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1 INTRODUCTION  

 Current ecological problems, such as environmental change, drive researchers to look 

outside their normal, discipline-oriented boundaries to understand how their particular model, 

process or system might interact with other models and systems. Technical innovations 

developed by computer science and engineering research provide not only the hardware (sensor 

tools, processing capability of computers), but also the software, for dealing with such problems 

(Keim, Kohlhammer, Ellis, & Mansmann, 2010). Using technology, researchers learn, observe, 

and come to conclusions differently than they might have before, and new practices emerge with 

technical innovation, especially with the “deluge” of data available for analysis. Some observers 

have labeled this the eScience paradigm (Figure 1) and suggested it may lead to the “end of 

theory”, where data mining will be just as important as hypothesis testing (Anderson, 2008). 

That said, the amount of data collected by sensors is outpacing the ability of scientists to crunch 

it, so will scientists be able to increase their understanding and use of that data? Will innovation 

lead to insight into contemporary problems? 
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Figure 1: Lecture slide from Jim Gray, Microsoft, on the different paradigms in research science 
methods (Hey et al., 2009). The “eScience” paradigm includes not only simulating complex 

phenomena, but also vast amounts and types of data on powerful computers. 
  

 Questions still remain about how to take full advantage of opportunities as 

conceptualized in the eScience paradigm.  For example, one tool for accessing the value in big 

data is the use of data visualization and visual analytics (Thomas & Cook, 2005). Visualization 

deeply compresses data and exploits the ability of human vision to detect patterns quickly in the 

data. In this dissertation, I explore the benefits and limitations of visualization use by presenting 

a case study of the VISTAS (VISualization of Terrestrial and Aquatic Systems) project, a 

university research collaboration of scientists and computer scientists funded by the National 

Science Foundation (NSF). I ask:  

  • How and why do VISTAS scientists intend to use visualization?  
  • What are the benefits and the limitations of visualization? 

• How does a problem-driven study like VISTAS affect visualization design and 
evaluation? 

 

xviii

eSCIENCE: WHAT IS IT?

eScience is where “IT meets scientists.” Researchers are using many different meth-
ods to collect or generate data—from sensors and CCDs to supercomputers and 
particle colliders. When the data finally shows up in your computer, what do 
you do with all this information that is now in your digital shoebox? People are 
continually seeking me out and saying, “Help! I’ve got all this data. What am I 
supposed to do with it? My Excel spreadsheets are getting out of hand!” So what 
comes next? What happens when you have 10,000 Excel spreadsheets, each with 
50 workbooks in them? Okay, so I have been systematically naming them, but now 
what do I do? 

SCIENCE PARADIGMS

I show this slide [Figure 1] every time I talk. I think it is fair to say that this insight 
dawned on me in a CSTB study of computing futures. We said, “Look, computa-
tional science is a third leg.” Originally, there was just experimental science, and 
then there was theoretical science, with Kepler’s Laws, Newton’s Laws of Motion, 
Maxwell’s equations, and so on. Then, for many problems, the theoretical mod-
els grew too complicated to solve analytically, and people had to start simulating. 
These simulations have carried us through much of the last half of the last millen-
nium. At this point, these simulations are generating a whole lot of data, along with 
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VISTAS’ environmental science research aims to visualize models that simulate the 

cycling and transport of water and nutrients as a first step towards achieving science goals—

inquiries similar to other environmental science grand challenges. The goal of the project is to 

“build capacity to transform environmental science research through the research, development 

and validation of visual analytics—so scientists can better understand and communicate the 

environmental science Grand Challenges that span spatial and temporal scales” (Project 

narrative). Table 1 contains the three objectives of the VISTAS project. 

Table 1: Objectives as printed in the original research proposal (2011). 
Objective 1 
(EcoInformatics) 
Computer 
Science 
Research and 
Development  

Conduct ecology informatics and computing research to enable the visual 
analytics of environmental science models and data, iteratively co-
developing a proof of concept tool: VISualization of Terrestrial-Aquatic 
Systems (VISTAS) with environmental scientists. Outcomes: (1) VISTAS, 
and (2) technology transfer (to help assure eventual sustainability) of 
EcoInformatics and computing methodology and research that assure 
usability and system integrity. 

Objective 2 
Environmental 
Science Inquiry 
 

Conduct environmental science (ES) research using VISTAS jointly with 
close collaborators, and study VISTAS’ extensibility by developing visual 
analytics for other ES problems (Case Studies) and seeking feedback from 
a wider variety of stakeholders. Outcomes: (1) new visualizations applied 
to climate change problems, and (2) published environmental science 
research that uses VISTAS. 

Objective 3 
Social Science 
Inquiry 

Study and improve VISTAS’ co-development process, visual analytics, and 
usability. Outcomes: (1) an improved VISTAS; (2) understanding of which 
visual analytics work and why; (3) best practices for engineering complex 
scientific systems; (4) determination of prerequisite knowledge and skills 
for co-developers; (5) process for studying co-development of scientific 
visualizations and software. 

 

The end users of the VISTAS software tool are the ecologists from the fields of 

biogeochemistry, micrometeorology, and environmental engineering, where visualization might 

be used for understanding ecological processes across spatial and temporal scales and systems. 

Technologies, while ubiquitous, are neither generalized nor streamlined for processing and 

visualizing data, so that while visualization continue to be prevalent in scientific research, it 
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seems that we are only beginning to innovate processes and tools for some of the proposed goals.  

A proposition central to the VISTAS project used for framing this case study inquiry is 

that visualization tools will increase the ability of scientists to analyze data at multiple spatial 

and temporal scales; to gain insight into more complex problems spanning coupled human and 

natural systems; and to deal with new challenges and opportunities presented by data. Through 

its software development, the VISTAS research and development collaborative is testing how 

visualization and visual analytics might help overcome challenges such as exploring large 

volumes of data and communicating results. I use social science methods to systematically 

explore this proposition about visualization use in ecological research, tracking the members of 

the VISTAS case study who are from diverse disciplines (ecology, computer science, and the 

social sciences) and who vary by level of experience with and use of visualization.  

Within the greater field of visualization software design and development, VISTAS is 

categorized as a problem-driven design study.  Other current visualization research is focused on 

lower-level problems (puzzles), rather than high-level problems, which drives VISTAS research. 

Many visualization design research studies are reductionistic in their understanding of problem 

solving and visualization—they evaluate visualization effectiveness task-by-task (Sedlmair et al., 

2012); whereas VISTAS aims to address both high-level and low-level problems. In this 

dissertation, I analyze how the use of visualization is being used in the process of science and to 

what extent it contributes to exploring and communicating data.  

I set the scene for this dissertation in the literature review by providing detail how current 

innovations available to research scientists present both an opportunity for and challenge to 

knowledge production. I focus on two specific topics—the problem of big data and the nature of 

current research inquiries that might benefit from the use of engineered tools. Also, I define and 
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describe visualization and visual analytics as they apply to both the problem of big data and the 

nature of current research inquiries. I define the concept of problem-driven visualization design, 

which is what the members in this case study are conducting. Then, I outline the specific 

questions this research study intends to answer, situating the questions within the current body of 

similar research inquiries. Next, I describe a survey of visualization that was conducted by a 

group of graduate students in the VISTAS project. This survey defines the state of the art in 

current visualization use and describes the context in which the VISTAS case study is situated. 

After setting the scene for the VISTAS case study, I describe the protocols and 

instruments for collecting data, which include interviews and observations. I also describe the 

participants of the VISTAS case study, as well as the within-case analysis of four subunits of 

within the study (Yin, 2014). The initial interviews with the key informants from these subunits 

established the major coding themes for further analysis of VISTAS meetings that occurred over 

the course of the VISTAS project. Findings from these interviews and meetings provide answers 

to the research questions: How and why do scientists intend to use visualization, and what are the 

benefits and limitations to visualization use? And further analysis of these findings helps answer: 

How does a problem-driven study like VISTAS affect visualization design and evaluation? 

In the discussion, I introduce a model for framing VISTAS findings, which combines 

concepts from post normal science with a current design study framework. To the extent 

possible, analytical generalizations are made in the discussion section based on answers to the 

research questions. The generalizations provide insight into how visualization affects the process 

of science and the implications of visualization use by scientists in public policy settings. The 

discussion also introduces emerging questions, as well as recommendations for the direction of 

development of the VISTAS visualization tool. The conclusions from this dissertation might be 
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used not only for the VISTAS software design and development, but also for improving the 

efficacy of technology users and the targeted use of visualization in environmental science 

research. 
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2 LITERATURE REVIEW 

Innovations present both opportunities and challenges for researchers in the fields of 

ecological sciences. Two specific topics related to these challenges and opportunities emerge in 

the literature—the problem of big data and an increase in research collaborations, which might 

both benefit from the use of visualization and visual analytics. Current research in visualization 

design defines benefits and limitations of visualization use for lower level tasks; however, 

research on use of visualization specific to solving domain problems is sparse (Meyer, Sedlmair, 

Quinan, & Munzner, 2013). The following section reviews the current literature on how and why 

scientific research might be served through use of visualization, as well as current understanding 

of the benefits and limitations of visualization.  

 

2.1 Current Research Inquiries and Applications 
 
 Contemporary research questions in ecology often frame problems within the context of 

socio-ecological systems (Walker & Salt, 2006). The socio-ecological system is understood as 

two systems that can be studied in relation to the other: (1) human systems—with all our needs, 

rights, and wants, and (2) ecological systems in which humans function—including the natural 

resources, living communities of creatures, and dynamic processes and phenomena. Scholars 

have named important human values within the socio-ecological system such as sustainability 

and resilience, especially with regards to the human impact on the natural environment, which 

has led to anthropomorphic change of natural processes and ecological communities at a large 

scale (Holling, Walker, Carpenter, & Kinzig, 2004). For example, a number of species of 

animals and plants are becoming extinct due to human development. These species are not 
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resilient to the stressors affecting them. Researchers trying to understand what leads to extinction 

might consider factors in the ecological system, as well as factors in the social system, making 

extinction potentially a socio-ecological problem.  

Policy leaders and land managers often consider both the social and the ecological system 

when making decisions about landscape management or any number of environmental problems 

such as climate change. These problems drive researchers to consider how their findings will be 

enfolded into the decision-making process. Pure science and true fact, which are pillars of the 

normal science paradigm, are debatable terms according to some (e.g., Popper, 1979). Another 

approach, what some call post-normal science, challenges the traditional assumptions that 

science is certain and value-free, which changes the role scientific and technological solutions 

might play in the decision making process (Funtowica & Ravetz, 1993). In post-normal science, 

not only the disciplinary experts’ findings matter, but also the views of those affected are 

included in problem-solving processes (Funtowicz & Ravetz, 1993; Ravetz, 1999). In other 

words, the stakeholders—or those with an interest in the outcomes of a particular problem—

become the extended peer community.   

The post-normal science model has two characteristics that affect the process of 

knowledge production and application in problem solving. One aspect is related to decision 

stakes and how they vary, depending on the problem. The other aspect is related to the degree of 

system uncertainty. Normal science activities, where uncertainty and decision stakes are 

relatively low, occur where domain scientists work within their disciplines to make discoveries 

and build on the assumptions and theories of previous scientists in their field (Kuhn, 1996). Post-

normal science introduces complications and clarifications—especially around the concept of 

expertise and the role it should play in any decision-making process, as well as best methods for 
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engaging stakeholders. 

The contribution of non-science stakeholders requires policy makers and scientists to 

rethink a number of former assumptions—especially about the concept of scientific expertise and 

the role it should play in any decision-making process. For example, normal science favors 

rationality and disciplinary expertise. The mode of rationalistic thinking and the value of 

scientific objectivity produced scientific advances that vastly improved quality of life in the 

modern world. Not until the mid-20th century did intellectual arguments under the guise of post-

modernism challenge normal science, bringing to light the role of the individual’s situated 

position in conducting scientific research—and the problem of relativism. Arguments over the 

nature of the development of scientific theories, objectivity, and methods of knowing have been 

and continue to be debated. 

The post-normal scientific model reflects a post-modern way of looking at problems and 

problem solving. Modernity was characterized by the sense that one could know things as 

objectively true and that there were structural relationships that underpinned both social 

formations and natural phenomena (Jenks, 1995). The post-modernism paradigm asserts that 

there is not one but many truths, and it situates truth culturally and historically. In other words, 

there is not one master narrative, and once held assumptions about objective truth are treated 

with skepticism in order to reveal the values that underlie all systems of thought and ideologies 

(Jenks, 1995). This underlying skepticism creates a different way of analyzing problems, 

including the use of multiple narratives and views that may not be mainstream. Post-normal 

science highlights the need for multiple explanations depending on context. For example, recent 

research in social and behavioral psychology shows that factors such as people’s values affect 

decision making, even when scientific research shows undeniable “objective” results that clearly 
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advise to take one decision over another (Kahan, 2011). Those finding themselves as central in a 

policy or decision-making process, for example, where scientific results may be considered for 

application, might be looking for ways to balance or sort through differing views. 

A matrix of types of contemporary problems shows how scientific problem solving 

includes more than technical challenges of doing research to find the one right solution to an 

environmental problem in   post-normal science (Figure 2). This matrix is based on the concept 

of wicked problems, defined as the unattainability of a planning and problem solving system that 

actually works due to the nature of the problems and the lack of consensus over how to solve 

them. 

Figure 2: An overview of wicked problems (adapted from Webber, 1973). 
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This matrix highlights the importance of two aspects to contemporary problems. Scientific and 

technical solutions (the y-axis) are part of the domain problem. Consensus (x-axis) is also part of 

the domain problem, so that research inquiries include scientific and technological aspects, but 

also sociological and political aspects. In some cases, level of consensus becomes a key feature 

in the domain problem. Accordingly, an extended peer community, which includes both 

scientists and those involved in setting policy, evolves as a result of the post-normal science 

paradigm (Ravetz, 1999). 

Examples of domain problems similar to those found in environmental science are given 

in the matrix, including how to categorize diseases, traffic, and war by problem type. Many 

contemporary domain problems include agency and action. They demand: How do we proceed? 

Contemporary domain problems—especially in environmental science—often include multiple 

stakeholders weighing consequences. For example, consider a past inquiry, which sought to 

overcome world hunger. During the mid-twentieth century, researchers used science and 

technology to create new types of seeds and new inputs (fertilizer, pesticides, and herbicides), as 

well as irrigation methods, to overcome problems such as low-yield crops and infestations. The 

inquiry included a domain problem (i.e., increasing crop yield), a science and technology inquiry 

(i.e., new seed types and cropping systems), and a solution (i.e., the Green Revolution). 

With hindsight, one can question the ability of technology to solve the hunger problem 

due to unintended consequences, such as herbicide resistant weeds or genetic drift. A domain 

problem that was formerly solely a scientific problem (the y-axis in the matrix) is now also about 

ethics, planning and decision-making (the x-axis in the matrix)—which constitute new borders of 

the domain problem. We use the wicked problems matrix to define how domain problems are 

characterized by the ability of science and technology to produce solutions and the level of 
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consensus over which solution is best. By definition, wicked problems are difficult to 

problematize due to high uncertainty and lack of consensus. 

There are a number of models to choose from for understanding both the value of 

building consensus and the value of pure science in the decision-making process, such as 

described by the post normal paradigm. For example, when dealing with certain types of 

problems—such as wicked ones - the role of science must also range, depending on the problem 

criteria. Four roles for contemporary scientific research inquiry show how information can either 

limit choices or expand choices within the current problem domain. Roles for science might 

include (1) the pure scientist; (2) the science arbiter; (3) the issue advocate; and (4) the honest 

broker of policy alternatives (Pielke, 2007). For example, Pielke offers the role of honest broker 

of policy alternatives to the scientist, so that scientific expertise provides sound decision 

alternatives rather than one “right” answer, increasing the importance of consensus and 

deliberation over which solution might best work (2007). This way of seeing the scientist’s 

expertise presents the balance between two features of wicked problems: that of the problem of 

consensus and that of challenges in scientific and technological discovery. 

The post-normal science paradigm frames the environmental domain problem as tightly 

coupled with the sociological and political domains. Wicked problems, such as what to do about 

climate change, move beyond the ability of science to determine clear causal relationships, to 

predict the future, to control or overcome the unpredictable outcomes, or to establish exactly 

what is the best outcome (Batie, 2008). Such wicked problems are not only difficult to solve, but 

they are controversial. They manifest themselves in science with the rise of collaborative 

research and decision making—oftentimes with stakeholders who are not domain scientists. This 
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increase in collaborative partnerships assumes that scientists are likely considering their 

communication practices, as well as the use of their research findings in a public policy process.  

 

2.2 Big Data: Challenges and Opportunities 

 Availability of large and varied datasets provides continued opportunities and challenges 

for scientists dealing with new types of problems. Big data transform the way we live, work, and 

think (Mayer-Schönberger & Cukier, 2013). Big data are characterized by the following 3Vs: 

volume, velocity, and variety (Hey, Tansley, & Tolle, 2009). The 3Vs can be described as such: 

Not only are there vast amounts of data (volumes) continually being collected quickly and 

dynamically (velocity), but a variety of datasets are becoming available for use by anyone who 

may have the means to analyze them (variety).   

 Data challenges are particularly problematic in ecological research: “Unlike science such 

as physics or astronomy, in which detectors are shared, in ecological science data are generated 

by a wide variety of groups using a wide variety of sampling, or simulation methodologies and 

data standards” (Hunt, Baldocchi, and Van Ingen in Hey et al., 2009: 23). One challenge to 

researchers in ecology is the potential mismatch of their data sources, or data variety, as well as 

differing methods for collecting, cleaning, testing, or generating and modeling data throughout 

the pipeline. That said, “Big data marks the beginning of a major transformation...just as the 

telescope enabled us to comprehend the universe and the microscope allowed us to understand 

germs, the new techniques for collecting and analyzing huge bodies of data will help us make 

sense of our world in ways we are just starting to appreciate” (Mayer-Schonberger and Cukier, 

2013: p. 7). This “datafication” is defined as the quantification and digitalization of phenomena, 

so that implicit and latent value of the information can be unlocked (Mayer-Schonberger & 
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Cukier, 2013). One problem with datafication is the vast, unused amounts, or volumes, of data 

streams and information, especially in scientific research. Figure 3 illustrates the technologies 

that contribute to this data stream in ecological research. Visualization may be one way for 

scientists to access and exploit this vast stream of information (Coopmans, Vertesi, Lynch, & 

Woolgar, 2014; Thomas & Cook, 2006).   

 

 

Figure 3: Illustration of the various scales at which environmental data is collected. Represented 
here are a number of technologies, such as LIDAR, SODAR towers, networked sensors, and 
satellites, which are used to monitor ecological processes. The data collected by these various 
instruments are stored for use in computational models and simulations, which also create data 

output. (Illustration by Fuller, NSF, 2009). 
 

 MATLAB, and other statistical and modeling programs, such as R, ArcGIS, and Excel 

are widely used by scientists in their research, and yet, these resources are limited in their ability 

to overcome big data challenges. In other words, researchers are often not limited by data, but 

rather their ability to make sense of the data. 



15 

 2.3 Why Visualization? 

Scientific visualization is the transformation of data into visual output, such as in the 

form of a graph or digital elevation map. It is said to increase the ability of scientific researchers 

to see patterns and trends in data by compressing it into a quick and highly interpretable form 

(Keim et al., 2008; Keim, Qu, & Ma, 2013; Kohlhammer, Keim, Pohl, Santucci, & Andrienko, 

2011). Visualization makes use of human ability to sense patterns and anomalies very easily 

(psychophysics) through sight, thus producing insight, separating visual signal from noise in 

data. There are myriad books, web sites, conferences, and research agendas focused on making 

data and information more accessible through the visual display of data. For the purposes of this 

dissertation, data visualization, rather than information visualization, will be considered. Data 

visualization might also be termed scientific visualization. When analysts interact with 

visualization, using a process of analyzing sequential visualizations and creating output, it is 

called visual analytics. 

Visual analytics is an interactive process where a visualization user “synthesizes 

information and derives insight from massive, dynamic, ambiguous, and often conflicting data; 

detect the expected and discover the unexpected; provide times, defensible, and understandable 

assessments, and communicate assessment effectively for action” (Thomas & Cook, 2005: 28). 

Analysts conduct visual analytics through interacting with visualizations. Visual analytics 

processes and the resulting visualizations are used for problem solving. Visual analytics supports 

discovery by exploiting pattern recognition (Coopmans, 2014), aiding analysts in finding the 

proverbial needle of insight in the haystack of information. Visual analytics research specializes 

in both the technical aspects and the human considerations for a good visualization experience. 
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2.4 The Visualization Pipeline 

 Much progress has been made toward refining the process of visualization development. 

One might use the concept of the visualization pipeline (Figure 4) to better understand the 

process of visualization, how it contributes to scientific practice, and the barriers to its use. 

Introduced by the National Science Foundation Visualization in Scientific Computing in 1987, 

the visualization pipeline charts the processing of data into various visualizations throughout the 

data transformation (Moreland, 2012). For example, Figure 4 shows a simplified example of the 

components affecting a data and visual flow network.  

 
Figure 4: Example of data and visualization pipeline adapted from Dos Saltos and Brodlie (in 

Keim et al. 2010). 
 

One barrier to scientific collaboration occurs at the beginning of the pipeline, especially in 

projects with multiple data sources. Sometimes, these sources have varying levels of data quality 

and use different data collection practices, creating both visualization and data challenges, 

especially if an inquiry is exploratory or data-cumbersome. Statistical functions overcome 

challenges, but translating these findings into visualization is a challenge.  

 Another consideration for the process of visualization development has less to do with 

what data go into the pipeline (Figure 4), and more to do with the user of the visualization or a 

visual analytics process—at the end of the pipeline (Kerren, Stasko, Fekete, & North, 2007). A 

user manipulates data, so that a user designs output, sets parameters, and makes design choices. 

More specifically, users might intervene during the filtering portion, and in selecting which 
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portions of the data to be visualized (Moreland, 2012). Or during mapping, a user might choose 

to visualize data as points and lines, for example, as well as different attributes such as color and 

position. Also, a user, who might be either the creator of the output or another audience, views a 

rendered visualization through an interactive display. The visualization pipeline and data pipeline 

are tightly coupled (note the gray cylinders in Figure 4 all include a reference to data). Much of 

the current research on the relationship between the user and the visualization pipeline is in the 

fields of cognitive science and psychology. The output of the tool—visualization—gives access 

to data by condensing information into visual sensation, which makes viewing patterns, 

understanding phenomenon, and communicating findings easier (Cheshire & Batty, 2012). The 

figure of the visualization pipeline conceptualizes exploration and communication into a process 

that might be analyzed in order to understand the benefits and limitations of visualization. 

2.5 Boosting insight 

How do researchers come to insight using the various resources potentially available to 

them? This interest is not only for the purpose of solving problems, but also as a way to 

understand whether investment in research and development in various technological tools, such 

as visualization, leads to discovery and innovation. Quantifying and measuring the effect of 

visualization on insight is difficult for a number of reasons. 

