precipitation.. <laughs> I guess. And over here.. you 

can <moves PCP>. You can move humidity in the middle of <launches properties 

panel and location page to resort the variables.. has trouble finding humidity 

variable> Okay, I thought it was there.. I missed it.  

Okay.. well. Hmm.. it. I’m sorta.. I mean.. you can see the relationship as you sorta 

move through this.. but I am..  

I don’t know.. for actual, for making a decision about whether two things are related, 

I’m more comfortable looking at this correlation or the map. Um.  

Okay.. I’ll change it to females <changes scatterplot/map variables>.. they have 

even less correlation.. and the map is.. you can just look at it and see that it’s 

mostly purple or mostly green depending on where it is.  

Okay..  

 (are there things that would help you have more confidence in what you see on the 

PCP?) 

Yeah.. it’s something that I have to use a few more times I guess. I mean I don’t 

know if you’re talking about putting in more statistics or.. variance or something like 

that but.. yeah.  

 (so more mathematical description of what you’re seeing?) 

Yeah.. it would be useful.. because.. depending on the size of the analysis or what I 

was talking about I may choose to have the data in a different statistical program to 

give me some other indicators.  

 (like what program?) 

Well.. I use SAS, but this week I discovered S-plus through some of our other 

statisticians.. because it’s a little easier to manipulate. It also has its own plots that 

um are easier to use.. and they come out better.  

 (so what sort of descriptive stats would you need?) 

Oh.. well, um.. I mean we do have these.. these <rolls over points in scatterplot> 

are actually identified and sometimes we talk about the variance of which of these 

points would have a smaller variance and more likely to drive the association with 

the line you know.. in relation to the line that would be helpful.  To see which points 

have more influence.. and that’s about it I suppose.  
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END OF TASK ONE FOR PARTICIPANT #1 

 

START OF TASK TWO FOR PARTICIPANT #1 

 

Alright.. um.. so.. Pennsylvania, West Virginia, Kentucky <reads from task sheet>..  

 (this is all colon cancer incidence data). 

Okay.. 

Okay, so I’ll just select different variables that I’m interested in.  

 (prompts her to deselect the selections saved in the project previously) 

 (explains that using the sorting icons might help) 

They’re uh.. by year incidence.. ascending and descending. 

 (the bottom panel there is for the time series data, the top is for everything else) 

Right.. hmm. This looks pretty complex. Alright..  

Um.. well.. let’s see what would make sense. The.. the.. the.. colon cancer data are 

from 94.. it starts in 94 and goes up to 98.. oh males and females Okay.. 

 (explains again how to use the metadata rollovers) 

Okay.. so it’s by age and sex. Alright.. so many choices for which way to look at that. 

Um.. income, unemployment.. population.. <scrolls and examines lots of the variable 

list>.. what they speak.. labor.. <still clicking>.  

 (there will also be a bunch of outcome data toward the bottom)  

Okay.. smoking.. some data on health screening..  

Okay.. well.. uh.. I couldn’t find um.. are all these data for all the states? I don’t 

have to worry about finding Pennsylvania, or west virginia, or Kentucky?  

 (no, they’re already for PA, WV, and KY)  

Okay.. alright.. 

Well.. mmm.. okay, well.. I.. I like to make things simple I guess. All races, both 

sexes for ascending 94.. can I just pick one.. well..  

 (for the time series..?)  

Yeah I guess you need a continuum.  

 (if you just want ascending/all/all, you can grab those top ones there)  

Yeah.. alright, I want to do that. <clicks and selects those variables>  

 (and then find the descending ones if you like) 

Okay.. alright. I’ll go back and.. unemployment wouldn’t make sense until.. early 

90’s.  
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 (why not?)  

Well I mean.. there’s.. you have disease rates from 94-98.. yeah but you wouldn’t 

want to look at unemployment from 2000.. but you could pick from more than one of 

those, right?  

 (yeah..) 

<selecting variables> 

 (explains again how to use sorting and promotion icons) 

Oh.. okay.. oops.. 

 (by default it highlights everything in that category) 

Okay.. I see.. So I see the other little variations of.. okay.. right. 

Oh.. I didn’t want the 2000’s so.. <loses selection at this point because she clicks on 

one she doesn’t want> 

 (ctrl-click on any of those two things and you can remove them) 

Oops.. <repeats promotion action again..> 

We’ll do health screening.. oh.. I guess I already grabbed those or something  <sees 

that her selection is mostly grayed out> 

 (well, that’s a bug, I think)  

See I was looking at.. I had my outcomes for in a general sense.. I didn’t split out 

the race and gender so I don’t think I’m going to do..  

 (you also might wanna select outcome data for the primary data as well.. explains 

about difference between time series and primary data) 

Okay.. alright.. general outcomes..  

I think just those are the ones..  

<checking her data selections, promoting/sorting variables> 

The all ages all races… both descending and ascending. Alright.. okay.. yeah.. this is 

useful the way this is.. it’s helping me think about it better. 

<using the category promotion tools> 

Are these.. um.. okay.. smoking is only in the behavioral..  

 (those categories are things you can change in the metadata) 

Okay..  

Socioeconomic.. 

Okay.. well.. I have a ton of variables..  

 (if you want to move some back you can) 

Right.. okay..  

Well.. let’s see what I have here.  
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<ESTAT is buggy with refreshing – takes too long, doesn’t show progress, and 

doesn’t finish correctly> 

 (go ahead and click on that map) 

 (click on the little home icon in the map) 

Okay.. good, thank you. 

 (sometimes it’s a little slow when going from one dataset to another) 

Alrighty.. back to the problem I guess. 

Hmm. 

(this is one that you come up with.. so) 

I can just come up with it.. okay..  

 (you can tell me what you’re thinking while you’re doing that) 

Okay.. <laughs> 

<explores variables in scatterplot lists> 

 (explains where outcomes are) 

Okay.. I couldn’t remember..  

 (they begin with R) 

Okay.. yeah..  

Ascending.. and.. let’s look at hospitals. Hmm. Negative correlation. 

<selects descending> 

Descending.. okay.. 

Okay.. we’ve got a negative correlation with those.. okay, so.. it’s.. slight positive 

correlation with 94 income for descending.. and ascending..  

<starts using map to look at same pairings> 

 (explains that classification behavior hasn’t changed since task 1 – her choices are 

still there) 

Hmm.. so.. high income.. and high ascending is.. is kinda gray colored.. um.. let’s 

see where the rates are highest with low income I guess.. is um.. sort of in Eastern 

KY.. kinda expect that.. and parts of WV, SE PA is more affluent so..  

And I’ll look at descending.. hmm.. still the same for eastern KY.. but it’s um.. it’s a 

little different for PA.. I’m not sure.. not sure how exactly..  

 (one way you can look at the state alone it to use the category summary lines in the 

PCP) 

Okay.. that was.. this one?  

<uses time series graph to select this option> 

 (yeah.. either one of those) 
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 (it makes two lines since you have two time series variables.. if you roll over those 

lines you’ll see each state individually) 

Okay.. is this a continuation.. oh no.. that’s time series.. that’s the PCP we used 

before.. 

Okay.. let’s see.. um.. let’s see what else there is to look at. 

<returns to scatterplot> 

Can’t remember what those years.. and..  

 (that’s unemployment percentages) 

Oh okay.. right.. 

The.. these circles are clear.. and the others were filled in?  

<mousing over scatterplot> 

 (you need to select off of that because it’s still selecting off the original) 

Oh. Okay.. I thought it was a different interpretation or something.. okay.. 

Okay.. this was unemployment.. and.. there..  

<synching up map and scatterplot again> 

Okay.. um.. yeah, so you can see that.. it’s um.. the high unemployment is.. also 

found in the mountainous areas and.. um.. but here for unemployment in 90 in the 

ascending rates I guess there’s not too much of an overlap maybe… maybe the 

unemployment for that time is too far in advance of the cancer.. not sure if we can.. 

and the correlation’s not very great.. so that’s probably not the best thing to look at. 

<selects hospital variables in both map and scatterplot> 

<resets plot after errant mouseover on time series causes only one state to 

highlight> 

Hmm.. yeah.. you can sorta see that in the map even that the correlation’s not very 

strong.. at least, I guess this is number of hospitals? Or.. 

 (yeah, hospitals per 1000 persons) 

Uh huh.. okay..  

<selects small region in upper right quad of scatterplot> 

<selects small region in lower quad of scatterplot> 

Okay.. I was looking at the most and least associated places for that.. um.. the first 

one was sorta more around the university towns where they’d have.. have hospitals 

and these are.. this is more spread out I guess. The.. the.. lower numbers of 

hospitals and the lower rate of descending.. 

Okay.. 

<changes variables again> 
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Percent poor.. and distant colon cancer.. oops.. need to reset that.  

<resets using scatterplot> 

Okay.. so.. we’re having higher numbers of poor through the mountainous states 

again.. but the concentration here is.. it’s not as widespread for.. for having a higher 

level of poverty and.. a higher level of disease.  

<examining map> 

Okay.. that’s more distinct..  

<mouses over time series> 

This is reset too?  

 (that’s still doing the category lines.. so it’s summarizing those states when you roll 

over) 

 (explains how to turn that off) 

Okay..  

<turns off summary lines, resets using scatterplot> 

<selects obesity variable in scatterplot> 

Hmm.. oh those must be BMI for the obesity <laughs>.. it doesn’t look natural 

<laughs>. 

 (yeah, those are categories.. anytime you have categories it won’t look quite 

normal) 

Okay.. this is pretty much spread all over.. um.. yeah.. it’s kinda flat.. a flat 

association. 

Okay.. well, I’m not sure how much more you want me to talk about here.. 

 (well.. what has been driving this exploration you just did?) 

Well.. I was trying to make sense of any um.. I guess risk factors or predictor 

variables with the outcome and then at least for the hospitalization information and 

the unemployment and all that I was trying to keep in mind when the rates when the 

outcomes were being tallied.. so I was trying to keep all that in mind.. um.. but..  

 (Okay.. thanks a lot!) 

 

 END OF TASK TWO FOR PARTICIPANT #1 
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