What is insight? One researcher describes insight as a unit of discovery made through 

observation (Saraiya, North, & Duca, 2005). Yi et al., characterize and define insight as more 

than just an endpoint, but rather as a starting point for further exploration (as cited in Keim et al., 

2010). Dix et al., state, “Problem solving involves gaining insight, and this occurs at different 

levels during the problem solving process” (in  Keim et al., 2010: 112). 
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Coming to insight seems so complex that one cannot expect that visualization, on its own, 

to be the key to discovery, yet aha moments occur, and are often the signal of achieving good 

visualization design. That said, Chabot (2009) dispels stereotypes about visual analytics—

especially, that aha moments are the crux of visual analytics. According to Chabot, the most time 

spent in the visualization and data pipeline is on methodological issues, and not necessarily 

finding a hidden insight. In other words, to measure the success of a visualization or visual 

analytics process by the elusive aha moment of insight overlooks the mundane but essential work 

and other factors that accompany it. The aha moment is just the tip of the iceberg. Coopman 

(2014) brings up another point: Mystery has always been an important feature of how insight 

comes about. She calls it a “generative tension between revealing and skillful accomplishment, 

and between disclosing and obscuring” (2014: 54). Achieving insight, according to this view, 

combines expertise with the mundane daily work that leads to uncovering mystery. 

To claim that visualization boosts insight means that there is a relationship between 

visualization use and the outcome, insight, and that the quality of one affects the other (Chen, 

2003; Schneiderman 1998). Perhaps achieving novel insight is not the metric for visualization 

effectiveness. Another recent study on how the time it takes for a visualization to load onto the 

screen affects how people use visualization to explore a problem uses an insight-based 

methodology (North, 2006; Saraiya et al., 2005) in order to track and categorize instances of 

insight. The study characterizes the process of insight, distinguishing between the following 

activities: observation, generalization, hypothesis, question, recall, interface, and simulation. 

Instances of insight do occur; however, evaluating the benefits and limitations of visualization 

might require a more specific and narrow definition of insight, such as found in insight-based 

methodology. That said, studies in the field of visualization attempt to design tools to aid in the 
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process of visualization leading to insight, defined broadly, and will be discussed in the next 

section. 

2.6 Problem-driven Design 

The benefits and limitations of visualization in helping solve problems, to some extent, 

depend on design. A current design model, the nested blocks and guidelines model, provides a 

template for creating design and evaluation criteria, aligning design to need (Munzner, 2009). 

Figure 5: The Nested Model. Domain problem characterization should affect the design decisions 
about the resulting visualization—such as how best to encode or interact with that data 

(Munzner, 2009). 

The nested design model defines four levels for consideration in visualization design and 

evaluation. In the nested model, assumptions about the various types of problems found in the 

highest level of the model cascade to affect design criteria at the lower levels, ideally aligning 

the design of task abstractions to interaction techniques to algorithms with the problems in a 

particular domain (Figure 5). For example, in order to solve a problem in a certain domain, a 

scientist will rely on certain datasets, which they analyze using statistics; or, they might create 

data through building a simulation or model. These datasets would constitute the data or task 

abstraction block. In this stage of the visualization process, researchers choose what phenomena 

to measure—or how to operationalize a process (Mayer-Schönberger & Cukier, 2013). Once a 

domain problem characterization 

data/task abstraction design

encoding/interaction technique design

algorithm design

Figure 1: Original depiction of the four-level nested design
model [23], with arrows indicating the cascading effects of de-
cisions made at higher levels.

domain and problem of interest; the next level is to design the data
and task abstractions for that characterization; the third level is to
design visual encodings and interaction techniques for those ab-
stractions; and the lowest level is to design algorithms to imple-
ment those techniques programmatically. The focus of this original
work is on the cascading implications of design decisions made at
different levels, where the decisions made at one level become the
assumptions at the next level. These implications are shown as ar-
rows in Figure 1.

Although we find this model useful for structuring how we think
about building and designing visualization systems, it falls short
when we try to reason about both the wealth and dearth of knowl-
edge that we have about design guidelines. In this paper we propose
an extension to the original model that helps us do so.

2.1 Blocks and Guidelines
We extend the nested model with the ideas of blocks and guide-

lines, as illustrated in Figure 2. A block is the outcome of a design
decision at a specific level: an algorithm, a visual encoding and/or
interaction technique, a data abstraction, or a task abstraction. The
term block allows us to refer to these different kinds of outcomes in
a generic way that can be used for any level. Figure 2 shows these
blocks as individual shapes within the levels.

Examples of blocks at the algorithm level are different algo-
rithms for direct volume rendering: ray casting [21], splatting [39],
and texture mapping [6]. At the technique level, examples of blocks
for visually representing text are phrase nets [34], wordles [35], and
word trees [38]. At the abstraction level, blocks include the tasks
of finding outliers and trends [2]; the dataset types of tables, net-
works, and text; and the attribute types of categorical, ordered, and
quantitative [24].

We chose the term blocks as an allusion to the experience of
playing with building blocks. The builder is guided in choosing
one particular block out of the bin of options by noticing that some
blocks fit together nicely while others do not. By combining in-
dividual blocks together, the builder is able create more complex
structures.

A guideline is a statement about the relationships between blocks.
Guidelines help designers make choices about which blocks are
appropriate versus which blocks are a mismatch with their require-
ments. Within-level guidelines are for choices within a particu-
lar level, such as selecting the fastest algorithm from several con-
tenders within the algorithm level. Between-level guidelines are
for choices about how to move between levels, such as selecting
which visual encoding technique to use for a particular data and
task abstraction.

The arrows in Figure 2 represent guidelines that connect indi-
vidual blocks, in contrast to the arrows in Figure 1 that represent
dependencies and go between entire levels. For visual clarity, the
extension depiction orders the levels vertically rather than explic-
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Figure 2: The extended nested model explicitly includes blocks
that are the outcomes of the design process within a level, rep-
resented by individual shapes within each level, and guidelines
for making choices between these blocks, represented by ar-
rows. Between-level guidelines map blocks at adjacent levels,
and within-level guidelines compare blocks within a level. The
faded depiction at the domain problem level implies a knowl-
edge gap, discussed in more detail in Section 3.

itly nesting them.
We consider within-level guidelines as directly comparing one

block to another. For example, a within-level guideline at the vi-
sual encoding level is to choose—for reasons of avoiding visual
clutter—node-link diagrams when visualizing small networks and
matrix diagrams when visualizing large ones [14]. An example
of a within-level guideline at the algorithm level is to choose the
newer Voronoi treemap algorithm of Nocaj and Brandes [27] over
the original algorithm of Balzer and Deussen [5] because it is inde-
pendent of display resolution and faster to compute.

Movement from one level to another is guided by between-level
guidelines. These guidelines map blocks at one level to those at
an adjacent level. Figure 3(a) shows a well-established guideline
between hue colormaps and categorical data [37]. In the literature,
sometimes the term characterization is used to describe moving
upward from a lower to a higher level, and the term guideline for
moving downward from higher to lower—we consider these con-
cepts to simply be two sides of the same coin. The simple upward
characterization “hue-based colormaps are appropriate for categor-
ical data” can be trivially restated as the downward guideline “if
your data is categorical, then hue-based colormaps are appropri-
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scientist has collected datasets and performed the necessary manipulations and transformations, 

or modeled a problem, a technique for visualizing the data or model would be chosen. 

The nested model uses the terms “blocks” and “guidelines” to further guide design 

(Meyer et al., 2013). Blocks are defined as the potential design outcomes that are chosen and 

combined at each level (e.g., various tasks that are completed by the user of the visualization, 

such as zooming in or panning). Guidelines are statements about the relationships between 

blocks that add detail to design criteria. Meyer et al. (2013:4) note that more studies should 

provide “examples of blocks at the outermost level of domain problem characterization” (as 

pictured in Figure 6); however, they also question the nature of the domain problem level, 

especially to what extent it is definable and applicable to the design process at other levels. 

Figure 6: The extended nested model (Meyer, Sedlmair, & Munzner, 2012). 

domain problem characterization 

data/task abstraction design

encoding/interaction technique design

algorithm design

Figure 1: Original depiction of the four-level nested design
model [23], with arrows indicating the cascading effects of de-
cisions made at higher levels.

domain and problem of interest; the next level is to design the data
and task abstractions for that characterization; the third level is to
design visual encodings and interaction techniques for those ab-
stractions; and the lowest level is to design algorithms to imple-
ment those techniques programmatically. The focus of this original
work is on the cascading implications of design decisions made at
different levels, where the decisions made at one level become the
assumptions at the next level. These implications are shown as ar-
rows in Figure 1.

Although we find this model useful for structuring how we think
about building and designing visualization systems, it falls short
when we try to reason about both the wealth and dearth of knowl-
edge that we have about design guidelines. In this paper we propose
an extension to the original model that helps us do so.

2.1 Blocks and Guidelines
We extend the nested model with the ideas of blocks and guide-

lines, as illustrated in Figure 2. A block is the outcome of a design
decision at a specific level: an algorithm, a visual encoding and/or
interaction technique, a data abstraction, or a task abstraction. The
term block allows us to refer to these different kinds of outcomes in
a generic way that can be used for any level. Figure 2 shows these
blocks as individual shapes within the levels.

Examples of blocks at the algorithm level are different algo-
rithms for direct volume rendering: ray casting [21], splatting [39],
and texture mapping [6]. At the technique level, examples of blocks
for visually representing text are phrase nets [34], wordles [35], and
word trees [38]. At the abstraction level, blocks include the tasks
of finding outliers and trends [2]; the dataset types of tables, net-
works, and text; and the attribute types of categorical, ordered, and
quantitative [24].

We chose the term blocks as an allusion to the experience of
playing with building blocks. The builder is guided in choosing
one particular block out of the bin of options by noticing that some
blocks fit together nicely while others do not. By combining in-
dividual blocks together, the builder is able create more complex
structures.

A guideline is a statement about the relationships between blocks.
Guidelines help designers make choices about which blocks are
appropriate versus which blocks are a mismatch with their require-
ments. Within-level guidelines are for choices within a particu-
lar level, such as selecting the fastest algorithm from several con-
tenders within the algorithm level. Between-level guidelines are
for choices about how to move between levels, such as selecting
which visual encoding technique to use for a particular data and
task abstraction.

The arrows in Figure 2 represent guidelines that connect indi-
vidual blocks, in contrast to the arrows in Figure 1 that represent
dependencies and go between entire levels. For visual clarity, the
extension depiction orders the levels vertically rather than explic-
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Figure 2: The extended nested model explicitly includes blocks
that are the outcomes of the design process within a level, rep-
resented by individual shapes within each level, and guidelines
for making choices between these blocks, represented by ar-
rows. Between-level guidelines map blocks at adjacent levels,
and within-level guidelines compare blocks within a level. The
faded depiction at the domain problem level implies a knowl-
edge gap, discussed in more detail in Section 3.

itly nesting them.
We consider within-level guidelines as directly comparing one

block to another. For example, a within-level guideline at the vi-
sual encoding level is to choose—for reasons of avoiding visual
clutter—node-link diagrams when visualizing small networks and
matrix diagrams when visualizing large ones [14]. An example
of a within-level guideline at the algorithm level is to choose the
newer Voronoi treemap algorithm of Nocaj and Brandes [27] over
the original algorithm of Balzer and Deussen [5] because it is inde-
pendent of display resolution and faster to compute.

Movement from one level to another is guided by between-level
guidelines. These guidelines map blocks at one level to those at
an adjacent level. Figure 3(a) shows a well-established guideline
between hue colormaps and categorical data [37]. In the literature,
sometimes the term characterization is used to describe moving
upward from a lower to a higher level, and the term guideline for
moving downward from higher to lower—we consider these con-
cepts to simply be two sides of the same coin. The simple upward
characterization “hue-based colormaps are appropriate for categor-
ical data” can be trivially restated as the downward guideline “if
your data is categorical, then hue-based colormaps are appropri-
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Not shown in the extended nested model (Figure 6) are the other factors besides 

visualization that may influence the visualization experience; and a design team must ask how 

much visualization can contribute to the solving of a problem. For example, when the nested 

blocks model was used to create a visualization tool called QuestVis to promote environmental 

behavior change via community engagement, it was found that creating an all-in-one 

visualization tool for reaching such goals was difficult (Munzner, Barsky, & Williams, 2011). In 

the QuestVis developers’ reflections on this difficulty, they report that simply providing an 

information space for end-user exploration required additional explanation by an expert 

facilitator, which was beyond the scope of the visualization’s ultimate intent and design. The 

concept of incommensurability pertains to this argument (Gross & Harmon, 2013; Latour, 1986). 

Incommensurability, in this context, clarifies that visualization, on its own, often falls short in a 

problem-solving process, so that a visual explanation is just one of many routes to both discovery 

and communication. Additional routes to insight include developing a logical narrative regarding 

the data or presenting an equation. One downfall of many current visualization studies is that 

they are often visualization-centric and overlook the problem of incommensurability. 

Characterizing the outermost level of the nested model—the domain problem—is 

challenging, mainly due to the nature of contemporary inquiries in various domains, which are 

dynamic and, by definition, difficult to problematize (e.g., wicked problems). Problem-driven 

design studies have been conducted; however, findings from these studies relate to specific users 

and situations, such as the intelligence community in Kang & Stasko (2011), and “casual users” 

in Sprague & Tory (2012). These studies do not offer insight into a general theory of 

visualization. While their findings are useful, they are neither complete nor general enough to 

apply fully to other design processes. Also mentioned earlier, the level of domain problem is 



22 

inherently problematic for many other reasons—for example do we deal with low-level (i.e., 

puzzles) or high-level problems (i.e., wicked problems)? To be sure, characterizing domain 

problems is a tall order: how does one create a set of assumptions general enough to translate to 

other domains, yet specific enough for good design? 

Current directions in visualization design studies propose methods for automating design 

choices, thus removing much of the need for training in the principles of design and best 

practices for viewing data (Sedlmair, Meyer, & Munzner, 2012). These current directions and 

proposed methods, while potentially useful, have not been conceptually unified to create a 

coherent discipline of best practices for leading users to insight. Additionally, various disciplines 

such as human-computer interactions (Kerren & Kerren, 2008), cognitive science (Fisher, Green, 

& Arias‐Hernández, 2011; Sprague & Tory, 2012), psychophysics (Rogowitz, 2010), and user

studies (Plaisant, 2008) have well-established research agendas; however, a high-level 

framework or theory to unify the work being done in the field has yet to be established. Such a 

framework runs the risk of being overly complicated or detailed. For example, the inability to 

accurately characterize the domain problem in a general way is still a large obstacle in 

visualization design projects (Munzner, 2009), and requires sustained research on the various 

tasks particular to a domain, which is expensive. The visualization research community and other 

disciplines know what visualization is and how it might be useful; however, the body of 

researchers has yet to agree upon a systematic way of evaluating the benefits and limitations of 

visualization. Users find that certain visualizations are better than others for certain tasks; 

however, pinning down the variables that matter into a conceptual model and being able to 

measure “effectiveness” are still challenging to visualization researchers and designers. 
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2.7 Other Design Considerations 

A number of design practices are well-known and measurably effective; however, many 

users of visualization tools are not trained to use these established principles of design. Figure 7 

shows how considering design principles in scientific figures may increase the usefulness of a 

visualization (Rogowitz, Treinish, & Bryson, 1996). 

Figure 7: Color and Design: The map is familiar, but one can see how overlooking design 
principles—such as the use of color—limits one’s ability to detect what might be significant 

(from NASA/GSFC in Rogowitz et al., 1996). 

In the first image in Figure 7, the rainbow color scheme is used to represent sea level. In 

the second image, a different color scheme is used, one which is not continuous and clearly 

shows the where the sea meets the land, so that even naïve viewers can see an important point in 

the map data. Other principles of good design, in addition to color considerations, are gestalt 

principles, which “assume that visual perception is a holistic process and that human beings have 

a tendency to perceive simple geometric forms….” (Dix et al., in Keim et al., 2011: 111). 

Viewers make meaning from the combination of design elements such as lines, shape, and many 

other features of visualization, when taken together. 

According to studies in gestalt principles and cognitive science, viewers are relatively 

consistent in their low-level perception of what is being communicated visually (Rogowitz, 
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1996). Consider how a single red dot in a sea of blue dots will stand out. Fifty arrows pointing in 

the same direction would seem to cue the viewer to perceive significance. The concept of pre-

attentive vision explains that low-level visual systems help viewers to rapidly identify certain 

basic visual properties, such as in Figure 8 (Healey & Enns, 2012), and works with other design 

principles such as gestalt and color choice. Low-level vision unites all viewers to the extent that 

they sense something and come to some conclusion, without necessarily being aware that they 

have done so. The obvious limitation, here, is that some viewers may have limited visual 

sensations, such as with color blindness or myopia. Another limitation is that pre-attentive 

sensations often lead to unexamined conclusions. 

Figure 8: Example of design that makes use of low-level perceptual and pre-attentive vision 
(Healey & Enns, 2012). In a data visualization event, one might wonder whether the grouping or 

the variance in direction signify something meaningful.  

Researchers such as Tufte and Graves-Morris (1983), and others, show how design 

effectiveness contributes to communicating clearly an idea. Sometimes meaning emerges out of 

seemingly meaningless or unrelated components. Design principles and concepts lead to more or 

less effective visualization experiences. Scientists or software engineers are not necessarily 

trained to consider these basic design principles to the extent that they may affect their ability to 

communicate results and/or choose parameters for viewing their own data in a way that might 

reveal insight. A research team designing a visual analytics tool might look to a number of 

sources for guiding their design practice and embedding desirable features in the tool. 
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3  STATE OF THE ART IN VISUALIZATION 

While the use of visualization is prevalent in scientific research and publications, more 

research and development (R & D) might increase the usefulness and use of visualization. The 

VISTAS project was funded to deliver and evaluate such innovation (Cushing et al., 2012). 

During the VISTAS three-year research project, the development team, in partnership with 

domain scientists, based their R & D on the assumption that current visualization tools are 

limited, could be more effective for their particular uses, and that visualization output might be 

improved through design and development of a new tool. That said, the group had not 

systematically evaluated the state of current visualization use in the domain of ecology. One 

early research activity of the VISTAS project was to assess the visualization used in figures in 

journals and at a major ecological conference. Through this visualization survey, a small 

research cohort of students and I systematically developed a description of the state of the art in 

ecological visualization, which is presented here as a preface to the main study of this paper. The 

purpose of this visualization survey was to develop a list of criteria for the development of the 

VISTAS visualization tool, as well as to understand what other ecologists outside of the VISTAS 

project were using to create output that VISTAS might improve upon. 

3.1 Visualization Survey Methods 

The process of defining the state of the art in ecological visualization takes into account 

the various parts of visualization and a visual analytics process, standard design elements, as well 

as the emerging techniques for visualizing data. The survey made use of inductive research 

methods, rather than deduction, to define the types of visualization used in current ecological 
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research. Inductive research fits within a continuum of activities in science inquiry: “description, 

classification, comparison, measurement/estimation, establishing association, and determining 

cause and effect” (Bonoma, 1985: 201). 

For this survey, I worked with a group of graduate students, with the help of the principal 

investigator for the VISTAS project, to inventory and evaluate the figures found in ecology 

research journals. Our research process included the analysis of visualizations from a purposive 

sample of academic journals from July-December, 2011. In order to determine which journals to 

query, the cohort asked the greater VISTAS research team to list recommendations of relevant 

journals that represented their subfield, as presented in Table 1. Based on these 

recommendations, we chose to evaluate the following ecological journals: Canadian Journal of 

Forest Research, Ecosystems, Journal of Hydrology, Water Resources Research, Atmospheric 

Environment, Boundary Layer Meteorology, Ag and Forest Meteorology, and Ecology. The 

ecological subfields represented by the journals include hydrology, eco-hydrology, micro-

meteorology, biogeochemistry, biological and ecological engineering, and ecosystem ecology 

(Table 2). 
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Table 2: Journals included in the visualization survey. 

Journal/Impact Factor Publisher Abbreviated Description from the Journals’ Website 
Ecology 5.000 Ecological 

Society of 
America 

...a broad array of research that includes a rapidly expanding envelope of subject 
matter, techniques, approaches, and concepts: paleoecology through present-day 
phenomena; evolutionary, population, physiological, community, and ecosystem 
ecology, as well as biogeochemistry; inclusive of descriptive, comparative, 
experimental, mathematical, statistical, and interdisciplinary approaches. 

Ag and Forest 
Meteorology 

3.984 Elsevier ...inter-relationship between meteorology, agriculture, forestry, and natural 
ecosystems. Emphasis is on basic and applied scientific research relevant to 
practical problems in the field of plant and soil sciences, ecology and 
biogeochemistry as affected by weather as well as climate variability and change. 

Water Resources 
Research 

3.709 AGU 
(Wiley) 

... original research in the natural and social sciences of water. It emphasizes the 
role of physical, chemical, biological, and ecological processes in water resources 
research and management, including social, policy, and public health implications. 

Ecosystems 3.531 Springer The study and management of ecosystems represent the most dynamic field of 
contemporary ecology. Ecosystem research bridges fundamental ecology and 
environmental ecology and environmental problem-solving, and spans boundaries 
of scale, discipline and perspective. 

Atmospheric 
Environment 

3.062 Elsevier ...air pollution and its societal impacts. The journal publishes papers on the 
consequences of natural and human-induced perturbations to the earth's 
atmospheres, including processes involving chemistry and physics of the 
atmosphere as well as subjects related to human health, welfare, climate change, 
and environmental policy. 

Journal of 
Hydrology 

2.693 Elsevier ...publishes original research papers and comprehensive reviews in all the subfields 
of the hydrological sciences including water based management and policy issues 
that impact on economics and society.  

Boundary Layer 
Meteorology 

2.525 Springer ... agriculture and forestry, air pollution, air-sea interaction, hydrology, 
micrometeorology, the planetary boundary layer, surface processes, mesoscale 
meteorology, numerical modelling of the lower atmosphere, remote sensing, and 
urban meteorology. 

Canadian 
Journal of 
Forest Research 

1.657 Canadian 
Science 
Publishing 

...forest sciences, including biometrics, conservation, disturbances, ecology, 
economics, entomology, genetics, hydrology, management, nutrient cycling, 
pathology, physiology, remote sensing, silviculture, social sciences, soils, stand 
dynamics, and wood science, all in relation to the understanding or management of 
ecosystem services. 

Prior to reviewing the journals, the group gathered and discussed how visualization is 

used to communicate findings and help scientists explore data. We also met and looked at a 

number of visualizations that we believed might be representative of the state of the art in 

ecological visualization, and listed the qualities and components of the representative 

visualizations in general (e.g., scale, how the caption describes the visualization, use of labeling, 

use of color). From this discussion, we developed a code sheet of features for inventory and 

evaluation of our sample (Appendix A). We would later finalize this code sheet and use it to 
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evaluate not only journal figures, but also the visualizations used in presentations at a major 

conference—the annual Ecological Society of America conference. Figure 9 shows a typical 

example of a visualization that was gathered in the survey. 

Figure 9: Example of a figure from Boundary Layer Meteorology (Berg, Mann, Bechmann, 
Courtney, & Jørgensen, 2011)1. Data about this figure were collected as part of the journal 
survey including the type of visualization used.  

We decided to distinguish between the following types of visualizations and inventory 

how often such types of visualizations occurred: graphs, maps, charts, photos, illustrations, and 

computer graphics of natural phenomena. For example, Figure 9 was tagged as a map with 

topography represented. Further data about Figure 9, and others like it, were collected and put 

into a database (see Appendix A for the list of information collected about each figure). 
                                                
1 Original caption reads: “A contour map of Bolund with meteorological masts denoted from M1 to
M8. A value of 0.75 m has been used for the water level in Roskilde fjord. The centre point, Cp = (0, 0) is 
located at the position (694682.1, 6177441.8) in the UTM WGS84 zone 32 coordinate system. The map 
was created through airborne laser terrain mapping and a high-resolution laser scanner positioned on the 
beach at Bolund. Two masts, M0 and M9, are not located in the map; they are located at positions 
(−181.7, 101.7) and (327.3, −37.5); that is, to the left (west) and right (east) of Bolund, respectively” 
(Berg, 2011: 222). 

222 J. Berg et al.
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Fig. 2 A contour map of Bolund with meteorological masts denoted from M1 to M8 (see Sect. 2.2). A value
of 0.75m has been used for the water level in Roskilde fjord. The centre point, Cp = (0, 0) is located at
the position (694682.1, 6177441.8) in the UTM WGS84 zone 32 coordinate system. The map was created
through airborne laser terrain mapping and a high resolution laser scanner positioned on the beach at Bol-
und. Two masts, M0 and M9, are not located in the map; they are located at positions (−181.7, 101.7) and
(327.3,−37.5); that is, to the left (west) and right (east) of Bolund, respectively

in Roskilde Fjord fluctuated ≈2m, covering the isthmus for a substantial fraction of the
time.

The contour map in Fig. 2 gives an impression of the vertical escarpment to the west
of Bolund. A slight overhang exists although not evident from the contour map, which is a
very challenging feature for flow model resolution. In front of the escarpment, a small beach
covered with small rocks is present. The top of Bolund consists of a relatively flat, well-
defined plateau covered with grass. The slopes of the northern, southern and eastern sides
are also steep with slopes of up to 40◦, but here the crests are rounded. Except for the vertical
escarpment and the narrow beach around the hill, Bolund is uniformly covered by grass.
The corresponding roughness length is estimated at z0 = 0.015 m, which was obtained by
adapting neutral logarithmic wind profiles to measurements in Sect. 3. The roughness length
of the surrounding water was much lower and can be (as seen in Sect. 3) described as in
Charnock (1955). For model purposes we recommend z0 = 0.0003 m. No larger roughness
elements on the surface of Bolund have been deemed sufficiently important for individual
treatment.

2.1 Scale Effects

In every respect Bolund is a small hill: the maximum height of Bolund is 12m, the length is
approximately 150m, and the roughness length, z0, varies from 0.0003m over the water to
0.015m over the hill itself. In this section we compare Bolund with a theoretical mesa-type
hill with physical dimensions 10−30 times larger. Examples of such hills are often seen
in Texas and other states in the USA with wind turbines typically situated near the edges.
Bolund is therefore a relevant and realistic scenario for wind-energy purposes. Our goal
is to investigate whether the flow around Bolund is geometrically similar to that around a
significantly larger hill of the same shape.

123
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We wanted to understand the prevalent type of visualization being used by ecologists, but 

we also wanted to know whether and how ecologists were displaying data in ways that combined 

the different visualization types. We took a count of how many of the different types of 

visualizations were being used, and then collected more specific data for notable visualizations 

that we thought would be worth investigating further. These notable visualizations that might 

inform the VISTAS design process were tagged as “visualizations of interest” and set aside for 

later discussion. These visualizations of interest were defined by their use of computer-generated 

graphics similar to what might be created by a visualization tool such as VISTAS. In these 

extraordinary visualizations (n=280) we identified a number of features—such as dimensionality, 

what the axis of a graph represented (if a graph), how many dimensions a graph contained, 

whether the visualization was an animation or series, and whether the visualization was colored 

or monochrome. These features were also turned into columns in our code sheet and database 

(See Appendix A). The visualizations of interest became our exemplars of innovative 

visualization design. The results from the data collection process, in addition to more detail about 

visualizations of interest are discussed in the next section. 

3.2 Findings 

With regards to the state of the art in current ecological visualization, we found a 

predominance of simple 2D graphs in scientific journals. That this is so made us pause to 

consider the importance of the 2D graph in research. Figure 10 is an example of a 2D graph, 

which predominated the visualization type in journals. 
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Figure 10: Example of typical figure found in ecological journal publications (Ohlberger et al., 
2011). This figure was inventoried as containing four graphs, which are all 2D.  

 

Many visualizations of interest that we flagged incorporated simple, 2D graphs, such as 

in Figure 10, as miniatures accompanying other visualization types, such as time-series or 

animation. We did not dismiss the usefulness of the 2D graph as part of design features that 

might be incorporated into the VISTAS software tool. Table 3 includes the frequencies by 

percent of different types of visualization of data or information. Note the high percentage of 2D 

graphs used in journal publications. Table 3 shows that we looked at 1,142 articles containing 

24,881 visualizations. A figure in an article might include more than one type of visualization, 

such as multiple graphs stacked onto a map. The majority of visualizations (~77%) were 2D or 

3D graphs. A small percentage of visualizations (11%) were maps.  

demonstrating an overcompensatory response by the
juvenile stage to the increased adult mortality. While the
older age classes (3–6) were more abundant before, the
younger age classes (1–2) were more abundant after the
disease outbreak, and this pattern was relatively
constant within each period despite large fluctuations
in total population numbers (Fig. 2c, d). The juvenile-to-
adult biomass ratio shifted from smaller than one to
larger than one around 1976. The biomasses of 1–2 year-
old fish (in percentage of total population biomass)
increased from ;20% before to ;80% after the disease
outbreak in both basins. Our analysis also showed
biomass overcompensation by juveniles when 2-year-old
male perch were classified as adults. The comparison of
gonad weight data before and after the pathogen
outbreak showed that age-specific fecundity increased
significantly after 1976 (Fig. 3a, b). In both basins, the
gonad weight to age relationships differed significantly
in slope and intercept between the two periods
(ANCOVA; north, F1,251 ¼ 81.2, P , 0.001; south,
F1,413¼ 31.8, P , 0.001). In contrast, the gonad mass to
body mass relationships did not differ significantly
(north, F1,251 ¼ 0.44, P ¼ 0.506; south, F1,413 ¼ 2.71, P
¼ 0.101), indicating enhanced adult growth after the
disease outbreak.

DISCUSSION

Our data analysis demonstrates strong stage-specific
overcompensation in juvenile perch in response to the
drastically increased adult mortality induced by the
disease outbreak, with a nearly unchanged average total
population biomass. The stage-structured biomass
model that we parameterized to our study system
predicts biomass overcompensation in response to
increased adult mortality due to food-dependent shifts
in growth and reproduction and, in the presence of
cannibalism, due to changes in cannibalistic interactions
between the life stages. The increase in age-specific adult
fecundity and size at age (with an unaltered mass–
fecundity relationship) after the pathogen outbreak
indicates that higher growth and reproduction rates
contributed to the observed biomass overcompensation
in Windermere perch. Enhanced adult growth rates may
result from a competitive release in reproduction-
regulated systems with indeterminate growth. Published
data on zooplankton abundance in Windermere (George
and Hewitt 1998) suggest a slight increase in resource
levels from the mid-1970s onward. However, these data
are only from the north basin, do not cover the entire
time series, and their interpretation is complicated by the
fact that phosphorus levels in the lake have also

FIG. 2. Age-specific biomasses of perch before and after the disease outbreak (top) and time series of juvenile/adult biomass
ratios (bottom) in the north (left) and south (right) basins of Windermere. Top panels show the average biomasses in the (a) north
and (b) south basins for the total population (black squares) and the age classes 1 (orange triangles), 2 (red triangles), 3 (brown
circles), 4 (green circles), 5 (blue circles), and 6 yr (purple circles). Bottom panels show the time series of juvenile/adult biomass
ratios in the (c) north and (d) south basins, indicating a shift in the biomass distribution from being dominated by adults (,1) to
being dominated by juveniles (.1) after the disease outbreak in 1976 (vertical dashed line).
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Table 3: Frequencies by percent of visualizations found in scientific journal publications.  
Visualization Type Percent by of visualization type 

(n=1,142 articles, n=24,881 
visualizations) 

Graphs ~77% 
Maps ~11% 
Charts * 
Photos ~2% 

Illustrations ~6% 
Computer Graphics of 

Natural Phenomena 
~4% 

In addition to inventorying the types of visualization being used, we tagged visualization 

of interest (VOI), and collected the figures that contained these VOI. The example of a 

visualization of interest pictured in Figure 11 shows a number of features including use of color 

with meaning, view of data at multiple scales, and a spatial representation of the study area. 

After tagging, we discussed these VOI with each other and with the VISTAS research 

collaborative to help identify and refine a list of design criteria the VISTAS team might build 

into the software tool. Appendix B contains a few examples of the VOI with the metadata that 

drove the discussion about the state of the art in visualization. Recordings and transcripts of these 

discussions about the state of the art in visualization are analyzed in Chapter 5 of this research 

study. 
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Figure 11: A visualization of interest (VOI) tagged for further discussion during the survey 
(Wooton & Klinkenberg, 2011). More VOIs can be found in Appendix B.  

As a result of our discussion, we assembled a list of design criteria for VOIs, which 

included three or more of the following: 3D representations; an attempt to show multiple time or 

spatial scales; portrayal of natural phenomena; color carrying information; comparison of two 

models or times, or multiple representations of possible or actual realities; comparison of 

modeled and actual phenomena with difference shown as an extruded volume; and computer 

simulations of what a person would see when looking at phenomena. Table 4 displays the 

number of articles containing visualizations of interest by journal type. 

A landscape-level
analysis of yellow-

cedar decline
in coastal British 

Columbia
Claire E. Wooton and 

Brian Klinkenberg

Fig. 6. Map 
depicting
likelihood of 
decline
occurrence for 
yellow-cedar 
stands within 
the study area.
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Table 4: Visualizations of interest (VOI) by journal. 
Journal # of 

Articles 
Articles 

with VOI 
% VOI per 

article 
Publisher Audience Coder 

Canadian Journal 
of Forestry 
Research 80 7 8.75% 

Canadian Science 
Publishing 

Forestry EH 

Ecosystems 48 9 18.75%* 
Springer Ecology EH 

Journal of 
Hydrology 239 25 10.46%* 

Elsevier Hydrology EH 

Water Resources 
Research 255 51 20.00%* 

American 
Geophysical Union 

Hydrology EH 

Atmospheric 
Environment 302 11 3.64% 

Elsevier Meteorology EH 

Bound Layer 
Meteorology 56 4 7.14% 

Springer Meteorology JW 

Ag and Forest 
Meteorology 68 4 5.88% 

Elsevier Meteorology JW 

Ecology 94 2 2.13% 
Ecological Society of 

America 
Ecology KW 

* Journal with highest % of VOI

The findings presented in Table 4 of the visualizations of interest by journal might signify 

a relationship between journal topic or type and number of visualizations that we found to be of 

interest to our project. For example, Water Resources Research had, by far, more tagged 

visualizations of interest than any other journal—both by number and by percent, with the 

Journal of Hydrology and Ecosystems having the second most. There may be a number of 

reasons for this difference. The first might be that journals with higher numbers of visualizations 

of interest publish research that is using software tools for producing visualization similar to 

what we hoped VISTAS would produce. Next, one might hypothesize that a certain field, 

hydrology, is more advanced in their use of visualization for research. Another explanation for 

the higher VOI in certain journals might be variation in data collection standards—a type of 

subjectivity—among our group for tagging a visualization of interest. It should be noted that the 

figures were tagged prior to a group discussion of the final criteria for being of interest. Or, 

reviewers of those higher producing journals tagged more figures for further analysis than 
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reviewers of other journals, who were more stringent in their view of desirable design features. 

More research measuring these variables is needed in order to make any claims of which 

correlations are most likely. 

That said, one might test a number of other patterns and relationships related to 

visualization use by querying the study data. One variable that might be further explored is the 

high number of total 2D graphs in the total inventory (77%). Are certain subfields of ecology 

publishing more diversity of types of visualization than others? In order to explore this data, I 

created a graph metric, which takes the total number of 2D graphs for each journal, and divides it 

by the total number of other types of visualizations—such as maps and photos. This graph metric 

shows the ratio of graphs to all other types of visualization, so that the lower the number, the 

more diverse use of visualization types (i.e., scientists had chosen to use a wider range of 

visualization types).  Another variable that might affect the diversity of visualization types used 

in figures are formatting restrictions, as well as the increasing use of multi-media displays for 

interactivity with datasets. Were certain journals more or less restrictive of authors wanting to 

publish more sophisticated visualization? Was there a cost to publishing in color? 
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Table 5: Diversity of visualization types is shown here with journal restrictions such as color cost 
and whether multimedia visualization is encouraged or specifically requested in the author 
submission instructions. 
Journal/Impact 

Factor 
Graph Rating 

(ratio of 
graphs to all 

other 
visualizations 

chosen) 

Color 
Cost? 

Multimedia 
Encouraged? 

Journal 
Publisher 

Audience Ranking 
highest 

graph use to 
other 

visualization 

Ranking 
% VOI 

Water 
Resources 
Research 
3.709 

2.2 Can choose 
(for print) 

Yes: interactive 
plots and data 

Wiley 
(AGU) 

Hydrology 6 
high 
diversity 

1* 
most 
VOI 

Ecosystems 
3.531 

1.9 No cost Not specified Springer Ecology 
(general) 

7 
high 
diversity 

2* 
high 
VOI 

Canadian 
Journal of 
Forestry 
1.657 

5.1* No cost Yes: encouraged; 
not .exe files; 
multimedia and 
data 

Canadian 
Science 
Publishing 

Forestry 2 * 
most graphs 

3* 
high 
VOI 

Journal of 
Hydrology 
2.693 

1.7 $350/figure Yes: 
supplemental 
online 

Elsevier* Hydrology 8 
most 
diversity 

4 

Atmospheric 
Environment 
3.062 

2.4 Can choose 
(for print) 

Yes: interactive 
plots and data 

Elsevier* Meteorology 5 5 

Agricultural 
and Forestry 
Management 
3.984 

4.3* Can choose 
(for print) 

Yes: interactive 
plots and data 

Elsevier* Meteorology 3* 
most graphs 

6 

Boundary 
Layer 
Meteorology 
2.525 

7.7* Yes Yes, multimedia, 
video files, 
graphics 

Springer Meteorology 1* 
most graphs 

7 

Ecology 5.000 2.4 No cost Not specified Ecological 
Society of 
America 

Ecology 4 8 

Table 5 shows the eight journals evaluated in the state of the art survey. The top three 

types of journals using the highest graph of visualization types were hydrology and general 

ecology. Also, the top three journals using high diversity of visualization types are published by 

three different publishers, which vary in whether they charge for color use and whether they 

encourage multimedia and interactive displays. 
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Figure 12: A low graph rating means a low use of graphs in relation to all other types of 
visualization used (high diversity of visualization type). The highest use of graphs in relation to 
all other types of visualizations are in the two journals with the lowest impact factors, as seen in 

Canadian Journal of Forestry (#8) and Boundary Layer Meteorology (#7).  

In Figure 12, a number of trends might be seen. First, the journals where publications 

contain a higher amount of graphs compared to all other visualization types (Canadian Journal 

of Forestry and Boundary Layer Meteorology) seem to also have a lower impact factor rating; 

whereas, the journal with the highest impact factor (Ecology, #5) has a low graph rating, but not 

the lowest; Ecology still used a higher ratio of graphs to all other visualizations than other 

journals with lower impact factor ratings. 

Other questions to explore are (1) whether the cost of using color in a figure, and (2) 

whether the journal encouraged multimedia figures and visualization affect the use of more 

sophisticated output. These two characteristics of journals are calculated into one metric by 

adding together:  (1) whether there is a cost associated with color (1 = no cost, 0 = can choose, -1 

= yes, a cost) and (2) whether a journal directly solicits multimedia content in the instructions for 
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authors (0=not solicited, 1=directly solicited). This metric will be labeled “Freedom to Publish” 

and will be viewed in relationship to the graph rating and the number of visualization of interest 

(Table 6). The higher number indicates a higher incentive to publish more sophisticated 

visualization and fewer restrictions for publishing visualization with color. 

Table 6: Use of graphs, the freedom to publish score, and the journals’ publisher. 
Journal/Impact 
Factor 

Graph rating (ratio of 
graphs to all other 
visualizations chosen) 

Freedom to Publish Journal Publisher 

Water Resources 
Research 
3.709 

2.2* 2 Wiley (AGU) 

Ecosystems 
3.531 1.9* 1 Springer 

Candian Journal 
of Forest Research 
1.657 

5.1 0 Canadian Science Publishing 

Journal of 
Hydrology 
2.693 

1.7* 1 Elsevier* 

Atmospheric 
Environment 
3.062 

2.4 1 Elsevier* 

Agricultural and 
Forestry 
Management 
3.984 

4.3 1 Elsevier* 

Boundary Layer 
Meteorology 
2.525 

7.7 1 Springer 

Ecology 
5.000 2.4 0 Ecological Society of America 
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Figure 13: There is no clear trend in the high use of graphs to all other visualizations in journals 

where there is a cost to publish in color and where no direct solicitation for multimedia content is 
called for (i.e., low freedom to publish). 

 
 Figure 13 shows the relationship between freedom to publish metric and the graph rating. 

There seems to be no consistent relationship between these two metrics—meaning, low use of 

graphs in relation to all other visualization types is not necessarily related to high freedom to 
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publish. In other words, it may not be the journal’s rules for submissions that are affecting the 

high use of 2D graphs. 

 To be sure, calculating a metric for evaluating the how easy it is for scientists to publish 

more technically advanced material, their data sets, or an interactive model is difficult to do. The 

journals, the authors, and the readers seem to be transitioning into new publishing practices and 

new media, such as through interactive models in article supplementary materials, so that 

measuring the change as it is happening is limited. Likely checking back in a few years might 

show change over time, especially with regards to a freedom to publish metric. For example, the 

question of cost for publishing color becomes obsolete as print media no longer exists in the way 

it does now. Additionally, other costs for data storage and archiving might arise. 

 In addition to making it easier to print color and encouraging multimedia visualization, 

journals employ strategies to support authors in preparing their articles for print, and even 

soliciting authors to include data sets and multimedia material such as found in an animation or 

movie. The Water Resources Research web site offers illustrated instructions for authors for 

publishing figures, as seen in Figure 14.  
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(a)  
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(b)  
 

Figure 14 (a) and (b): Detail from the instructions for authors page of (a) Water Resources 
Research journal and (b) Ecosystems journal instructions. The first website and journal (a) are 

hosted by the American Geophysical Union (Wiley Publisher), the second (b) by Springer.  
 

 Instructions for authors to include multimedia material and tips on graphics might be one 

way for authors to better understand the possibilities, as well as understand how best to present 

their data. Elsevier Publishing, which hosts three of the journals from this study (Journal of 
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Hydrology, Atmospheric Environment, and Agriculture and Forest Meteorology), offers 

assistance for creating figures and illustrations, which they term “art.”  Elsevier makes 

distinctions between the following “types of art” (see Table 7).  

Table 7: Detail from Elsevier’s web site on the formats for graphics. 
Types of "artwork" Abbreviated description 
Line art - EPS (vector 
based) 

...complementary to raster graphics (images as an array of pixels, like photographs) 

Line art - TIFF (bitmap) 
...commonly used for graphs and charts. Information contained in black and white line art 
images is purely black and white with no tints or gradations present in the image. 

Grayscale images in 
TIFF/JPEG format 

...are distinct from black-and-white images, which in the context of computer imaging are 
images with only two colors, black and white. Grayscale images have many shades of gray 
in between. 

RGB images in 
TIFF/JPEG format 

...RGB images are made of three color channels (Red, Green, Blue). An 8-bit per pixel 
RGB image has 256 possible values for each channel, which means it has over 16 million 
possible color values. RGB images with 8 bits per channel are sometimes called 24-bit 
images (8 bits x 3 channels = 24 bits of data for each pixel). 

Combination Art - 
TIFF/JPEG format 

...This is an image type that is a combination of both a halftone (gray or/and color) and line 
art elements: combination artwork. 

Combination Art - EPS 
format 

When vector based images also contain images, such as photographs, or line art images, 
this is called combination artwork (hybrid vector images 

 

 No other publisher makes this distinction. Springer, the other major journal publisher, has 

very little in the way of guidance for figures that might be used in publication. That said there 

seems to be no clear trend in the data that might be affected by this focus on “artwork.” Also, 

while the instructions for publishing figures such as found in Elsevier and on the AGU web site 

(Water Resources Research), there does not seem to be a connection between the article 

submission process and the use of visualization in publications. One might hypothesize that, over 

time, these websites will publish articles differently than they do now, and—perhaps—even the 

structure of articles will change due to the publishing of datasets and interactive models, so 

others can reconstruct and test the findings on their own.   

 This analysis of the state of the art in visualization is limited in a number of ways. Taking 

inventory of the figures in a sample of journals over six months tells the current state of the art, 

but not the change in state of the art over time. Six months in the cycle of research and 
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publishing seems a short time to recognize change in practices, especially since the studies that 

are most recently occurring—potentially using new software tools and visualization—follow 

similar cycles to grants, which last one to three years, with results taking time to process and 

write up. To be sure, the field of science visualization is relatively new; the seminal work on 

visual analytics, Illuminating the Path was not written until 2005 (Thomas). Revisiting the study 

in five years might produce results showing vast changes in the visualization practices of both 

scientists and publishers, and due to both the types of scientific research practices driving results 

and the innovations in publishing that make publishing different types of visualization possible 

and even encouraged. Finally, publishing in journals is just one medium for scientists to 

communicate their work. Other settings may demonstrate different use of visualization for 

communication. 

3.2.1 Real-time Visualization 

After surveying the journals to understand the state of the art in visualization, we wanted to make 

certain we had not missed other types of visualization that might be presented in a different 

medium. Had we missed any criteria that might not be found in figures published in journals? 

We chose another context for testing the visualization of interest criteria and inventorying the 

types of visualization being used: conference presentations at the Ecological Society of America 

(ESA) annual meeting. These presentations are a typical setting for visualization use, but use a 

different medium from a journal article. We speculated whether the use of Powerpoint and 

multimedia could produce exceptional examples or live display of visual analytics. 
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Table 8: Frequencies by percent of types of visualizations found in conference presentations. 
Visualization types, ESA 

conference  
(n=173 presentations; n=3,898 

visualizations) 

Visualization types, Journal 
(n=1,142 articles; n=24,881 

visualizations) 

Graphs 40% ~77% 
Maps 11% ~11% 
Charts 4% * 
Photos 31% ~2% 

Illustrations 9% ~6% 
Computer Graphics of 

Natural Phenomena 
5% ~4% 

In order to collect this data at the conference, where presentations would move quickly 

without much time for review, we revised the evaluation form to shorten it (i.e., we counted how 

many visualization types; noted whether to follow-up; and noted if any visualization exceeded 

the visualization of interest criteria we had developed during the journal survey). Using the 

shorter form, we inventoried the figures found in a random sample of presentations (n=173 

presentation; n=3,898 visualizations) at the conference. 

We found similar use of figures and visualizations during presentations. Table 8 shows 

that presentations used a fewer percentage of graphs (40%) than journal figures (~77%), but a 

higher percentage of photos. This result makes sense, especially considering the use of 

presentation slides during presentations, as well as the personal storytelling and verbal 

explanations backed up by filler visual aids such as photographs, that accompany conference 

presentations. No new criteria or visualization of interest (VOI) was found at the ESA. We found 

consistency across presentation and publications media, and our list of criteria for visualizations 

of interest to the VISTAS development group was not changed after the viewing of conferences 

presentations. Additionally, we were surprised that presenters did not make use of the 
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presentation medium, such as showing an animation; there were only five uses of live simulation 

in our sample. Commentary about the presentations we planned to follow-up on can be seen in 

Table 9. This commentary shows the early design aims of the VISTAS case study leaders. 

Table 9: Summary of ESA conference presentations that were tagged for follow-up. 
Commentary ranged from presentations to emulate to possible partners or advisers to query for 
the VISTAS software development project.

Table 9 shows notes taken on which presenters and presentations members of the group 

planned to follow-up with. The main purposes of surveying presentations at a conference were 

(1) to see if the count of visualization types was different; and (2) to see if we had missed any 

criteria that might define a visualization of interest to the VISTAS software development and 

Presenter Title of Presentation Commentary 

Bradley Nelson  Testing links between species traits, phylogeny and 
environment in a Mojave Desert rodent metacommunity

Cool water model - RIBIT by Jim McKean of Boise RMPS Center for Water Research  

Spencer Bisset  Coastal Vines:  Untangling a web of ecosystem 
interactions 

They used LIDAR to do a soil survey 

Mariela C. Núñez-
Ávila 

 Seed dispersal limitation of tree Aextoxicon punctatum in 
historically isolated and fragmented rainforest in semiarid 
Chile

Used a 3d model; had an interesting pic of layered map/graph/photo/illustration 

Rupert Seidl  Drivers of spatial variation in old-growth forest carbon 
density disentangled with LIDAR and an individual-based 
landscape model

layered data; Soil, climate; vegetation; used LIDAR 

Kyla M. Dahlin Ecosystem assembly meets geostatistics: Using airborne 
remote sensing and simultaneous autoregression to 
understand vegetation patterns in a recently disturbed 
landscape 

is interested in spatial statistics and big data 

Allison Fortner  Spatial-temporal characterization of carbon dioxide and 
methane emissions from four electric power-producing 
reservoirs in the southeastern U.S.

Lots of pictures of instrumentation used. 

Meghan Midgley Mycorrhizal associations of dominant tree species help 
explain variation in forest ecosystem response to N 
deposition 

Complex maps. One of the maps showed landcover with superposed graduated circles 
of N emissions superposed. 

Jim Hefferman  Hydrologic and hydrographic convergence in urbanizing 
landscapes

One of the maps was a probability map, showing the spatial distribution of the 
probability of a stream disappearing. There was interesting use of color: using different 
fill color for lakes by age on a map, to show the spatial distribution of lakes by age. 
Also, nice use of faded out maps, so spatial context was there, but the information 
dominated. 

Misha Leong  Impacts of anthropogenic landscapes on bee community 
composition and seasonality

use of time-lapse animation to show change of NDVI over time. 

Ruth D. Yanai  Quantifying uncertainty in precipitation estimates Thiessen Polygons- Cool project dealing with uncertainties in watershed scale 
modeling in N, H20, C, etc. CONTACT: quantifyinguncertainty@gmail.com 

Paula J. Peper  How large is large? Urban tree allometrics from 16 U.S. 
climate regions

Simulated shadow patterns on a wall of trees, but allometrics don't seem to work 
very well with heavily trimmed (read: urban) trees 

Tom Purucker  Preserving flow variability in watershed model 
calibrations

35,000 computer hours needed to run models, multiple scale was just a scaling study 
site map, SWAT model- semi-distributed and calibrated with each datashed/watershed 

Carissa D. Brown  Empirically linking fire history to seedbed quality, species 
establishment, and growth: Predictions for northern boreal 
forest succession under changing climate and disturbance 
regimes

Simple animation (similar to flash player, probably made in ppt) of forest fire effects 
on seeding of trees  

Miranda T. 
Curzon 

 Harvest-related disturbance effects on species richness 
and community composition in Lake States aspen-
dominated forests 

Tree illustrations 

Meghan A. 
Halabisky 

Using LiDAR and object-based image analysis to map 
wetlands in Mt. Rainier National Park

Object based image analysis with LiDAR- software- trimble-eCognition, stated she 
wanted animation but could not do so/ WHY NOT? Intensity on LiDAR images to 
make it clear. I will follow up with LiDAR information 
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design group. Additionally, the principle investigator of VISTAS, a computer scientist, wanted to 

seek out potential new collaborators or new colleagues to add to the network of support for 

developing visualization for environmental scientists. This early activity in the VISTAS case 

study helped to increase understanding of the state of the art in visualization in two settings 

where domain scientists like the VISTAS collaborators were communicating their work. 

Data collection at the ESA conference was limited by a number of factors. First, the time 

it took to inventory the presentations was prohibitive. In order to complete data collection of the 

sample within the confines of the conference’s schedule, it took four data collectors. 

Additionally, the cost of attending the conference in order to conduct the research was high; 

however, we were also presenting at this conference, which helped justify the cost of attending. 

That said, the time and financial cost of attending another conference, which would have further 

verified our findings, did not justify data collection for the sake of comparison. 

3.3 Discussion 

The primary purpose of completing the state of the art in visualization survey was to understand 

the context in which VISTAS scientists are working in order to inform the software design and 

development process. The predominance of graphs will likely continue in published manuscripts, 

as they are both useful for quickly understanding relationships between variables and expressing 

magnitude; however, just as was found in the visualizations of interest, computer-generated 

visualization design will likely allow scientists to incorporate a diversity of visualization types in 

their figures that represent more variables and attributes found in the data (e.g., spatial 

information visualized as a map with magnitude represented through a graph, categorical data 

represented through color, and change over time represented through multiple time series 
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graphs). Eventually, live visual analytics of figures, where the data and visualization can be 

manipulated, will likely change how findings are published. Whether this makes the 

communication of findings more “effective” is still unknown. 

 With regards to the current state of publishing visualization, journals were inconsistent in 

their instructions, and while some publishers encouraged more sophisticated visualizations (e.g., 

multimedia material) in their online publications, there is no direct connection between the trends 

in visualization use and the freedom to publish new types of visualization. On the other hand, at 

the ESA conference, a few researchers showed their experimentation with data visualization with 

attempts at animated models and visualizing big data. It seems likely that this trend will continue 

and eventually manifest itself in online publications, not only because there will be a demand for 

it, but because the medium for making such visualizations available to others will spur this 

development. Some of the publishers are starting to encourage researchers to provide multimedia 

materials and datasets for others to use. In order to verify this trend, one might compare the 

results from multiple state of the art surveys over time. Through a longitudinal study, one might 

be able to chart the changing nature of visualization use in scientific research and 

communication. At this point, the transition seems to be happening. 

The inconsistency in publishing between journals seems to make the process of preparing 

figures complicated for scientists. While the various publishers offer help, such as the case with 

Elsevier offering assistance with “art work,” the use of sophisticated visuals for presentation 

seems overcomplicated and a barrier for scientists to experiment. One reason why there is 

inconsistency among journals is that not all publishing is entirely online—some journals 

continue to develop material that will be printed. Scientists and publishers must prepare material 

for both media and might struggle with requirements of both the static and the dynamic page. It 
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seems that with the ubiquity of technology that print versions of articles are becoming less 

common in research institutions, and online access to material is the norm. This change from 

print to online media is relatively new, and the transition makes predicting what might change 

for the process of publishing in the next decade difficult. 

With regards to the emergence of online media, in addition to implications for preparing 

material for publication, there are also implications to the process of science. One implication 

seems to be greater accessibility to others’ findings through ease of use. For example, animating 

an online model and manipulating it using live visual analytics is easier than viewing a static 

journal page where the animation is visualized as a series of miniature graphs or maps followed 

by a caption. This ability to interact with visualization online seems to increase accessibility. 

Additionally, online media make science more transparent when journals encourage the 

publishing of the actual datasets that drive the results and visualizations of various research 

projects. Journals are encouraging the publishing of multimedia material and datasets, and it 

seems that access to others’ data and models will likely increase; however, it is too soon to tell 

the implications of this accessibility to the process of science and whether scientists and others 

will find it useful or time-consuming. 

Finally, there is no clear relationship between the impact factor of a journal and the types 

of visualization being used. Scientists who are concerned about the impact of their work do not 

yet need to change their visualization practices for the purposes of publishing in these journals. 

Rather, they should continue to produce high quality science. Although, the extent to which 

sophisticated and diverse visualization enables them to conduct good science should be 

considered. Also, a scientist might consider the trends in visualization within the particular 

journal in which they wish to publish. 
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3.4 Conclusion 

 As a group, we developed a systematic way of evaluating the state of the art of current 

visualization by viewing thousands of visualizations and tracking features of these visualizations. 

We also created a definition of visualizations of interest and criteria that we presented to the 

research group as a target for their design process, which will be more fully described later in 

this paper. My participation in the discussions and definition building with the journal study 

cohort helped me identify typical visualizations that are familiar to the ecologists in the main 

study of this paper, and provided me with a baseline understanding of the visual culture in which 

the VISTAS case study participants conduct and communicate research. The results of this study 

were presented to members of the VISTAS case study, and their responses to the findings are 

reported in a later section of this paper. These results were also further analyzed in order to 

create hypothesis for further testing, such as whether certain subfields of ecology were using 

visualization with design criteria similar to what the VISTAS tool would create, if the impact 

factor, and other aspects of the various journals and publishers, affected the types of visualization 

chosen. Factors such as cost to publish color, direct solicitation of multimedia content, and 

subject matter were considered with regards to diversity of visualization used and presence of 

visualization of interest. Also, we evaluated presentations at a conference in order to see whether 

the live visualization experience is different than what one would experience reading a journal. 

We found that, while presentations made use of more photographs, we could not detect much 

difference between the two mediums. What follows is a description of the methods I used to 

conduct analysis of specific ecologists and their visualization use and experiences, in order to 

better understand how and why they intend to use visualization and visual analytics.  
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4 CASE STUDY RESEARCH METHODS 

 Qualitative methods allow the researcher to interpret observations different from 

quantitative research methods, whether it be through exploring the meaning found in interviews 

or documents, and/or getting close to study subjects, and seeking depth of insight rather than 

statistical generalizability (Bryman, 1988). This interpretivist paradigm has its roots in sociology 

and anthropology, and posits that the researcher’s expertise and interpretation are part of the 

process of research, that knowledge might emerge through dialogue between researcher and 

respondents, and that interpretations exist in a particular context (Miles & Huberman, 1994; 

Silverman, 2006).   

 The strengths of qualitative research are many. Qualitative research can uncover 

information about phenomena like attitudes that may not be as easily gathered or measured 

through a survey question. One has to be careful, though, when using qualitative methods. The 

difference between a journalistic story and a case study lies in methods for collecting and 

analyzing data (Bonoma, 1985). For example, qualitative researchers must spend a portion of 

their time evaluating personal biases. That said, the researcher’s interpretation in analysis is an 

important part of the findings, especially in an exploratory study like the VISTAS case study 

(Yin, 2014).  

 The terms positivist and empiricist often are associated with the quantitative approach, 

and naturalistic, ethnographic, interpretivist, and constructionist associated with qualitative 

research (Bryman, 1988). A positivist approach is characterized by operational definitions, 

objectivity, replicability, causality, and empirical evidence—hence the use of surveys in 

quantitative research, with careful wordings so that statistical tests can later be applied and 

answers judged for how accurately they represent reality (generalizability). In contrast, 
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qualitative methods highlight the researcher’s experiences within a certain field context and 

informed point of view, and makes use of interpretation of events in their natural setting, so that 

the value is less about statistical generalization, but rather toward analytical generalization (Yin, 

2014). In this way, the collection and interpretation of data differs in nature from a standard 

quantitative study and statistical analysis. Interpretive license taken by the researcher is central to 

the value of the findings; however, it is advisable for the case study researcher to achieve a type 

of competency in the “content and language of the field—its terminology, theories, findings, 

methods, and controversies—and are able to analyze the content…with respect to the social 

relations, power structures, cultural meanings, and history of the field” (Hess, 2001: 9). 

Additionally, validity—both internal and external—is increased through study design and 

systematic thinking. To the extent possible, I have generalized the statements and observations 

by the VISTAS participants to show patterns in their responses and provide explanations for why 

these patterns occur (Yin, 2014). It is my hope to use case study to help understand how and why 

the use of visualization affects the process of scientific exploration and communication.  

 

4.1 The Use and Relevance of a Case Study Approach  

The case study approach is often used when a research question is unveiling concepts and 

discoveries in a relatively new or unexplored topic, such as in this study about innovation and a 

new technology like VISTAS. Case study is also a useful method for uncovering deep insight 

into a topic or group of people over time. The VISTA’s case study results were made possible 

through the long-term (three-year) relationship I developed with the VISTAS research group. 

The scientists in the group are typical of other research scientists who might be navigating 

current changes in research and technology. My relationship with these insiders increased the 
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number of opportunities for asking questions and gaining access to a more in-depth view of the 

many facets of visualization use than would have been available had I written survey questions 

based on the literature or hypotheses for wide distribution to a sample of participants and 

subsequent quantitative analysis. Through the role of qualitative researcher, I became aware of 

the struggles and the victories of members of the development team over time, and witnessed the 

evolution of both the tool they were creating and the visual output that the domain scientists 

designed using the tool.  

 Case study was chosen for this project as a way to test the propositions the VISTAS 

research team set out to explore, and in a way that might be beneficial to other researchers 

considering similar problems in visualization design meant for both exploration and for broader 

communication of complex datasets. A current gap in the visualization community is studies that 

incorporate real users, with real problems, using real data in their study designs (Carpendale, 

2008). These studies in the wild are valuable because they explore phenomena within real 

settings, rather than using contrived settings, such as a lab with controls. This real setting adds 

value in cases where the phenomena are understudied or relatively unknown. In the case of a 

typical visualization research process, contrived studies (lab work) usually take place using 

university students who volunteer to participate using canned, generic data, rather than real 

visualization users, such as in VISTAS.  

The outcomes of my venture are description and analysis of the phenomena from the 

field, which increases the currency of the study (Bonoma, 1985). Currency “refers to the 

characteristics of research that affect the contextual relevance of findings across measures, 

methods, persons, settings, and time” (Bonoma, 1985, p. 200). In other words, the VISTAS case 

includes descriptions of a particular context and its participants, which is different than if data 
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were collected in a more controlled environment, where variables are manipulated, such as with 

lab experiments. I was not testing a hypothesis, but rather exploring a number of propositions set 

out by a specific group of people (single-case study) through archiving and analyzing their 

interactions. Through this study, I identified patterns both inside the system of the case and with 

regards to what is already known about similar systems and cases. For example, we know that 

visualization is a useful tool in scientific research; however, through the VISTAS case study, we 

might understand how VISTAS scientists use visualization to explore using big data, a new 

problem facing scientists. My study generates insights into the proceedings of the VISTAS 

research group that might guide formation of variables or hypotheses, which then might be 

further tested.  

This is not to say that a controlled lab experiment or a survey of a representative sample 

for greater generalization would not be useful to answering my study questions eventually; 

however, it would be premature to choose variables that might be tested using these other 

methods without having first defined the broader set of factors that may or may not be interesting 

or significant. Thus, my study explores value propositions of the definable and discrete VISTAS 

group, which functions in a particular context.   

 

4.2 Case Study Type & Generalizing Findings 

I used a single case study approach collecting data from the field with the VISTAS 

research collaborative as my unit of study. My personal participation within the VISTAS 

research collaborative provided a sustained opportunity for interaction with the members of the 

VISTAS group, as well as with topics important to them and their work. Notes on daily 

interactions were taken and archived both by me and, for the formal meetings, also by another 
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person. My notes were a shorthand jotting on the emerging themes based on the propositions set 

out at the beginning of the project, depending on what was happening in the meetings or 

interactions. Depending on the content of the meeting, such as during all-hands meetings or 

demonstrations of the software, I recorded and transcribed the proceedings for a more thorough 

content analysis. I prevented myself from jumping to conclusions by continually consulting the 

literature and outside experts on the topics emerging during these meetings or interviews. For 

example, the topic of abductive reasoning was introduced at the November 2013 retreat by one 

of the scientists. In order to understand this concept and how it might apply to the case, I 

consulted the literature on the topic of abductive reasoning, as well as discussed the concept with 

a cognitive scientist from University of California, San Diego (David Kirsh), during a workshop 

on visual analytics.  I then analyzed the project data—the statements by researchers during 

meetings and resulting exploration activities—with regards to the concept of abductive 

reasoning, telling how researchers were engaging in abductive reasoning and how the instances 

were in or out of line with the literature on the topic. Finally, I discussed what I was thinking 

with my key informants, informally, who might also be experts in a particular aspect of the 

proceedings. I used spreadsheets to track the occurrences of various meetings, and made note of 

when a participant would join or leave the VISTAS research group. 

 Instruments and protocols were crafted both early in the VISTAS case study and 

developed over time. One instrument used for data collection was a semi-structured interview, 

administered to the research scientists and computer scientists of the VISTAS case study. The 

interview questions were developed at the beginning of the project by the project’s lead 

sociologist (see appendix C). These questions were based on a number of propositions from the 

advent of the project, including the claim that visualization would help scientists be able to 
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access their data and come to insight more easily. Developing questions and analyzing responses 

based on initial propositions, such as the VISTAS group started with, are common techniques for 

framing a single case study (Yin, 2014).  

 One criticism of single case study approach, such as the VISTAS case study, is that 

analytical conclusions will be weak due to an inability to compare findings in contrasting 

situations, such as one would find in a multiple case study approach (Yin, 2014). One remedy is 

the use of embedded units of study, who will be called key informants in this study. I used these 

key informants’ specialized knowledge and varying experiences with visualization to help shape 

the themes of analysis through which to interpret the proceedings of the VISTAS research and 

development, and come to conclusions. The use of the key informants was not so much to take 

their expert word as fact, but to understand what topics they were concerned about, how they 

were viewing the problem, and also how they were responding to other participants in the case 

study. Analyzing these key informants both individually during the interviews, and together with 

regards to the other participants in the meetings, provides a chain of evidence using multiple 

sources of data over time (Yin, 2014). I used content analysis from their interviews and the all-

hands meetings, and tracked visualization tool development (e.g., was it able to produce what the 

project leads were hoping it would produce?) over time through meeting notes in order to 

explore the propositions guiding the work of the VISTAS group.  

 

4.3 My Embedded-ness 

One struggle with this type of field case study is deciding how much to become involved 

in the proceedings. I was not immune to these struggles. My research was not a field experiment, 

and yet I was supposed to be a participant observer, meaning, the VISTAS development team 
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wanted me to contribute to the ongoing work of the group. I contributed to the project website. I 

had many informal conversations with members from the project about wide-ranging topics. 

Over the course of the VISTAS case study, I contributed to the reading group discussion and 

meetings, as well as to the organizing of the all-hands meetings, simply because I knew the 

intimate details of the project and the people involved. Some of the conversations and forays into 

literature on foreign topics were used in the analysis and discussion of this dissertation. And 

some were not, though they were noted. These extracurricular topics acted as rungs on a ladder 

leading to other concepts and literature that were relevant to answering my research questions. 

Sometimes the topics led me down rabbit holes of irrelevance, but also caused me to choose the 

paths where I could wander to the questions I could answer using project data. Over the course of 

the project, these forays and wanderings were noted and incorporated into my literature review 

and analysis of project data. 

I maintained distance by taking the observer role at the meetings, except for an 

occasional comment (e.g., over the course of the 2013 two-day all-hands meeting, I did a 10-

minute presentation on the broad topics I was studying, as well as my role as social scientist; and 

I made one comment at the end of one of the discussions, which consisted of a total of two 

sentences in the transcript).  When I was called upon during the meetings (e.g., “That’s the social 

scientists’ concern.”), I made an effort to note the particular reference in my notebook, and either 

responded during the meeting or later, at an appropriate moment, or not at all. When the project 

members did not make the distinction between the various types of social science (e.g., cognitive 

psychology, human-computer interaction, anthropology, user studies) that might contribute to a 

project like VISTAS, I struggled with defining what I was capable of contributing in response to 

these questions and expectations. For example, some group members assumed I might be the 
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expert in user studies, helping to refine the interaction techniques of the single user of a visual 

analytics tool, such as someone who studies human-computer interaction. But I was not an expert 

in user studies. Some group members assumed that I might be expert in understanding and 

testing concepts used by cognitive scientists, including problems like cognitive overload. But I 

was not an expert in cognitive science. Some group members thought I might become expert in 

project management or that I could become expert in developing the manual for use of the 

software (use cases) or do demos of the software to user groups. These topics were interesting, 

but outside of my main research aim, which was to understand the use of visualization from the 

point of view of social science researcher concerned with broader issues such as problem 

solving, public policy, consensus, knowledge production, and science communication. 

 I read up on the extracurricular topics, which are fields of study with a broad record of 

literature, and I even presented at visualization conferences and workshops; however, I also 

attempted to define what I was and was not able to be and do for the VISTAS group with regards 

to each of these demands for expertise and contribution outside my personal ability and aims. In 

the end, I participated enough in the various activities to understand their importance to the 

study, but I also kept distance by articulating my interest in broader problems of (1) visualization 

use in exploring and communicating data, and (2) the limitations of visualization use for 

exploring and communicating environmental science findings in both the research and public 

policy settings. These questions were about scientific process and broader, more abstract social 

science questions than those I might have been tempted to ask had I answered the call to 

contribute in other ways. Again, the requests that I was unable to fulfill were legitimate needs for 

project progress; but instead of actively pursuing them as a project participant, I noted and 

enfolded many of them into the literature review, analysis and discussion of the case. My 
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contribution was going to be somehow different. I had to be mindful of my embeddedness as 

researcher in the VISTAS research collaborative.  

I would characterize the main contribution of my active participation in meetings and 

conversations over the course of the three-year project as having a more global or big picture 

impact. Additionally, my transcripts and notes and attendance at all types of meetings made me 

an archivist of project history somewhat different from the collective memory of others in the 

group, who were more focused on science or engineering goals. That said, I was limited in my 

embeddedness both by my personal research interests, which were separate and unique to the 

group, but also by the inability to become an expert in the broad range of fields represented by 

the VISTAS members. Expertise in these fields requires years of training. In addition, my 

research interests were about the people and their work in the VISTAS research group, and so I 

needed to be sensitive about withholding, to some extent, my reflections on the process they 

were engaging in—to see how things might play out in the case. I also needed to be sensitive 

about how I framed the personal interactions with study participants. Once, I slipped during a 

presentation, calling someone out on a relevant comment they had made at a meeting a year ago 

that I had just read in my transcripts. Of course, this calling out was done with caution, and after 

further reflection, somewhat regretted. That said, I worked to calibrate the balance between 

inserting myself into the proceedings, and holding back. This calibration was an ongoing 

challenge throughout my involvement in VISTAS. 

 

4.4 Data Collection 

 The Visualization of Terrestrial and Aquatic Systems (VISTAS) research group is made 

up of computer scientists and environmental scientists working to develop a visualization 
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software tool that might help ecologists explore and communicate their data. I seek to understand 

the benefits and limitations of visualization use through exploring how and why researchers are 

using visualization in their work. I used a single case study approach (Yin, 2014) for studying the 

VISTAS research collaborative. The VISTAS collaborative research group is the unit of study 

with four subunits for within-case analysis. The domain scientists and computer scientists are 

considered key informants (Yin, 2014) and subunits within the greater VISTAS case study.  

Their specialized knowledge helped inform my understanding of interactions and events that 

occurred over the course of the project. Over the course of three years with the members of the 

group, I interviewed formally the core group of key informants (n=7). In addition to the 

transcripts from these interviews, data were produced via follow-up emails and informal 

conversations about the project and topic with members of the group, which I kept notes on.  

 Data were also collected from participants of the VISTAS case study at all-hands 

meetings that were organized and run by project leads, and analyzed using the codes built from 

the project’s propositions, interviews with the key informants, and models and frameworks for 

understanding the many facets of the VISTAS case study as found in the literature. The all-hands 

meetings occurred throughout the three-year project. Findings from all-hands meetings 

transcripts will be presented here in great detail to analyze how the views of the case study 

participants were expressed, challenged, and developed through interaction with others in the 

group over time.  

I attended weekly meetings from 2011-2014, which varied in subject matter. I 

participated in a reading group of students and project members, where we would read and 

discuss the current literature on a particular topic relevant to any number of VISTAS activities. 

The attendance at these meetings ranged from five or six participants (the development 
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meetings) to 17 participants (the all-hands retreat in November 2013). I collected data over the 

course of three years (December 2011-December 2014). Emails and the project website, though 

not used for content analysis, became an archive of the timeline of events and project highlights. 

Four types of meetings occurred, and I attended all meetings regularly; a brief description of 

these meetings is below, and a table containing the dates of the meetings and archive of data 

collected can be found in Appendix C. 

 

4.4.1 All Hands Meetings 

The first type of meeting that occurred included the entire research group, which included 

project leads, social scientists, computer scientist, student developers and researchers, domain 

scientists, and chosen members of their labs. These all hands meetings varied in number of 

participants from between 13 and 17 people. The variation in number was due to the turnover of 

student population and change in project personnel. At these meetings, the group would view and 

discuss presentations by the domain scientists or students on special topics such as personal 

research. Demonstrations of software and discussion about project goals were typical. I audio- or 

video-recorded these meetings, transcribed the proceedings, and used these transcripts for 

content analysis.  

 

4.4.2 Development Meetings 

The second type of meeting that I attended was the development meeting. These meetings 

were attended by the developers and computer science leaders and focused on current problems 

and bugs in development, as well as discussion over progress and goals. Another subtype of 

development meeting was a demo or demonstration, where one of the development team 
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members would show the science collaborators the current state of development. I captured 

screenshots of these developments over time when possible. I audio recorded these development 

meetings, made observations and took field notes of the proceedings; however I did not 

transcribe the recordings from every development meeting due to the degree of technical 

sophistication and complexity of language and terms, which made much of the content 

impenetrable or irrelevant to my research questions. An example of the extensive notes taken 

during these meetings, complemented by the audio recordings, can be seen in Appendix D.  

 

4.4.3 Reading Group 

The third type of meeting was the reading group where members of the research team and 

students would gather to discuss a current article on a topic in visualization or related field. 

These meetings occurred once a month, and while I participated in these meetings, contributed to 

them, and even led a number of them, they were used to inform my literature review and 

subsequent data analysis, rather than act as a source of data for content analysis.  

 

4.4.4 Senior Leadership Meetings 

The final type of meeting was the senior leadership team meeting, in which I participated. 

Notes from these meetings were taken. Additionally, an important discussion from a senior 

leadership meeting in July 2013 was transcribed for the purpose of content analysis. During the 

senior leadership meeting, I mostly observed and listened. That said, I was also assigned tasks, 

such as crafting the agenda and instructions for presenters at the 2013 all-hands meeting. I was 

also privy to budget and original grant documents central to the workings of the project. 
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4. 5 Key Informants & Codebook Development  

 The VISTAS research group began the project with the proposition that data visualization 

tools could help scientists better understand and communicate their own data, as well as increase 

their ability to integrate their research with others and overcome challenges associated with big 

data, as mentioned in the literature (Thomas & Cook, 2006). The science collaborators (subunits 

and key informants) were all using visualization in their work at the time, but their processes, 

tools, and output varied. They also varied in their workaday tasks, not only because of the 

ecological processes they study, the scale at which they study, or the part of the visualization 

process they work on, but because they used technology and modeling in different ways, and 

produce results for different audiences. The four subunits for analysis include members of the 

VISTAS collaborators and developers who represent different disciplines and varying levels of 

experience and familiarity with visualization and visualization tools (Table 10, next page). The 

use of these key informants increases the number of sources of evidence for building the findings 

for the case (Yin, 2014). The interviews conducted with these key informants work in concert 

with the meeting data in order to build the chain of evidence (Yin, 2014).  
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Table 10: Key informants and other participants in VISTAS Case Study by type. 

VARIABLE 1: 
Members of the subunit* 

VARIABLE 2: 
Domain and general 
scale at which 
processes are analyzed 

VARIABLE 3:  
Prior experience with 
visualization 

Unit 1 (n=2 
interviewed) 

Scientist, computer 
scientist, development 
team 

Biogeochemistry; 
watershed scale 

Long relationship with 
VISTAS developers; 
established software 
tool in process 

Unit 2 (n=1 
interviewed) 

Environmental engineer, 
graduate student developer 
(share graduate student 
with Unit 1) 

Environmental 
engineering; agent-
based modeling; 
watershed to regional 
scale 

Extensive software 
development; familiar 
with tools 

Unit 3 (n=1 
interviewed) 

Scientist Micro-meteorology; 
micro-scale processes 

No prior relationship 
with development 
team; creates own 
processes and 
technological tools 

Unit 4 (n=3 
interviewed) 

Computer scientist and 
main consultant, student 
developers 

Computer science (no 
particular scale) 

Varied experience 
levels, some prior 
relationship with Unit 1 

All 
participants 
(n=21) 

Include key informants, as 
well as principal 
investigators, students, 
project leads, and 
researcher 

Varied Varied 

* The participants of the four subunits of analysis have membership in the greater VISTAS case
study, of which I am also a member. 

What sets these participants apart from the others is their role as scientists intending to 

use visualization, or as a software developer lead with specialized technical information on 

benefits and limitations of visualization. Gathering evidence from these unique participants, as 

described in Table 10, as key informants within the VISTAS case study is targeted to answering 

the central research question about visualization use, benefits, and limitations. Setting aside these 

subunits follows the domain-driven design model, where the domain is analyzed by a group of 

software designers in order to gain deeper understanding of the needs of the real user (Evans, 
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2004). A conceptual model of how a design team works with domain scientist can be seen in 

Figure 15. 

 (a.) (b.)

Figure 15: Illustration of using key informants as a way to conduct within-case analysis. The 
gray circle in the middle is the interviewer. Illustration (a.) shows how Unit 4 (the software 
developers and engineers) provided an understanding of the limits of software innovation with 
regards to the needs of Units 1-3 and (b.) shows how separate interviews with key informants (1-
3, or the domain scientists) and comparison of results increased an understanding of the intended 
uses and reasons for use of visualization, but with regards to Unit 4’s responses.  

Figure 15 illustrates how key informants were approached in the VISTAS case study. 

Interviewing and analyzing data from key informants of Units 1-3, who represent the domain 

science collaborators in the VISTAS case study, form the basis for understanding the intended 

uses of visualization. The interview data from units 1-3 were analyzed separately from each 

other and with regards to the responses from the computer scientists in Unit 4, who articulated 

the boundaries of software innovation. Interview data from Unit 4, which also helped form the 

baseline understanding for benefits and limitations of visualization, was analyzed with regards to 

data from key informants in Units 1-3 and their visualization needs. Finally, formal interviews 

with these key informants individually provided detail and explanations about ecological 

visualization and innovative design that was impossible to glean from either the meeting data or 

the state of the art visualization survey. 

UNIT%1%

UNIT%4%
UNIT%2%

UNIT%3%

UNIT%1%

UNIT%4%
UNIT%2%

UNIT%3%
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4.6 Transformations of Data 

After reading through the transcripts and notes from meetings, I conducted an initial 

round of open coding with direct transcripts from the interviews and all-hands meetings, I 

uploaded the transcripts into the NVivo software tool for qualitative research. The version of 

Nvivo software was for the Macintosh computer, which had fewer features for analyzing data 

than the PC version (see Appendix X for an example of the NVivo software). Using the NVivo 

interface, I went through each of the transcripts, collecting statements and collecting them into 

themes based loosely on the VISTAS case study initial propositions, which were used to create 

the interview questions. 

Sometimes statements would fit into more than one category. Nvivo software allows the 

analyst to see statements that fit these combined categories through the use of color bands in the 

margin of the page, such as in VISTAS data when a challenge would be both technical and 

specific to exploring. I found the software tool to be cumbersome, though it provided an initial 

output of statements by category and by transcript that might be further considered. Appendix E 

is an example from the coding session that shaped the analysis of communication and shows 

statements, grouped by theme and with color bands in the margin. The NVivo software, while 

helpful for this initial analysis of the transcripts, was less useful than hand coding the hard copies 

of transcripts, which enabled me to page back and forth through the various time periods. To be 

sure, NVivo software is very useful for initial coding. Printing out the initial chunks of text from 

the initial coding in NVivo made later selective coding easier. Ultimately, I preferred analyzing 

transcripts for the secondary and tertiary codes by hand on a hard copy of the text. 
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4.7 Overview of the Codebook 

 Analysis of interview data determined the final codebook for analyzing meeting 

transcripts, as mentioned earlier, answering broadly how and why scientists intend to use 

visualization and the limitations and benefits of visualization use, from their perspectives. In this 

section, I present an overview description of the final codebook contents including the main 

themes of (1) technical challenges; (2) exploration; (3) communication; and (4) development. In 

the next section, I will provide the findings and analysis, including analysis of transcripts from 

interviews, all-hands meetings and senior leadership meetings based on these codes.  

 

4.7.1 Codebook Description: Technical Challenges  

 As mentioned earlier, information and access to it has increased through digitization and 

datafication of phenomena (Mayer-Schönberger, 2013), which potentially demands more 

sophisticated visualization for making meaning of data (Thomas & Cook, 2006). At times, 

researchers were looking for known patterns that they wanted to verify and validate a model, 

other times, they were simply looking for patterns that they thought might be important to 

explore, but that had not been verified or fully explained previously. Table 11 summarizes the 

codes developed through grouping and analyzing comments about technical challenges in the 

interviews. Appendix E contains the coding results broken down by subunit 1-4.  
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Table 11: Secondary and tertiary codes for technical challenges are grouped by when they 
occurred in the data and visualization pipeline. 
 

PRIMARY CODE SECONDARY 
CODE 

TERTIARY CODE 

Technical challenges 
 

Early in the 
pipeline 

Potential visualization use for “big data” 
accessibility and management 
A challenge to visualization use is 
computational efficiency, especially dealing 
with data. 
A challenge to visualization use is processing 
efficiency. 
Potential visualization use for calibration of 
tools in the field and validation of data early 
in the pipeline 

End of the 
pipeline 

Potential use of “visual analytics”  

Potential generation of statistics simultaneous 
to visualization 

 

 Challenges discussed during the interviews generally had to do with processing data or 

visualizations, and participants distinguished the difference between technical challenges that 

happened early or late in the data and visualization pipeline, as seen in Table 11. Those 

challenges happening early in the pipeline were over the problem of big data, computational 

efficiency, and processing data into visualizations without a tool such as VISTAS. The 

challenges identified as occurring at the end of the pipeline were more concerned with 

calibrating a statistical model, using visualization to do analysis, and generating statistics 

simultaneously with visualization. Participants also mentioned the challenges associated with 

hardware. These challenges are directly related to the use of the visualization and software, 

rather than the challenges associated with the content of their research inquiries.  
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4.7.2 Codebook Description: Exploration  

 Exploration during scientific research is general to the domain of science. These 

challenges were related to technical challenges, but with specific reference to the activity of 

exploration. Participants expressed a hope that visualization would help them to explore their 

data and problems in their domain more effectively (Table 12). Specifically, participants would 

like to be able to scale better, understand interactions on the landscape, create spatial 

representations, and set parameters for comparing views within the visualization analytics 

process.  

Table 12: Secondary and tertiary codes in exploring and discovering. 

PRIMARY CODE SECONDARY CODE TERTIARY CODE 

Exploration Challenges in Exploration Understanding, in general 
Scaling 
Understanding interactions on landscape 
Spatial representations 
Parameter setting 

Validation Scientists use visualization to check model 
fit prior to deeper exploration. 
Output that incorporates design and 
statistics increases the ability to validate a 
model.  

Big Data Insight Visualization output is said to reveal 
insight with reference to exploration 
Output compresses data into a digestible 
form  

Exploration Strategies Create a 3D projection 
Explore “geospatially” 
Filter 
Aggregate 
Overlay 
Animate “flow” 
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 When referring to current output that is designed for exploration, participants most often 

used visualization to validate their models, doing a visual check of their data to see if their model 

“fit.” Beyond validating, participants discussed a number of exploration strategies that make use 

of visualization, such as flyovers, filtering, aggregating, overlaying data, and using 3D or flow 

visualization. Participants’ visualizations were often in the form of geospatial maps. Finally, 

when discussing output used for exploration, participants prized visualization for dealing with 

data, especially as it compresses information and reveals insight.  

 

4.7.3 Codebook Description: Communication   

 To be sure, the problems addressed by participants in the VISTAS case study are in the 

ecological domain; however, the project scientists often interact with stakeholders who are 

considering any number of human values in relation to landscape management decisions, which 

make these problems situated in the socio-ecological system. As mentioned earlier, a challenge 

in ecological research is to consider one research domain in relationship to other domains, and to 

ask how systems and processes are coupled. This connectedness and awareness of systems and 

processes outside of normal research boundaries have led to the combining of disciplines into 

one, such as in the case of bio-geochemistry. Researchers also attempt to understand connectivity 

between systems, potentially leading scientists to question how best to overcome certain barriers 

to collaborating.  

 The communication challenges expressed during interviews were generally between the 

scientist and a potential non-science audience (extra-institutional communication), rather than 

between the scientist and the software team (institutional communication). The specific 

communication challenges were extra-institutional, and included the difficulties in simplifying 
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hard to understand concepts and findings. Also, participants mentioned difficulties in convincing 

audiences of findings, and said that their current visualizations often need extensive explaining. 

Concerns about institutional communication, between members of research teams, were more 

related to domain language and culture. The computer scientists interviewed on the development 

team mentioned this problem of domain language and culture more often than the ecologists.  

Table 13: Secondary and tertiary codes for communication. 
PRIMARY 
CODE 

SECONDARY CODE TERTIARY CODE 

 
Com-

munication 

Extra-institutional 
(Communication with 

non-science audiences) 

Communication with various audiences in general needed 
Visual communication simplifies concepts for general audiences 
Visual communication is used with audiences who are hard to convince 
Verbal explaining, in addition to visualization, is a communication 
strategy used with non-science audiences 

Institutional 
(communication with 

scientists  

Communication occurs within the institution and is with others who are 
trained in a specific discipline (referred to more often later, regarding 
software development). 

Audience Analysis: 
Appeal 

Has intuitive feel 
Creates a narrative 
Grabs attention 

Audience Analysis: 
Reasons Behind the 

Appeal 

Appeals to sense of home (audiences recognize familiar places in the 
visualization) 
Helps users understand and simplify complex concepts and findings 
Shows planning outcomes 
Design: making connections between variables 
Visualization shows future scenarios (Allows audience to ask what 
if…?)  
Visualization shows relationships between variables 

Designing with an 
audience in mind 

Combines visuals with graphs 
Pre-processed movies or animations 
Variety of variables 
Design/aesthetics 
Less abstract 
Photorealistic (also a challenge) 
Added key to design 
Showing “what if?” 
Helps prove findings/convince 

Meta-design Seems to be a strong demand for visualizations 
Scientists guide design, rather than the development team 
At times, visualization has limited effect 
Visualization useful for gaining funding 
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 Visualization for communication includes the scientists analyzing their audiences to find 

out what appeals to them, such as intuitive graphics, creating a narrative, and grabbing 

audiences’ attention (Table 13). It should be noted that the VISTAS software development 

project does not include stakeholders directly in any of the project data or content yet, so that 

evidence presented here of the relationship between the informants and their stakeholders is 

based on the key informants’ reporting and perceptions. It is interesting to note that a similar 

development project—the QuestVis study—aimed at non-scientist stakeholders, also based 

development on assumptions made about audiences in a similar way during their first round of 

development (Munzner et al., 2011). VISTAS case study participants, similarly, discussed the 

reason behind what they thought would appeal to audiences. Case study participants listed what 

might appeal including (1) communicating sense of home, (2) simplifying data for users, (3) 

showing planning outcomes and speculating what if?, and (4) showing relationships and 

connections in the data. In addition to considering why audiences would prefer certain types of 

output, participants also discussed how they designed their own visualization to respond to 

perceived needs of the audience. For example, they combined visuals with graphs, tried to make 

their data less abstract or photorealistic, and added a key to the output. Participants also 

mentioned some of the other responses to the audiences that were less focused on the design of 

the visualization, and more on meta-design considerations, such as the need to use visualization 

to prove to audiences their findings, that there is a strong demand for data presented in 

visualizations, that there are limitations to using visualizations, and that visualization can be used 

to gain more funding.  
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4.7.4 Codebook Definition: Development 

Development challenges included the problem of one-time-use life span of visualization 

tools; the fact that visualizations were not often a priority on other research projects in ecology; 

and that more training was needed on using visualization tools. Additionally, participants 

mentioned the need for better design and visualization output in general. Again, these challenges 

are more broadly described during the key informants reporting, with more detail on 

specifications and how, exactly, a development team might tackle these challenges. 

 Participants referred to two types of development. The first reference is development of 

the visualization tool during the brief span of the VISTAS development project. The second 

reference is to the participants’ personal development of visualization output once the project is 

over. Development of the visualization tool appears to participants different from the 

development of the visual output from that tool. In other words, the participants considered 

specifications for their future visualization needs to direct the development of the tool to achieve 

specific output, and this analysis shows how and why they demand certain specifications (Table 

14). 

Table 14: Secondary and tertiary codes for development. 
PRIMARY CODE SECONDARY CODE TERTIARY CODE 

Development Collaborating and 
Integrating 

Combining with other software such as Excel, GIS, 
and MatLab 
Combining with project specific software tools such 
as Envision and VELMA 

Types of 
Partnerships/Navigating 

partnerships 

Collaborating outside of home research lab 
Collaborating with others in home research lab 
Not currently involved in any collaborative 
partnerships focused on visualization (develop own 
visualization) 
Overcoming technical challenges (coding languages) 

Development with 
regards to time 

Pre- and Post-processing speed a priority 
Real-time simulation capability requested 
Dynamic visualizations requested 
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 When study participants made reference to the development process (during the VISTAS 

project) and later visualization design process (after the VISTAS project), they were most 

concerned with three main topics. The first topic was with regards to integrating VISTAS with 

other software, such as ENVISION, VELMA, GIS, Excel, and other tools that are already used 

in their projects, so that after the project was completed, they might more easily create their own 

visualizations. Another topic discussed concerned current research partnerships and the process 

of development during the course of the project. The comments regarding partnerships fell into a 

number of categories. Some participants discussed their current labs—and to what extent 

members were engaged in creating visualization output. Also, participants discussed their 

experiences with iterative development as it might be applied to VISTAS, describing the process 

as they had experienced it in the past. This second topic was solely about current development of 

the visualization tool rather than post-project creation of visual output. The third topic discussed 

during interviews was the problem of developing visualizations with regards to processing time 

for use in meetings and demos. Participants were especially concerned with their own, personal 

development of visualizations in real-time, with different audiences. Terms used to describe this 

activity are dynamic and real-time simulation. Participants discussed their own process of 

developing visualizations, and then expressed the hope that VISTAS development would give 

them the capability to create more dynamic visualizations.  

 What follows next are the summaries based on the interviews with the key informants. In 

each summary, I begin with an introduction about the key informants and their responses during 

the initial interview. Within these summaries, I describe some differences and similarities 

between different key informants. Later, I explore and compare the differences and similarities 
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among the key informants during the content analysis of the main all-hands meetings, which 

include all the members of the VISTAS case study. I specify how the various key informants 

respond in these meeting contexts with regards to the content of their individual interviews and 

in response to other members of the VISTAS case study.  

  

4.8 Description of VISTAS Key Informants  

 As mentioned earlier, the VISTAS case study contains four subunits for analysis. The 

variables that divide the subunits are the scale at which the scientists work, the level of 

experience they have with visualization, and their role as either scientist or developer within the 

VISTAS case study. In Unit 1, the senior scientist’s closest collaborations are with a number of 

computer programmers and post-docs who develop models, modeling software, and related 

visualizations.  Another key informant from Unit 1 is the lead developer in the lab who attended 

the VISTAS meetings. For Unit 2, the participant is both scientist and software developer. His 

collaboration is also with his grad students and others in his lab; however, he collaborates with 

other researchers, as well as with community groups, specifically creating visualizations for use 

in policy and landscape planning collaborations. With Unit 3, the scientist’s collaborations are 

with his lab group—made up of post-docs and graduate students. He creates most of his own 

technical research tools by adapting MATLAB—a statistical modeling program—to fit his 

needs, and no one in his lab is solely responsible for producing visualizations, which are almost 

an afterthought. Unit 4 is comprised of the main computer scientists who develop visualization 

software for domain scientists. Figure 16 shows the relationship of Units 1-4 with the other 

members of the VISTAS research collaborative. The duration of membership is designated by 
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length of arrows. Attendance at the all-hands meetings is shown as a point. The merging of the 

arrows in Unit 1 and Unit 2 signifies the merging of their software tools. 

 

                  
 
  

 Additionally, there are a number of people beyond the key informants who make up the 

VISTAS case study and were part of the software development project, who were not a part of 

the initial interviews: project leads, technical advisers, social scientists, and student participants 
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Figure 16: VISTAS participation. 
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working on projects to fulfill their higher education course requirements and for job training. 

That said, these other members are noted and weighted during analysis of the all-hands meetings, 

which will be discussed later. The key informants in Units 1-3 were set apart because it was 

hoped they would consider one grand challenge in ecological research: multi-scalar analysis. 

This challenge was considered both through analyzing interview data, as well as through analysis 

of all-hands meetings. Project leads and social scientists were not interviewed, but directed the 

agenda at the various meetings. This direction by the leads and social scientists, though, was 

supportive, evaluative, and sometimes critical, rather than generative in the daily software 

product development.  

  

4.9 Procedure 

 Participants were told about the interview and observation process, and asked to sign a 

consent form to allow recording and transcription of the interview session. I interviewed the key 

informants separately about specific development work, their experiences with visualization for 

exploration and communication. The interview questions (Appendix F) were based on themes 

identified as key propositions in the VISTAS case study with regards to innovation. One 

proposition was that visualization to insight into new problems and might help researchers deal 

with big data challenges—the central purposes of the VISTAS research and development project. 

In addition to addressing the problem of big data through visualization, other topics were 

introduced, such as the communication of scientific data, difficulties in doing research, 

experiences working in collaborative research projects, current and expected use of visualization, 

and expectations for the project.  
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 Personal connections with members of the research group developed over time; however, 

while many conversations happened outside of the research setting and interview room over the 

course of the project, the initial analysis of the interviews and code development kept strictly to 

the transcripts from those semi-structured interview sessions. It should be noted that the key 

informants contributing to this study have read the following findings section to verify the 

accuracy of how they were portrayed. 
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5 FINDINGS 

 Presenting interview data and findings from key informants, then presenting the 

discussion these key informants had with others within the context of the greater research group 

(i.e., content analysis of the meetings) provides a chain of evidence over time from multiple 

sources for exploring how and why VISTAS researchers intend to use visualization. The 

meetings provide an understanding over time and over broad membership of the initial themes 

produced during the interviews. For example, discussion at the all-hands meeting might increase 

the level of detail of an intended use of visualization mentioned during one of the interviews, as 

well as articulate new benefits and limitations not considered previously by the key informants 

on their own. The following section presents first the interview findings followed by the meeting 

findings.  

 

5.1 The Scientist and the Engineer 
 
[My audience] is more results-oriented. They ask: How will these management decisions 
affect my livelihood? In the case of our forest simulations: How will forest harvest over a 
50 or 100 year period affect the flow of timber into the mills and how does that affect 
jobs? How does it affect the water supply? People’s interests might be different as you 
talk to different groups, of course, but you want to be able to address all those things in a 
very clear way. I think it would be rare to get the question: How did you create that 
visualization? (Scientist 1, 2011 Interview) 
 
 

 Unit 1 is led by a domain scientist (S1). He works closely with a computer scientist in a 

federal agency office. He and his research associates are developing software separate from 

VISTAS that might be integrated during the course of the project. The Unit 1 scientist has a 

current and working relationship with members of the VISTAS software development team (Unit 
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4), and also works with participants from the other cases. S1 shares a student developer with Unit 

2. Together, they are highly networked to collaborate on developing multiple software tools. 

Overall, S1 has made progress in creating visualization output, however, they did express a 

number of challenges they hope to overcome using VISTAS. A bio-geochemist and modeler, S1 

oftentimes makes presentations to land managers, in addition to working with other scientists. 

Figure 17 shows an example of the types of visualization his group creates for presentations. He 

will use VISTAS to design output resulting from his modeling software. With regards to using 

visualization for communicating research, this scientist’s visualization output is pre-processed 

and used to present results to land managers, as well as in academic publications.  

 

Figure 17: McKane, R.B., 2014. Modeling Ecosystem Service Tradeoffs for Alternative Forest 
Management Plans. Presentation to US EPA Region 10 staff, Seattle, WA. 
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5.1.1 Technical Challenges 

I think some of the things that we’re talking about, especially combining data 
analysis capabilities with visualization capabilities, are really taking us to 
another level of difficulty. (Engineer, Unit 1, 2011 Interview) 

 
 
 Participants from this first group often used the term simultaneity when referring to 

technical challenges and barriers to effective visualization. For example, S1 wanted to overcome 

computational challenges such as calibrating a model and doing statistical analysis 

simultaneously with visualization: “combining visualization and statistical analyses and 

graphical views of the data that summarize things would be really powerful. We can’t do that 

now.” S1 discussed the importance of “generating statistics, such as goodness of fit, 

simultaneously to looking at output.” He states that this must be done now in Excel, post-

processing. Also with regards to visualization and analysis, he described difficulty in “doing 

visualizations on the fly” and in “real time,” simultaneous to a presentation. Being able to do 

such visual analytics in real time, versus pre-processing scenes to present to a group, is very 

desirable for collaborating with a group of managers. Unlike others in the study, participants 

from scientist 1’s lab (E1 and S1) did not spend time during the interview considering challenges 

associated with hardware; however, during subsequent meetings, they did remark upon the 

purchase of new, powerful computers.  

 

5.1.2 Exploring  

What I like about VISTAS is that it gives you the option of kind of selecting the 
outputs that you want, assuming you have a database behind that that provides all 
the data. (Scientist 1, 2011 Interview) 
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Another topic that came up often with Unit 1 interviews was the challenge of visualizing 

variables across scales and over time, especially with regards to the problem of exploring big 

data: “We generate close to a gigabyte of data on a single run that might cover just a few years, 

and so finding ways to display those data easily is a major challenge.” In addition to considering 

the volume of data when dealing with temporal data, participants from Unit 1’s lab mentioned 

the desire and challenge in “scaling up” spatially, so that they might look at “a whole basin” 

rather than a smaller watershed. 

The informants from Unit 1 did not express as many concerns with challenges to 

exploring through visualization as the computer scientists from Unit 4, which will be discussed 

later. Perhaps this ability to explore is related to Unit 1’s prior work with a VISTAS developer, 

as well as the in-house collaboration with the staff engineer (E1) and others at the federal 

agency. As noted by S1, not only has this addition of in-house research team cut the time it takes 

to create visual output, but it has also created an integrated process so that it is no longer 

necessary to spend time translating code into different languages. 

When considering the challenges with regard to the exploration throughout the 

visualization pipeline, the S1 and E1 are essentially looking to be able to deal with big data 

challenges early in the pipeline, and also to do simultaneous visualizations and statistical 

analysis at the end of the pipeline, and in real time, as mentioned earlier. Visual analytics 

researchers call this “moving from confirmatory analysis to exploratory analysis” (Keim, 

Mansmann, & Thomas, 2010). For example, S1 discussed how difficult it was to “make sense 

out of raw numbers” early in the data and visualization pipeline, and how he would like to not 

only “check” his data, but also be able to explore data in real time. This sentiment is reminiscent 

of the visual analytics agenda for dealing with big data. S1 would like to use 3D time-lapse 
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movies to help calibrate their models. By playing such a movie, one can “see how the different 

layers wet up as rain events occur or as droughts start to kick in, and this has also proven very 

useful, and in fact we’ve gotten validation data by depth….So these are really very powerful 

tools” (S1).   

 S1 called visualization tools “screening tools” that allow scientists to experiment with 

parameters and save time during exploration by helping them “zero-in on which model is the 

best fit.” S1 stated that “anytime I’m trying to understand model output, it’s driven by 

visualization, and then statistics second, if we need to delve down to find out [whether] this run 

seemed to be better than the six other runs before it [and] look at the results statistically and find 

out a little more about why that was.” During exploration at the end of the pipeline, participants 

from Unit 1’s lab would like to be able to do more 3D visuals and flyovers, such as used by the 

scientist in Unit 2 described below. 

 

5.1.3 Communicating 

Usually, people if you just throw up a movie, if it’s 2-D or 3-D, it doesn’t matter, 
the nuances that we want to point out won’t be apparent, even to another scientist 
that works on this. Not immediately apparent. So we have to kind of highlight the 
things, any points that we want to make. I’m not sure how to make that more 
intuitive within visualization. (Scientist 1, 2011 Interview) 
 

  A number of challenges associated with communication were outlined during the 

interviews with the scientist and engineer in Unit 1. One audience of Unit 1 is land managers 

working with the federal government who are characterized as “tough critics.” In response, Unit 

1 participants try to make their visuals as “intuitive as possible,” because these land managers 

are more concerned with topics such as outcomes of management decisions, how the water 

supply will be affected, or how changes in production will affect the economy. This decision 
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making process of deliberation among many scenarios, rather than simply adopting the expert’s 

final version of the best choice without considering a number of outcomes and scenarios, is 

typical of the post-normal science paradigm (Batie, 2008). For example, Unit 1 is also starting to 

deal more with stakeholder groups, such as farmers. According to S1, “conveying the 

spatial/temporal changes in the environment in response to various scenarios is very 

challenging.” In other words, when preparing scenarios for different groups, visualization must 

be sophisticated enough to represent complex scientific findings, but able to address concerns in 

a “clear way.” S1 discussed the difficulty in explaining a food-web diagram, stating that all of 

the interconnections leave people “stunned” with a “glazed-eye look.” To overcome this 

problem, S1 believes visualization needs to simplify even more complicated concepts for use 

with stakeholder groups. Another reason why visualizations should be “intuitive” is that viewers 

are often skeptical about S1 and E1’s scientific models due to complexity. Visualization “gives 

users an intuitive representation, greatly promoting application of human perceptual and 

cognitive information processing abilities,” especially with such large, complex models (Wei & 

MacEachren, 2014: 2). Most of the discussion with S1 and E1 about audience appeal had to do 

with the ability to do demonstrations that have an “intuitive feel.” One must question whether 

this intuitive feel is related to elements of good design found in the gestalt principles or related to 

pre-attentive vision, or something else (Healey & Enns, 2012; Rogowitz, 2010; Tufte & Graves-

Morris, 1983). 

When discussing output, S1 mentioned a number of reasons behind the appeal of using 

visualization for communication. For example, when showing planning outcomes, the 

visualization creates a flyover, or bird’s eye view, in order to show various scenarios of future 

growth. S1 remarked that showing this animated fly over “grabs people’s attention.” This 
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technique of zooming out to look for interesting points in the data, then zooming in for more 

detail, is a long-established best practice for visualization design (Schneiderman, 1998). For 

those experiencing the visualization of regional planning outcomes, S1 stated that people start to 

internalize what they see, and it appeals because people can connect with an image of where they 

live. Having a photo, in addition to the visualization and graphs, would enhance the visualization 

experience. Essentially, these types of visualization appeal because they help create a narrative 

about the future that is centered on a recognizable place for the stakeholders. The members of 

Unit 1 try to create visual output based on what they believe appeals to those audiences with 

whom they communicate.  

 

5.1.4 Development 

I think that trying to convey the spatial/temporal changes in the environment in 
response to various scenarios is very challenging. As I said, I think the visuals 
that we have are very useful for that, but I think they could be made more useful. 
(Scientist 1, 2011 Interview) 

 
  As mentioned earlier, S1 and E1 talked about both the development of software and the 

development of resulting visualizations. Current plans for development of software included 

integrating the software with both the visualization tool (VISTAS) and the scientists’ modeling 

tool, with E1’s software, which has been in development for over a decade. The VISTAS project, 

then, is a vehicle for collaboration beyond just the development of the VISTAS visualization 

tool, itself, through integration of the collaborators’ current work. As for development of 

visualizations, the scientist talks often about pre- and post-processing, and doing live analytics 

demonstrations. The processing is a development challenge. For example, S1 stated a desire to 

“make this [visualization] dynamic, so that we could watch the bars go up and down through 
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time would be really great. We can’t do that yet.” He called this building “dynamic graphics” 

and felt especially challenged with creating a 3D visualization “on the fly” during a simulation. 

The participants from Unit 1 hope for a better “processing connection” between their current 

software and the VISTAS tool.  

 

5.1.5 Unit 1 Summary 

 Unit 1’s scientist and engineer have a number of key concerns. First, the scientist would 

like to be able to create intuitive visuals that appeal to various stakeholder groups. Next, the Unit 

1 participants would like to be able to integrate the VISTAS visualizer into their current software 

tool and increase their ability to process visualizations from their models more quickly. S1 and 

E1 cited a number of strategies they would like to use to explore and communicate their data, but 

are more interested in being able to conduct analysis simultaneous to visualization.  

 

5.2 The Engineer, Who’s Also a Scientist 

 The informant in Unit 2 is an environmental engineer (E2) who has been developing his 

own software, which will be integrated with VISTAS at some point during the development 

project. E2 is familiar with landscape variables, but also able to produce powerful tools for use in 

scenario planning and land use modeling, which he uses with stakeholder groups and other 

researchers. Figure 18 shows some of the landscape data already used by E2. Based on 

comments during interviews and meetings, E2 takes the approach of an engineer rather than a 

scientist. His graduate student, who joined later in the project and does not do VISTAS 

development directly, also works for the Unit 1 lab. It should be noted that the scientist from E2 

gave current visualizations a “4 on a scale of 1-10” at the beginning of the project.   
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Figure 18: Development team’s early visualization demonstration using E2’s data of roads and 
terrain during a presentation to project leads. Color represents variation in distance from roads. 
This image is a screenshot of one of our development meetings, which often took place online. 

 

5.2.1 Technical Challenges  
 

How do you think about appropriate visualizations of these complex data? I mean, that’s 
an intrinsically challenging problem, just in terms of figuring it out, and we’ve run into 
another difficulty: A typical scenario for us might generate a couple gigabytes of data. 
(Scientist, Unit 2, 2011 Interview) 

 
 E2 mentioned a number of technical challenges. The first is trying to “suck interesting 

stuff out of that big fire hose [of data].” He stated that insight into big data is an intrinsically 

challenging problem. Each “scenario” that he runs can generate a couple gigabytes of data. For 

example, the landscape data in Figure 18 might be accompanied by a number of other variables 

and include a flyover demonstration for viewers. The data, too, are varied in space and time, 

“and through multiple attributes in ways that are digestible.” Another concern is more 
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specifically technical—that is, everything has to be coded. The scientist described this as an 

engineering issue that is “nontrivial”—especially when “integrating with existing tools.” 

Technical challenges listed by this scientist were less specific to the visualization and data 

pipeline, but rather general concerns around the problem of data and accommodating tools to 

help process that data. For example, he highlighted the problem of varying file formats and 

sharing interfaces among programs, as well as making the process “computationally efficient” in 

order to take advantage of the hardware appropriately. 

 

5.2.2 Exploring  

Where things get more interesting is looking at the space and time trajectories of 
landscapes, where it really would be nice to provide filters that hide everything 
except for a few things that I’m particularly interested in looking at. That would 
be a nice capability that doesn’t exist in the existing standard tool sets, in a way 
that’s easily accessible. (Engineer, Unit 2, 2011 Interview) 
 

 With regards to exploring and discovering, E2 had two primary concerns. The first was 

the noisy visualization that accompanies a “very heterogeneous environment that changes 

through time.” This problem is related to the inability of humans to gain insight due to cognitive 

overload—and perhaps a place where visualization falls short of producing insight (Gross & 

Harmon, 2013). E2 described a map of land cover that “often shows 30 or 40 different classes of 

land cover, which turns out not to be a good representation for seeing significance on the 

landscape.” The amount and variety of variables visualized through the 3D map present a 

challenge to the viewer because it is difficult to detect any meaningful pattern in the data, 

making the visualization technique less than optimal (Meyer et al., 2012). The scientist’s second 

concern is related to the first—the current software, ArcGIS, is good for representing spatial 
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data, but he stated, “It’s slow and clumsy.” Like S1 and E1, the ability to quickly process scenes 

from data is desirable for E2. 

With regards to current output, E2 listed many capabilities that were desirable in a 

visualization tool. For a scientific audience, the scientist stated that visualizations help to 

“debug” simulations, and to ensure they are “capturing features of landscape change.” His 

current output at the time of the interview included flyover movies of future landscapes that vary 

depending on potential management choices. While the current flyovers, which at times are 3D 

maps, are successful, he talked about the “absolute flood of information that comes out,” 

especially because the maps use multiple attributes. He believes that visual exploration is 

necessary, but having the capability to filter out the noise and distractions is essential. A 

misconception in design is that a 3D visualization is more realistic and leads to a more effective 

visualization (Smallman & John, 2005). Figure 19 shows an example of how a simplified 2D 

visualization might communicate information better than a more sophisticated 3D visualization. 
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Figure 19: Sparseness and 2D visualization increase the viewer’s ability to make sense of the 
scene. Research shows that humans misjudge distance when viewing in 3D, making direction 

difficult to perceive (Smallman & John, 2005). 
 

E2’s desire to “filter out the noise” is related to the problem of 3D displays. In fact, others have 

found it more effective to filter out visual noise, even to the extent of recommending not using 

3D visualizations for certain situations, such as in Figure 19 (Smallman & John, 2005).  

 Other essential exploring activities include overlaying scenarios as well as aggregating 

certain variables, “so that you can talk about classes of attributes instead of an individual 

attribute.” Another concern with exploring is being able to visualize four sub panels of scenarios 

on one screen rather than the current limit of two or three.  

 

5.2.3 Communicating  
 

So a real challenge with this stuff, because we are looking at fairly complex 
information, multiple attributes on the landscape, arrayed in space and arrayed 
through time, is that these assets can get quite complex to interpret. One of the 

Figure 5. Which aircraft is descending? Which is headed east? Which is an F-15?
The answers are all easier with the functional symbols (right), but users still prefer
the realistic icons (left).

ered that they can get away with dramatic lapses in continuity
by simply cutting to a new point of view. Only recently has
cognitive science begun to systematically study these phe-
nomena. Participants in these studies are so convinced of the
seamless nature of their visual experience that they dramati-
cally overestimate their change detection ability and are
stunned by their inability to do the experimental tasks. This
overestimation was recently referred to as the illusion of visual
bandwidth (Varakin, Levin, & Fidler, 2004).

Although the 3-D research has revealed the limits of spa-
tial realism, research on the sparseness of perception has
important implications for the limits of temporal realism. In
another project, we investigated users' ability to maintain and
recover situation awareness in complex display-monitoring
tasks and the discrepancy between the nature of the tools
they desire and those they need. That users need support was
recently highlighted in a study of naval air warfare displays in
which participants were occasionally interrupted. When they
returned from the interruption, they often failed to notice
changes that had occurred during their absence (DiVita,
Obermayer, Nugent, & Linville, 2004).

In our own studies, we confirmed that users were unlikely
to detect changes that had occurred during interruptions,
and we also showed that change detection can be near
chance for changes that occur even while the user is actively
engaged in monitoring a busy situation (Smallman & St. John,
2003). Furthermore, users were overconfident in their ability
to spot changes, and they underestimated the potential help
provided by a tool that automatically detected and arranged

similarity between the depicted object and its referent. When
a set of depicted objects are inherently similar (e.g., many
aircraft look somewhat alike, as do many ships), users have
difficulty discriminating their icons and misidentify them.
Military 2-D symbols, on the other hand, are designed to be
mutually discriminable.

Second, a realistic iconic code overloads the spatial dimen-
sion of a display by forcing it to realistically code too many
different attributes, leading to ambiguity. For example, a 3-D
view confounds the pitch of an aircraft with its heading.
Judged by their identical course leader lines (the black lines
showing in which direction each aircraft is heading), both of
the aircraft icons in Figure 5 are flying in the same direction.
However, one is actually flying level going southeast and the
other is descending going east.

Third, perspective views show both symbolic and spatial
information and conflate the two (Ellis, 1993). Imagine an icon
viewed from straight on, or an icon miniaturized to convey
great distance. Increasing realism actually decreases interpreta-
bility by forcing the brain to go through a tortuous, error-
prone process of deconflating the two aspects. Time pressure
or a requirement for precision only exacerbates the problem.
Users' preference for icons suggests either that they believe
they can compensate for these problems or that they are
oblivious to them.

Visual perception is spartan. Perception is also surpris-
ingly spartan in terms of how little of a visual scene is contin-
ually sampled rather than mentally assumed and constructed.
A wealth of change blindness and related
cognitive studies suggests that little is actually
sensed of a scene beyond a sample of fixa-
tions. The brain fills in or constructs the vast
remainder while giving the viewer the sense
of having an accurate representation of the
entire scene (O'Regan, 1992). In a powerful
demonstration, an experimenter asked a pass-
ing pedestrian for directions. During the
pedestrian's response, two men passed be-
tween the conversants carrying a large door.
After the men passed, the experimenter came
back into view, and apparently nothing had
changed. However, unbeknown to a majority
of the pedestrians, the experimenter had been
replaced with an entirely different person
(Simons & Levin, 1998)! More mundanely, we
have all had the experience of searching for
an object that is eventually discovered to be
"hiding" in plain sight.

That the sparseness of perception could be
so extensive and yet remain inconspicuous
does seem hard to swallow. However, through-
out history, that sparseness has been exploited
by various professions. For example, magi-
cians and card sharks live off the permeability
of visual attention. Film editors have discov-
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standard questions we have when we are showing these results to relatively lay 
audiences, you know, county commissioners or city planners or members of the 
communities that we’re working with, is: How do you interpret this stuff in ways 
that recognize that there’s lots of complexities, but reduces that complexity and 
allow you to focus in on those specific attributes or regions of dynamic change or 
most interesting things, where most interesting things can be expressed in lots of 
different ways? (Engineer, Unit 2, Interview 2011) 

E2 believes that there is overlap between the scientific and lay audiences. He stated, 

“Scientists have the same problem of sorting through complex data sets that everybody else 

does.” Mainly, E2 talked about the ways visualization simplifies data so that people can focus on 

key concerns, which is important for all audiences. Unlike Unit 1, E2 honed in on photorealism 

as a “form people are used to seeing.” This photorealism is similar to, but more specific than, 

Unit 1’s desire for intuitive visuals. In addition to photorealistic visuals, the E2 discussed the 

importance of dynamic map information, though it is “hard to digest sometimes.” He also 

discussed the challenge of looking at summary data sets that are graphs with “landscape 

attributes aggregated across the landscape in various ways over time,” because the amount of 

variables overwhelms the viewer, making it difficult to sort out what is significant in the dataset. 

Again, the problem of visualization not being able to accommodate this overload of information 

is counter to what the VISTAS group is hypothesizing, in which case filtering and determining 

significant points in the data might need to occur through another process. 

Regarding the topic of communication, E2 highlighted his strong working relationships 

with stakeholders, as well as the strong demand for visual output in planning processes, but he 

does not specify his audience in the same way that Unit 1 does. In his audience analysis, he made 

the conjecture that flyovers are nice because “it’s a way that people can really begin interpreting 

stuff in ways that are much more easy for a lot of people’s brains to grasp. That doesn’t exist in 

any form that isn’t sort of clumsy and hard to use.” Being able to zoom out and give audiences a 
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recognizable view of the territory under consideration helps simplify difficult concepts for 

interpretation and decision-making. He noted, too, that once folks can understand the scenario 

output, they never ask about how the visualization was generated. 

  

5.2.4 Development 

 E2 had clear preferences for integrating the new visualization tool into existing tools—

especially ones that are “generating the datasets in the first place.” E2 discussed that data and 

output from his personal software tool, ENVISION, has to be exported and imported into other 

programs such as ArcGIS, for spatial output, and Excel or some other plotting package, for 

statistical output. The integration of tools is highly desirable, especially since his in-house 

developer, solely in charge of creating visualization, was a student who has graduated—one 

problem of development in a university research setting. Processing visualizations can take up to 

six hours, he reported, depending on the nature of the data, making processing during personal 

visual analytics capability a development priority, though a challenge as echoed in the literature 

(Keim et al., 2010). To summarize, E2 hoped that  “VISTAS is [a] continued evolution of these 

more sophisticated tools for dealing with these more sophisticated data sets, more complex data 

sets, that bring into the mix things like real-time filtering of information that can be applied 

quickly, easily, and flexibly.” 

 

5.2.5 Unit 2 Summary 

 E2 had a number of key concerns. First, one of his priorities is integrating a visualizer 

into the software tools he is currently developing. Next, when visualizing, he would like to be 

able to filter heterogeneous data, and aggregate and integrate multiple attributes. He believes that 
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photorealism is important to the types of audiences he communicates with. Finally, he is 

interested in developing a more efficient tool that is also more powerful than the current 

visualizers available to him.  

 

5.3 The Scientist 

 The scientist (S2) in Unit 3 is interested in discovery. A junior faculty member in a field 

where much exploration is occurring, he identified challenges that differed from the first two 

informants due to this focus on discovery. He stated, “it’s not necessarily about what is the most 

difficult for us to communicate to others, but the reason why we actually study these interactions 

is that we don’t understand them ourselves.”  

 

5.3.1 Technical Challenges  

So being able to intersect the observations from the array, and the visual 
information will be a huge challenge for us, but also basically the treasure chest 
where the beef of the information. The work that we do really is being able to 
match the information that we record in different spatial and temporal 
resolutions, then, with the visual information that’s recorded by the cameras. 
(Scientist, Unit 3, 2011 Interview) 
 

 One major challenge that S2 expressed is that he deals with complex processes, and it is 

technically difficult to integrate the analysis process within the data collection process early in 

the data pipeline, which he would like to do. S2 discussed the sensors he uses, and using 

visualization to interpret measurements in the field. For example, he would like to be able to 

“match the information that we record in different spatial and temporal resolutions, then with 

the visual information that’s recorded by the cameras” and look at different measurements in the 

field “simultaneously.” He discussed integrating observations from different systems into “one 
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coherent picture,” allowing him to “visualize more complex datasets.” Another technical 

challenge is finding someone in his lab to actually work with the tool that is being developed and 

potentially become trained on it. Additionally, S2 discussed perceived technical difficulties with 

differing data management philosophies—which would likely occur earlier in the pipeline. These 

technical difficulties will be discussed in the analysis of the meetings, where S2 explained in 

more detail about these concerns. 
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(a.)         
 

(b).          
 
Figure 20 (a) and (b): Before and after visualization development. (a) Title: Variability of 
subcanopy flow, temperature, and horizontal advection in moderately complex terrain (Thomas, 
2011); (b) Spatial interpretation of wind direction and speed on topography by Kendra Schmal, 
student developer, 2014. 
 

Space–Time Variability of Sub-Canopy Advection 75

Fig. 7 Conceptual diagram showing the areas occupied by the sub-canopy wind (blue) and temperature (red)
fields in the space and time domains. Shapes are shown for the shortest (1 and 4 min) and longest (64 min)
motions analysed in this study, which are connected by the dashed blue and red lines indicating motions on
intermediate scales. The dominant contribution is identified in bold typeface. The slope of the line ‘Taylor’s
hypothesis’ (solid thick) is equal to the inverse domain-averaged horizontal wind speed (day: 0.25 ms−1, tran-
sition period 0.22 ms−1, night: 0.18 ms−1). Also shown are the boundaries captured by the sensor network
in this study (black dash-dotted line) and the local field (black dotted line). The definition of the local field
is proposed here as the immediate surround of a sensor where individual elements such as bushes, tree boles,
and variations of the terrain such as gullies and slopes affect the wind and temperature field

differences in the magnitude of the change particularly for short window lengths. However,
the method should be robust for the strongest microfronts, hence the selection of the most
extreme 5% of the probability density function.

The outer stations S05, S10, and S11 were found to be the most unique sampling locations
showing the most microfronts detected at a single station only. We recall that stations S10
and S11 were located in the lowest part of the domain and at the outer perimeter of the areas
where the understorey was defoliated (see Fig. 1). In contrast, the coherence of microfronts
defined as an event when exactly nine out of the ten stations are participating in an event
was smallest for station S07. The reasons for this anomalous behaviour remain unknown as
obvious local variations of the understorey or terrain were absent at this station. In general,
the spatial patterns in the microfront analysis showed little variability with varying detection
window length, and are therefore considered to be robust. In summary, patterns in the spatial
coherence of microfronts confirmed the importance of a station’s local field. The agreement
between results from the microfront analysis and the stochastic bulk measures indicates that
the microfront may be an important mode of submeso motions contributing to the sub-canopy
variability of the wind fields. The release of machine-generated fog to visualise the
sub-canopy flow at the site qualitatively confirmed that microfronts commonly propagate
through the network and maintain a high spatial coherence.

123
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5.3.2 Exploring 

Central to S2’s research is his understanding the spatial structure of processes. One 

challenge is being able to observe the flow of air. He stated, “We don’t have the tools to take a 

snapshot of the spatial structure of the flow, for example.” Another important part of exploration 

is being able to set parameters, to “slice and look at the dataset” in various ways, which he 

cannot currently do. Being able to merge data with other information is important. Also, S2 

explained that he is limited because he is only able to do a 2D simulation, which makes seeing 

air flow difficult, for example. Like Unit 1, validation of models is important, especially 

“looking at these data from the very beginning and not use anybody else’s concept.” He 

explained how he preferred cross-checking information, too. In addition to looking at raw data, 

he characterized his research process with this statement, “let’s just be like children and watch 

things, just watching it is immensely helpful, and in turn coming up with hypotheses also, as I 

said, picking the times that are interesting to us, but also determining what is a good route to 

analyze the data.” It should be noted that this attitude about his research carried through the 

entirety of the project. This type of playful exploration is called abductive reasoning, which is 

often used in hypothesis making, especially when an anomaly or competing hypotheses exist 

(Magnani, 2004). Methods for discovery via abductive reasoning are data-driven, explanation 

driven and coherence driven—or formed to overwhelm contradictions. This type of reasoning is 

similar to inductive reasoning in that it builds explanation based on data; however, it comes 

earlier in the process of scientific reasoning, when a process or topic is relatively unknown, such 

as in S2’s branch of research. It is interesting to note that Figure 20(a) and (b), which provide an 

overview of the before and after shot of visualization development from data of S2’s data, 

provide very little exploration or “play” space, which will be discussed in more detail later. 
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 S2 uses a number of techniques for manipulating data in visualization. He creates all his 

own visualization tools and processes, without the help of a computer scientist, and usually in 

MatLab (software for data analysis). One technique he uses is zooming out in order to get a 

bird’s-eye view of the landscape and the topographic features. He aggregates data, and then uses 

color and time lapse movies to look at “how one thing triggers another” especially with regards 

to the flow of air. Another technique to understand flow is what he calls the harp, where the 

movement of air “leaves an imprint in the temperature of the fiber, and then it moves out very 

quickly, so you don’t see any continuous motion, because it basically slices through 

perpendicular to the floor. But sometimes you have flow that is also in parallel to the array and 

you can actually follow some individual structures.” He uses statistics and measures for model 

fit to make certain what he is seeing is reasonable.  

 

5.3.3 Communicating 
 

I’ve worked with people who have tried to ingest our data into, for example, an 
experiment database. I was only one participant out of many, and a lot of 
experiments. One of the deliverables to the funding agency was one dataset that 
had common, very simple things: date, timestamp, and coordinates and these 
things. And this has always been a nightmare. I know that so much information is 
lost. (Scientist, Unit 3, 2011 Interview) 
 

 Communication with other scientists was more of a concern for S2 than it is for the other 

informants. These scientists include those outside of atmospheric science, such as physical 

oceanographers. In his audience analysis, S2 stated that visualizations grab people’s attention 

and elucidate something that was not known before. For example, he stated, “The nice thing 

about visualization is that our brain, I guess, human brain has evolved to be able to process 

visual information a lot, so we’re very good at recognizing patterns. So, if you look at this, the 
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kind of the grading of the colors from blue or yellow and green-yellow and orange and red, it 

seems reasonable that this is kind of the area where there’s maximum change with height and 

temperature.”  

 In addition to revealing, S2 uses visualization to convince others of findings and build 

collaboration with others in the VISTAS group. About other scientists, he stated, “So we 

understand the physics very poorly. But as I said, using graphs, it’s very difficult to tell them. 

However, if we show them these visualizations, and say, ‘Can your model do this? They say, ‘Oh 

no, it can’t.’ [We say] here you go.’” Ideally, S2 hoped to integrate his researchers with others in 

the VISTAS group, stating, “And then, maybe there are interactions that would trigger 

collaborations across discipline boundaries that we’ve never thought about. Interaction between 

soil moisture and atmospheric transport and groundwater, and so on.” S2 believes working with 

a computer scientist would be helpful to him, though at times a communication challenge:  

“And then sometimes we work with a computer scientist [who] had no formal 
training in meteorology, but he had then the computer sciences background, and 
sometimes he said, now that the data is in there, could you do that, and sometimes 
he said, oh, that’s super-easy because it’s blah, blah, blah; and then in 10 minutes 
he had it done. And then some things, we say, ‘Well, that’s really easy, you should 
do that.’ And he’d say, ‘Well, it will take me three weeks.’ And we’d say, ‘Why is 
that so complicated?’ I think it’s not only working with the actual data, but not 
being aware of how much work a certain task for somebody else really is, that 
seems so easy for us, but then it may not be that easy. And this is just visualization 
of data.” 
 

 Finally, regarding communication to convince of findings, S2 was also concerned with 

using visualization to find funding to support his research. He stated, “Whenever we try to find 

support, financial support or support in terms of working at a certain field site, we need to tell 

the people to some degree what we’re doing, explain to them. Then visualizations in any form, 

either a fog movie or a simulation we did on the computer.” 
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5.3.4 Development  
 

After I have the data, it takes, I mean this particular case there were a couple of 
evolutionary steps, so I only had a 2-D plane, then I said, well, add the 3-D 
domain, then put the sonics in. It takes, really, weeks. Weeks and months. I mean, 
I don’t know how long exactly because I started this and worked on it here and 
there, whenever I had time to work on this, but, yeah, it took me a long, long time. 
(Scientist, Unit 3, 2011 Interview) 
 

 Like the others in the study, S2 was interested in integrating different software packages. 

He identified a number of his own shortcomings when it came to technical aspects of data 

exploration, such as having a poor understanding of tools such as GIS, and questioning whether 

he was sufficiently skilled in MATLAB to be able to create desired output, and was interested in 

having more access to better visualization tools. The steps in his current visualization processes, 

he reported, took weeks and months, especially when integrating “3D domain and sonics,” 

which are related to the complex datasets he works with. His ideas when asked about 

development within VISTAS were focused mainly on increasing his own ability to develop 

visualizations, rather than the process of collaborating with others on software development. 

Like the others, he mentioned the importance of moving from pre-processed statistics to 

visualizing his models and data in order to convince people that his work is legitimate and 

necessary, as well as producing useful and accurate results. 

 

5.3.5 Unit 3 Summary 

 S2’s interviews produced a number of new insights into visualization design. His position 

as both a relatively new researcher working in a subfield of ecology that is heavily focused on 

exploration and discovery make him different from Units 1 and 2. S2’s key concern is based on 

his desire to explore small-scale processes and visualize complex datasets. One of his priorities is 
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validating the models and equations he produces and calibrating the various instruments he uses 

in the field. Ultimately, S2 would like to acquire more sophisticated visualization tools and have 

people in his lab be trained in their use.  

 

5.4 The Computer Scientists 

As I said, I’m limited by myself, by what only I think is possible. (Computer 
Scientist, Unit 4, 2012 Interview)  

 
 Unit 4 is different from the other Units because it includes the lead computer scientists 

(CS2 and CS3) who are engineering the software tool, rather than domain scientists. E3 is a 

software developer who started with the project as a lead developer, but left within the first few 

months. Figure 21 shows early visualizations created by the VISTAS prototype prior to the 

current VISTAS software development project. The insights from the computer scientists 

supplement the others’ views on technical challenges, and mainly focus on prior experiences in 

similar development situations in the past. The development team of engineers changed 

considerably over the course of the project due to the cycle of the school year and the use of 

students and part-time developers in the project, who joined at later dates. These results from 

initial interviews portray the most expert and long-standing members of the development team, 

who were charged with the main responsibility of research during the software development 

process. 
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Figure 21: VISTAS prototype output with captions, prior to development starting in 2011. 
Original caption states: “From left to right, visualizations from (a) 0.1 km^2 stand, to (b) 1 km^2 
catchment, to (c) 64 k^2 basin. (b) & (c) can be animated showing change over time” (VISTAS 
Project Grant, 2011). 
 
 
5.4.1 Technical Challenges 

So I’ve always gravitated to those sorts of projects just because I love data. And 
the bigger it is, first of all, probably the more significant it is…in what they’re 
trying to tackle, but also the bigger it is, the harder people are going to have 
understanding it. (Computer Scientist 2, Unit 4, 2012 Interview) 

 

 CS2 provided insight into the problems early and at the end of the visualization and data 

pipeline by breaking down the technical challenges into manageable steps. He “loves data” and 

admitted that computer scientists are meticulous about collecting data. In another project, he was 

able to detect a problem in data collection by using a visualization program. He clarified that 

data complexity is a “necessary feature because of the way the data’s done…how it’s stored, 

retrieved, and combined to look at different things.” Where other participants had only hunches 

about how to overcome data complexity, CS2 and CS3 were clear on the necessary steps to 

overcome the challenge of complexity. With regards to managing data challenges, both CS2 and 

CS3 discussed a hardware solution, such as a graphics card, which increased processing speeds. 

!
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 One of the challenges not mentioned by the other three informants, but often by the 

computer scientists, was limitations to software development. CS3 admitted, “I never had a good 

sense that the things that I was writing were ever used by more than one person.” CS2 and CS3 

thought that continued use and integration with other software are potential technical challenges 

requiring specific development focus and user training. In other words, the usefulness of the 

software is limited by the ability of users who are typically not the developers. Additionally, Unit 

4 members were wary of visualizations being too “high tech.” CS2 mentioned, “The interesting 

challenge is to adapt the visual output for what those peoples’ minds are ready to absorb. How 

they want to think. It goes back to that. How do they think about their problem?”  

 

5.4.2 Exploring  

The other aspect that I find even more interesting is just how do people “think” 
because we’re all trained to think in our own fields, as the way you’ve been 
trained to deal with data is different from the way I was trained. For instance, I 
was working with some doctors, and I said, “You know, if you give me a digital of 
that x-ray, I can add color to it and probably make some detail really pop that 
you’re not seeing.” And they looked at me like I had suggested that I was going to 
kill their puppy! And it’s because that’s how they think. And they’re worried that 
if you add color to it, you will introduce detail they will see detail that really isn’t 
there. (Computer Scientist, Unit 4, 2011 Interview) 

 
 CS2 described visual analytics as doing more than showing people data—rather, it is 

“helping people draw the conclusions. You’re pointing to things that they really need to go see.” 

Exploration, from the point of view of the computer scientist is similar to that of the domain 

scientist. For example, both computer scientists from Unit 4 commented on instances when 

scientists visualized their data, only to find out that something was wrong with it. They described 

this type of visual validation as an intuition about whether the visualization matches the viewer’s 

mental model of how it should look. The computer scientists in Unit 4 also pointed to instances 
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where data were compressed into 3D visualizations, animated movies, or sophisticated maps. 

They introduced possibilities such as 3D physical models, rather than visualizations, or 3D 

extrusions, where graphs are stacked into a 3D cube, and significant points can be seen in this 

compressed model. In summary, the computer scientists are focused on how to make 

visualization accessible, while also pushing design and innovation.  

  

5.4.3 Communicating  

You could consider VISTAS as a tool, but you could also consider the visualization plug-
ins [scientists’ other software], so the different types of visualization that are written 
within the VISTAS environment to be the tool to communicate. (Computer Scientist, Unit 
4, 2012 Interview) 

 
 CS2 and CS3 were mainly focused on design considerations that appeal to certain, 

specific audiences. Strategies for understanding audience or communication during development 

were also discussed. Regarding his practices for supporting good development partnerships in 

the past, CS2 reported: “The other aspect that I find even more interesting is just how do people 

‘think’ cause we’re all trained to think in our own fields, as the way you’ve been trained to deal 

with data is different from the way I was trained.” CS2 and CS3 understand the differences 

between sub disciplines in scientific research and have attempted to figure out these differences. 

For example, CS2 discussed the many ways that color is used in scientific visualizations, and 

how often sub disciplines vary in their traditional use of color, even when a new scheme for 

using color would improve the visualization experience. Finally, both CS2 and CS3 expressed 

excitement for bringing some unconventional innovations to domain scientists that might be 

novel to current disciplinary practice and visualization use, such as the capabilities that game 

companies are able to incorporate in their graphics. 
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 With regards to working with clients with varying levels of technical expertise, Unit 4 

participants expressed the need to produce software that is sophisticated, yet accessible. For 

example, one computer scientist in Unit 4 referred to the difference between the model, which 

consistently produces the same data, and the display of the model, which can vary in level of 

detail. Here the software engineer in Unit 4 (E3) made the distinction between communicating 

extra-institutionally, say with “policy people” on whom the level of detail would be wasted, and 

within the institution, with other scientists who are used to seeing the level of detail.  

 Another communication challenge between the development team (Unit 4) and the 

domain scientists (Units 1-3) is translating terminology and specifications, such as the ability to 

set parameters, so that the resulting software is capable of helping the user complete the task 

(this is also a communication challenge). To overcome this problem of technical language 

barrier, Unit 4 participants expressed the need to ask the right questions. In past projects, the 

engineers provided a feature that their partners might find useful in order to start the 

conversation.  

 

5.4.4 Development  

That’s a lot of I think what we do or what we’re supposed to do is to think about 
what could be done that people aren’t asking for because they don’t know it could 
be done that way. (Computer Scientist, 2012 Interview) 

 
 When it comes to any sort of development, Unit 4 participants are pushing innovation. C2 

discussed the importance of taking risks with innovative design: C2 stated, “We also attempt to 

take bigger steps [in development] and then hope that we’re right, and hope they don’t look at it 

and say (makes yuck sound). But kind of take a guess at what they’re really saying is they might 

be saying, ‘We’re thinking you’re really asking for this, you just don’t know you can do that 
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yet.’” They have their concerns, though. The mantra of the principle project lead (CS1, who was 

not a part of Unit 4 interviews and analysis) is to “solve someone’s problem.” This statement 

was repeated as a goal by C3 during his interview. On the other hand, Unit 4 participants were 

aware of the limited effect of visualization. C3 wondered “to what extent or how broad the use 

has been” of a visualization tool he had previously developed. He expressed that sometimes the 

lessons learned during development are more valuable than the visualization output or tool, 

itself. 

 Similar to the other informants, integration of software tools is a major priority for Unit 

4. The engineers expect that the VISTAS visualizer will make the domain scientist’s work more 

efficient. Another priority is increasing interactivity, as well as speeding up processing times. 

Unlike the other informants, Unit 4 participants did not mention the importance of integrating 

statistics and visualization, or speeding up processing times so that it would be possible to do 

live simulations—a priority of the domain scientists. 

 

5.4.5 Summary 

 Unit 4 computer scientists provide another view of visualization development for various 

purposes. While the domain scientists were focused on their research aims, the computer 

scientists were concerned with pushing innovation while serving the users, which in this case are 

the domain scientists and engineers in Units 1-3. One priority for the computer scientists is also 

to prove the extensibility of the tools they are creating, attempting to create something that has 

more than a one-time use. To be sure, the computer scientists must find ways to break the 

domain problems down into tasks that can be translated into a functioning software tool. 
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5.5 Interview Findings Summary 

 The differences in responses from the informants in the subunits create a robust view of 

how scientists are intending to use visualization in their work. The difference in level of 

experience with visualization, amount of exposure to visualization software development, and 

scale of ecological processes each scientist works at stratifies this subsample of the greater 

VISTAS case study. In addition to differences in demographics, I found that the subsample of 

participants also vary in their research phase and focus. For example, S1, E1, and E2 are more 

advanced both in their experience with visualization, but also within the field they study; on the 

other hand, S2’s field of science is relatively understudied. The differences in the concerns of 

these subsamples are driven by these differences in the field of study. S2’s was focused on 

exploration, rather than communication with stakeholder groups. Additionally, S2 was interested 

in gaining access to training on visualization tools and new techniques for approaching his data, 

whereas S1, E1, and E2 were more focused on concerns such as processing speeds and 

integrating visualization into existing software.  

 One finding that may have been lost in the subunit reporting was the attrition rate of 

software engineers in Unit 4. The development team’s leadership (CS2 and CS3) represented in 

the interview data drove the focus and progress of the development team. One aspect of the 

development project not directly related to visualization is the need for time and commitment of 

software developers, who may not have been interested in the broader visualization research 

focus of the project, but were essential to the software development. That said, progress was 

made on the specifications expressed by Units 1-3 over the course of the 3-year project; 

however, the computer scientists’ research aims for pushing innovation may not have been 
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reached due to the need for more time than estimated to build the technical backbone of the 

VISTAS software tool.  

 The interviews with members from Units 1-4 provide the material and expertise for 

software development and fulfill the requirements of a problem-driven study, using real users 

with real data to drive design. What happens when the subunits step out of their individual labs 

and domains, and interact with each other and the broader membership of VISTAS research 

group during all-hands meetings? The following findings from meetings are intended to increase 

the depth of the findings gathered from the individual interviews. 

  

5.6 Meetings 

I see two value propositions. First, we’re using environmental science to drive computer 
science advances, and second, environmental science to drive computer science 
advances. (Scientist 4, All-hands Retreat Planning Meeting, July 2013) 
 

 The coding scheme from the interviews is used for analyzing meeting transcripts and 

notes in order to enrich the case study narrative by exploring the conversation spurred by the new 

settings and input from other members of the VISTAS team, as well as to confirm analysis of the 

interviews. Throughout the meetings, I noted the interplay between project leads, computer 

scientists, domain scientists, and student developers, as they grappled with how visualization 

might increase their ability to explore, collaborate, and communicate, and in which settings they 

will use visualizations.  

 The meetings presented in this analysis occurred between December 2011 and November 

2014. Some meetings, like one in January 2012, were focused on software development, with a 

combination of all-hands participants showing up during the day at different times. These types 

of development meetings occurred over the course of the project and were part of the iterative 
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development process of the software tool. It should be noted that the all-hands meetings 

containing the most content for analysis, where all participants attended concurrently, occurred 

in December 2011 (one-day meeting) and November 2013 (two-day retreat). All participants of 

the VISTAS case study attended these meetings, with the exception of a number of student 

participants, who had either joined or left the project. These major all-hands meetings produced 

the richest supplement to interview data with all the players and their voices in the room, talking 

about their ideas and reviewing the work being completed. That said, analysis presented here is 

based also the composite of my data, which includes notes and memos and transcripts from other 

all-hands and development meetings and informal interactions over the course of the project. 

Senior leadership meetings are also represented here. Figure 22 shows the research group during 

the 2013 all-hands retreat.  

 

Figure 22: All-hands discussion in November, 2013.  
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Figure 22 shows the typical round table meeting discussion, with laptops and overhead projector 

running. The meeting transcripts contain discussion between all the members of the VISTAS 

research collaborative.  

 
5.6.1 Technical Challenges 
 

We’re there in terms of having the data, but not in terms of managing it. 
(Computer Scientist 2, Development Meeting, 2012) 
 

 Technical challenges as discussed during the meetings highlight the complexities of 

scientific and development processes. During the interviews, participants most often described 

technical challenges early in the pipeline to be associated with big data, computational 

efficiency, and processing. During the meetings, especially toward the end of the project, it 

became clear that some of the data challenges were insurmountable, at least through using data 

visualization.  

 The scientists have data and models that are incompatible to visualize together, simply 

because of the nature of the way the data are modeled. The push to integrate these researchers’ 

work was a goal of S4, who thought it might be a way to innovate the process of exploration of 

multi-scalar environmental processes. One concern S2 had was the problem of needing to “make 

up data” where they were sparse (interpolating) in order to integrate his research question with 

other scientists from the group. The problem was not with the collection of data—meaning, the 

data were not missing, but rather, one scientist’s measurements were too few over time and 

space, due to the scale of the process he researches, which is much smaller than the other 

scientist. As stated here by S4 (project lead) to S2, “you have discontinuous data because you’re 

only dealing with measurements. Informant 1, on the other hand, already has done a type of 

interpolation through modeling…and the reason his [data] are continuous is because he used a 
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very complex mechanism. To some extent…nobody has continuous measurements” (All-hands 

meeting, 2013). S2, suggested in response, “reverse testing of different models” in order to 

overcome this problem and integrate his research with the other scientist’s research. This idea 

was not pursued beyond the second meeting discussion. Another suggestion for overcoming data 

and computational challenges was to “combine different data sources and run spatial 

statistics…to understand what areas are variable over time and space.” This suggestion does not 

refer to or depend upon visualization. To be sure, data management continued to be a barrier to 

integration of research as first proposed by the project leads, even until the end of the project. 

The resolution to the discussion about data challenges was to develop a separate visualization 

tool for one of the VISTAS scientists outside of the VISTAS platform.  

 A related technical challenge highlighted during interviews and more fully addressed 

during the last all-hands meeting was generating statistics simultaneous to visualization. Each of 

the scientists wants to be able to generate and visualize statistics at any point in the pipeline; 

however, the statistics challenge is related to the data challenge. S2 commented about file types, 

“are there certain requirements that you want the data in?” and then made the distinction, “Is 

there going to be the capability in the software to compute the statistics, or are you going to need 

to feed in the statistics, which then you just visualize? That’s the difference between just the 

visualization tool and then the actual computational tool or model, or however you call it.” E1 

replied: “I think the future of visualization will be the connection of some kind of statistical 

package, [otherwise] you have visualization, but no visual analytics (group agreement). What 

you really want is visual analytics.” Other members of the meeting agreed, and made the same 

point about LIDAR data: it makes “pretty pictures” but unless it is used to “compute,” it has no 

scientific use.  
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 Combining statistics and visualization is described as cumbersome in visualization 

applications by E2, meaning that it is difficult to add and process a new value, dimension, or 

variable to an existing visualization, without using a statistical program first. This challenge is a 

computing problem, not a visualization problem. During an all-hands meeting, one project lead 

discussed the possibility of connecting the models and VISTAS to the statistical program R; 

however, the scientists wanted the statistical program to run in the background of a visualization 

program, so that one could “write the R script from VISTAS by just pushing a button.” E2 

described the benefit of this capability during an early all-hands meeting: “because instead of 

looking at the data from one person’s point of view—what dataset they wanted you to see and 

what eye point they wanted you to see from, you can go do it yourself.” Developing this 

capability in the software was not pursued beyond the meeting even though there was demand 

for it and discussion about its usefulness during over the course of the project.  

 Similar to the demand for generating statistics simultaneous to visualization is the 

demand for increased interactivity, a need to manipulate scenarios and visualizations, rather than 

using “precooked scenes during a live stakeholder meeting.” One barrier to developing a more 

interactive software tool mentioned was developing the user interface. Overcoming this problem 

of doing live simulations with a group of stakeholders will be discussed later in more detail in 

the communications portion of this section. 

 During the first all-hands meeting, the group members discussed ways the scientists 

could use visualization to integrate their research—a technical challenge. This discussion led to a 

debate between two of the project leads over the ultimate outcome of the project. CS1’s mantra 

of “solving someone’s problem,” as mentioned earlier, led to a discussion over the purpose of 

the project. The project purpose was revised by S4 to answering the question: “Can visualization 
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actually solve someone’s problem?” S4 mentioned that, while the visualization tool might be 

useful and improvements to scientific exploration and communication might occur as a result of 

the VISTAS project, the focus of the project should be about “the process of science” rather than 

“solving a scientific problem.” Understanding the “process of science” is a social science 

question about a technical challenge (can visualization benefit, or is it limited?), rather than an 

ecological problem. More specifically, the group determined that if the hypothesis—that using 

visualization can, indeed, help scientists overcome barriers in exploring and communicating 

data—is true, then “cool science” will come out of the project. In other words, even though the 

lead calls these “cool” outcomes “seductive opportunities to create novel understanding,” the 

overall goal of the project is to learn more about the benefits and limitations of visualization in 

scientific research. One main question of the project, according to S4, then becomes “when 

research brings very different disciplines together in a common spatial domain through 

visualization, can we do something novel?” This clarification reframes the mantra of “solving 

someone’s problem” to a question of “can we solve someone’s problem?” The group continues 

to attempt to design software to solve the domain scientists’ problems and to question whether 

VISTAS could solve someone’s problem in an innovative way. 

In summary, the technical challenges discussed during the meetings touched on topics 

similar to those raised by participants, but also introduced a few new topics. Also, the problem of 

integrating research was more fully explored during meetings than in the interviews. This 

discussion was driven by the senior leadership of the group, who were more interested in 

demonstrating VISTAS as an innovation than the individual units, who were looking for specific 

solutions to research problems. Meeting discussions defined more specifically the problem of 

varying data types as the technical barrier to integrating research. Another technical challenge 
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discussed at the second all-hands meeting was the generation of statistics simultaneously to 

visualization, even though it was hinted at during the first meeting when the group discussed the 

future of publishing datasets and increased interactivity with online publications. Also, 

overcoming the problem of processing visualization during a live simulation was discussed. 

Finally, with regards to technical challenges, the group more clearly established a project goal—

to ask whether a visualization tool and the resulting visual analytics process would help the 

research scientists explore their problems together, or whether visualization would be limited in 

enabling this novel exploration space. To be sure, a number of the technical challenges described 

here overlap with the topics of exploring, communicating, and tool development, and will be 

more fully described in the following sections. 

 

5.6.2 Exploring   

I heard there are multiple roles for the visualizations, and I wonder if different 
visualizations need to be thought of for the different roles. I think about your 
exploratory ones…you can have some really complicated visualization, but when 
you go to communicate with the lay audience, while [the visualization are cool] 
cool, [the lay audiences] don’t necessarily understand anything. (Scientist 4, All-
hands meeting, December 2011) 

 

...when you’ve been going through the layers of the onion…it seems that…while 
you didn’t know exactly what you were going to find out…it all eventually made 
sense…. (Scientist 3, All-hands meeting, November 2013) 

 

 The discussion about challenges in exploring was focused on one central question of the 

VISTAS development project articulated at the first meeting: can visualization help these 

scientists integrate their research and make new discovery or hypotheses by doing so? As a 

result, suggestions for how to integrate research were mentioned during meetings, such as certain 
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through features of data that might be common across key informants. For example, at the initial 

meeting S4, the project leads, S1, and S2 all discussed the possibility of “connecting across 

different disciplines” by analyzing carbon dioxide (CO2), a major research focus in 

environmental science. S4 explained the idea, “You know, having the biogeochemical model in 

the background to atmospheric data adds value by realizing where the air flows and how it 

flows, or how it’s trapped, and being able to explain the variability that you cannot explain with 

variability in temperature....” In this instance, the collaborative research question becomes 

focused on both a physical and chemical process. Another intersection for collaboration is the 

shared research location. For example, S1 suggested overlaying data onto a map, especially when 

dealing with carbon dioxide in the watershed. In response to this suggestion, S2 asked the 

question, “How do things change as a function of spatial scale?” which is different than the 

typical question of what areas change most over time. In other words, analyzing change over 

spatial scale in a common location would get at that problem of integrating research and data—a 

major barrier to exploring collaboratively.  

 The case study participants did make suggestions about how to deal with the problem of 

scale when integrating research, which was a technical goal of S1, S2, and S3 for creating an 

innovative tool that dealt with multiple scales, but they never came to commitment on integrating 

their research. S1 said during the later meeting, “I think it’s the scale in which it’s most 

physically promising to make connections that were historically separated. We can collect dense 

enough info to make this meaningful…I’d like to focus on this watershed scale…the entire basin 

is too much.” In response, E1 made the statement that “displaying time and space 

simultaneously and being able to have side-by-side scenes are technical issues. But trying to 
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digest all this information—it’s really a psychological issue.” This sentiment echoes the research 

on the integrating and visualizing data at multiple scales. 

 During one all-hands meeting (2013), participants more fully described software 

specifications for exploring, such as being able to combine graphs with visualization, finding 

new ways to graph in order to deal with data problems (e.g., using 3D graphs as a way to draw 

attention to significant points in the data), and using network structures to explore tradeoffs 

between choices with groups of stakeholders. These exploration strategies were discussed during 

the development meetings, and more fully explored during the all-hands meeting in November 

2013. The first strategy was using network analysis to see the interconnectedness between 

different variables. E1, E2, and CS2 discussed the importance and intrigue in visualizing 

networks. The network data shows connectivity and allows analysts to understand how 

something, such as information or water, might flow through a network. E2 called this “dynamic 

networks” and stated that current software does not have the ability to produce these types of 

visualizations. CS2 responded that there are already visualization tools that process network data, 

so it did not become a priority for development. It is interesting to note that the scientists 

demanding this network analysis capability are not aware of the current software available to 

them for such a process. The second strategy, related to visualizing dynamic networks and 

introduced by one engineer, is flow visualization (i.e., 3D line integral convolution) for dealing 

with data. Figure 23 shows an example of flow visualization. 
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Figure 23: Example of flow visualization (Falk & Weiskopf, 2008). 
 

 Flow visualizations show a 3D model of the structure of flow (pictured in Figure 23), and 

allow the user to zoom in and out of the visualization in order to see more or less detail about the 

model’s structure and shape and changing of flow. While this type of visualization would have 

been very useful to the group, especially to S2, the development team was unable to create this 

functionality due to time constraints and the graduation of a Masters student who would be doing 

the bulk of the design and development for this visualization. These barriers to development 

seemed to be a major obstacle to reaching goals over the course of the project. Development is 

costly and time consuming. 

 Participants at the November 2013 meeting stated their experiences with and excitement 

about visualization projects and processes. Much of the time when the VISTAS participants were 

apart was spent in step-by-step development and technical details; but when the group came 

together, the brainstorming and creativity seemed at high pitch. For example, participants 

mentioned NSF’s earth cube as an innovative project, and discussed other communities of 
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researchers who would be open to “playing around with ideas” that may emerge as an outcome 

of the VISTAS research study. When discussing innovative groups and scientific exploration, 

meeting participants used terms like “dinking around,” “twittling,” “child’s play,” “becoming 

personally involved,” and “using abductive reasoning.” E1 and S2 were especially interested in 

this kind of innovative exploration. This type of approach was described by one scientist as way 

for determining reasonable as well as absurd conclusions: 

...knowing about some processes doing point measurements that are very precise, 
but wanting to know ‘what does that mean about spatial and temporal variability 
across a large landscape,’ and then to extract…using algorithms, and creating 
visualization of the overall model. This helps see to what extent your 
understanding is good or not good because it may lead to some absurd 
conclusions. But you don’t know that until you see. (Scientist 2, All-hands 
Meeting, 2013) 

 
When pushed to explain by S4 what he meant by this statement about the cost of “absurd 

conclusions” that comes with the promise of insight, S2 attested to visualization as revealing 

new and interesting patterns in their data. This excitement about the possibility was only 

tempered by the limitations of the project, such as the time and availability of the software 

developers to dedicate to implementing design. 

 In summary, many new ideas regarding exploration came up during meeting discussions. 

First, the participants discussed a number of mechanisms for connecting their research, such as 

through analyzing the carbon cycle, or using the common research location as a way to integrate 

their work. That said, the VISTAS scientists continued to get caught up on the problem of scale. 

A number of new exploration strategies not mentioned during the interviews were discussed 

during the meetings, including using network and flow visualizations. Despite numerous 

technical challenges, meeting participants were generally excited about using visualization for 

exploration, and defined this as play that leads to both absurd conclusions and to new insights.  
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5.6.3 Communicating 

It seemed like among the three collaborating groups, you started to see your 
project a little differently because you were viewing it through what could be 
done on the other two. What about the stakeholders from each of your three 
distinct groups would they benefit from now seeing the results of the other 
groups? Because the stakeholders are smart, but they’re not thinking about the 
project the same way the three of you are. My real question is: If we were to 
follow up with the stakeholders, would there be any value to having the three 
groups of stakeholders convene a session together? Do we really want to keep 
the stakeholders separate if were to try to look at whether visualization helped 
strengthen the message to your ultimate audience, which is your stakeholders? 
(Scientist 3, All-hands Meeting, November 2013) 

 

 The VISTAS group spent a great portion of meeting time discussing the changing nature 

of communication using visualization—specifically with the advent of online journals. These 

conversations were spurred by a student presentation on the findings from the visualization 

survey (see Section 3 of this dissertation). Two major innovations related to online journal 

publication were discussed during the meetings: added interactivity (i.e., where visualizations are 

made dynamic) and the ability to show color in visualization. The benefits of online journals 

were described during the all-hands meetings as (1) being able to manipulate a model, itself; (2) 

interacting with the data in order to come to new conclusions; and (3) becoming more personally 

involved with someone else’s research. The social scientist (SS) at an early all-hands meeting 

stated, “The development of the creativity of visualization is going end-to-end with all the other 

kinds of social, cultural, technological advances that you need to do online publications. It’s all 

working together.” This concern with publishing was more philosophical and outside of the 

focus of the VISTAS group—software development was not aimed toward making available a 
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tool to do live visual analytics in an online journal, or thinking about communication with other 

scientists in this way, even though publishing is a major avenue for communicating results  

 In addition to discussing publishing, topics were also raised during the interviews with 

regards to audience analysis or for whom visualizations would work. Participants discussed what 

they thought would appeal to audiences, the reasons behind that appeal, and how they might 

respond with visualization design. It should be noted here that analysis of audiences is based on 

the views and commentary of the project participants, rather than through direct observation of 

their interactions with various audiences. When discussing audience appeal during meetings over 

the course of the project, participants highlighted the importance of making the process of visual 

analytics transparent, and using visualization to simplify concepts and to grab audience attention. 

For example, in one all-hands meeting (November 2013), E2 described how his stakeholders 

only want to “understand what’s going on around here.” He also described withholding a 

certain type of visualization from his audience because they would have a hard time interpreting 

it. The current output that grabs attention is usually an animation of change over time or a 

“flyover” of a familiar landscape. To be sure, these scientists are designing visualization output 

and making choices based on the knowledge or presumptions about their audiences and how to 

display information. 

 With regards to communicating outside of the research setting, discussion during an all-

hands meeting in 2013 echoed what was found in the interviews and the literature—

visualizations appeal to stakeholders not only by filtering and simplifying complex concepts, but 

also by showing them something familiar, then fast forwarding into the future, showing change 

to variables of interest. When it comes to using visualization to communicate with scientific 

audiences, the scientists discussed the value of combining visualization types, such as non-spatial 
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data and spatial data on one screen. This specification goal was, indeed, reached during the 

VISTAS project, and scientists reporting using the VISTAS output in different settings with 

various stakeholder groups with great success. 

One unresolved problem in visualization is how to represent and communicate variability 

and uncertainty through visualization, especially with stakeholder groups. This problem becomes 

especially important when stakeholder groups might be using visualization to make public policy 

decisions. During the second major all-hands meeting, E2 suggested showing uncertainty 

indirectly or not at all, because when he puts “error bands around plots, or fuzzifies maps,” he 

“loses stakeholders” during scenario planning events. In addition to a communication challenge, 

representing uncertainty is also a technical challenge. E1 mentioned the many sources of 

uncertainty, and that it is necessary to capture some and ignore some sources, but that “from the 

get-go it’s an incomplete picture and there are some direct ways we try to get at that with not a 

lot of success.” E2 offered a way to represent uncertainty by pixel: “If you want to take the 

pixels, we say ‘How often did it transition, versus how often did it stay the same?’ and that 

begins to get a little bit of a sense at what the spatial pattern of variability is, but that’s all 

talking around the edges of what you and I think of as true uncertainty propagation in these 

settings.” To be sure, representing uncertainty visually continues to be a challenge. Ultimately, 

the underlying problem is a statistics one: how does one represent the concept of probability and 

effect size to a broader audience, especially when a visualization is used to simplify concepts and 

data? One might hypothesize the following: statistics are not intuitive, which is at odds with the 

goal of visualization, which is often to simplify, compress, and be intuitive. As CS2 stated, “The 

more elaborate you get with that, the more you move away from a lay audience.” Admittedly, 

there are differences between lay and scientific audiences, and using visualization meant for 
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scientific audiences might render concepts too complicated for the lay audience. Finally, the idea 

of uncertainty, in scientific culture, is perceived differently than with lay audiences, where it has 

a negative connotation, according to the social science project lead, and visualizing uncertainty 

might override the value and intention in presenting data visualization in the first place. 

 Related to the problem of communicating with groups outside of the institution, and as 

mentioned earlier in the interviews, is being able to do live simulations and conduct visual 

analytics with stakeholder groups is a major development priority related to communication. 

During the later meetings, the reasons behind this priority became clear: E2 explained to the 

group his experience with scenario planning, where participants—a lay audience—were directing 

the analysis. He stated,  

The real lesson for us has been this stakeholder engagement process bringing 
them into articulating their own scenario process, you know, that’s not our job, 
that’s their job. There’re no deniers at that point. We say, ‘you want [the 
variable] in? We’ll do our best to incorporate it… and see what the results are.’ 
And never once in 10-13 of these has the question been asked, ‘how uncertain are 
those results?’ I’m surprised by that because we’re up front about the limits of 
our ability to predict reality. But once you get into this scenario mode, someone 
else is articulating scenarios, and some of the burden is off of us at that point, 
because the deniers are part of the process. (Engineer 2, All-hands meeting, 
November 2013) 

 
 Note that the deniers or skeptics become a part of the process, which is seen as a benefit 

of visualization. One downfall of the use of visualization, captured in this scientist’s description, 

is its ability to smooth out the results too much—here the scientist mentions the problem of 

seeming to “predict reality.” The value of the live simulation during stakeholder meetings is 

being able to communicate outcomes based on data and driven by the participants in the analysis 

activity. Improving the ease of live simulation changes the communication event into an 
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exploratory session where participants are more convinced of findings because they have control 

over the model inputs and drivers.  

In conclusion, communication discussion from meetings introduced new ideas. One topic 

discussed in the later meetings, but not necessarily the interviews was the problem of 

communicating uncertainty visually, with no consensus reached about either the viability or 

value of including uncertainty values in results. Another topic that occurred was on the topic of 

how best to visualize complex statistics, as well as the limitations to using visualization with 

various audiences.  

 

5.6.4 Development 

One of the lessons learned already is that as you ask me what’s the 
ecology question, I ask you, “What is the capability of the computer 
scientist?” They’re absolutely iterative. The ecology question has to be 
within the framework of what the comp scientist can do, but the comp 
scientist has to address the ecology questions, and that’s exciting. 
(Scientist 4, All-hands meeting, November 2013) 
 
We’re back to the question that we started with: how do you train people 
to operate in a world like that rather than some computer scientist who 
sits in a room somewhere and it may be one of the big barriers…is that 
has to be this close connection and you don’t have a lot of these people 
who can do that, or want to do that.  (Scientist 2, November 2013) 
 

 The process of development, when analyzed through the lens of the VISTAS domain 

scientists, was defined as two different issues: (1) developing the visualization tool, itself, and 

(2) developing the visualizations and visual analytics processes after the research project is 

completed. Development priorities for the visualization tool, as described in the previous 

sections, were revisited during the 2013 all-hands meeting, two years into the project. In addition 

to development priorities, the group discussed barriers to future use of the, including the problem 
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of training people to create their own sophisticated visualizations, rather than having a 

technological expert in the lab to take care of the more complicated computer science activities. 

S2 stated, “You don’t have a lot of these people who can do that, or want to do that.” One result 

of the all-hands discussion may be to recommend ways to overcome the technology-use barrier 

for scientists creating their own visualizations, after the disbanding of the VISTAS development 

group.  

 Regarding the importance of scientists creating their own visualizations using the tool 

once the project is over: these development statements were centered on the importance of 

creating good visual output and design. For example, S2 portrayed himself as a researcher who 

takes chances with exploring and creative thinking, as opposed to others in his field. He 

described how one of his visualizations was widely praised at a scientific meeting, especially 

how it helped others overcome a block in their understanding of the research problem; on the 

other hand, S2 discussed the problem of big data and understanding: 

Honestly, if you think of people being trained and you think you have a very well-
educated audience and they’re going to get this right away: forget about it. Even 
my scientists from all over the world, their thinking is so locked into the time 
‘domain,’ they cannot think of time and space simultaneously. How do we pack 
one terabyte of data into one graph conceptually? (Scientist 2, All-hands Meeting, 
2013) 
 

Even if data can be put into visualization, understanding how to do so in a way that 

makes sense is a challenge. In this statement, the need for training in personal 

visualization design and development is described. This problem will be discussed more 

thoroughly in the next section. 
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 Another more pressing outcome of discussion during a 2013 all-hands meeting was the 

list of software development goals for the remainder of the project. This list of priorities 

contained the following development goals in Table 15. 

Table 15: Development goals listed during the All-hands meeting, November 2013. 

Goal  Description 
1 Visualize multiple scenes on same window; save projects across sessions. 
2 2D graphs and dynamic bar charts (user specifies what data fields go on 

the bars; setup to map any data fields to x and y) 
3 Performance enhancements, friendlier user interface, increased 

documentation 
4 Complete VISTAS fly-through feature (edit the path, play time 

animation at the same time) 
5 Generate MPEG4 files (data animation, fly-through animation) 
6 VISTAS back-end for ENVISION (lower priority—for VELMA) 
7 Enhanced use of color (opacity, desaturation) 

8 5D visualization: XY on ground, contours, height, color (setup to map any 
data fields to the contours, height, and color) 

9 Data Extrusion (time) 
10 Annotation (setup so can add text boxes and 3D arrows running from 

text box to a specific place on the 3D terrain 
11 Research separate from VISTAS: 3D flow visualization; stereographics 

 
 

 These goals were created by the development team, which included the lead computer 

scientist, in response to the requests of the scientist collaborators, and with the direction of the 

rest of the VISTAS case study members based on the discussion during the meeting in 2013. The 

development goals are said to balance the requests of the scientists with the research interests of 

the computer scientists. The bolded items were development goals directly requested by the 

scientists during their interviews and during development meetings. A comparison with the final 

list of design criteria developed in the visualization survey (in Section 3 of this paper) shows 

how this development list both satisfies and exceeds original expectations for software 
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development and visualization design. The project leads regarded the list as ambitious. The 

bolded priority goals were met by the end of data collection period for this case study report. 

 To be sure, discussion about development was idealistic and ambitious during the all-

hands meetings over the course of the project. During the time between meetings, the 

development team worked through technical details, which included developing the architecture 

and lines of code for the VISTAS visualization tool to work. As CS3 stated during an informal 

interaction—the really good developer is the invisible developer, because when a tool works 

seamlessly, the user does not think about the technical aspects of why it works or doesn’t.  One 

difficulty the computer science researchers ran into over the course of the VISTAS project was 

that their to-do list of basic requirements for getting the tool up and running was so time 

consuming there was not as much time for more experimental and innovative research. Figure 16 

summarizes the findings from each of the data sources. As seen in the findings, many ideas for 

development were generated, but the developers needed more time than afforded by this project 

to address these desires.  
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Table 16: Summary of case study findings.

 

 

!Ta
bl

e 
10

: S
um

m
ar

y 
of

 fi
nd

in
gs

. 
  

 
   

   
  U

N
IT

 1
 

 
   

 U
N

IT
 2

 
 

   
 U

N
IT

 3
 

 
   

 U
N

IT
 4

 
 

 M
EE

TI
N

G
S 

 
 

 
Ta

bl
e 

8:
 S

um
m

ar
y 

of
 fi

nd
in

gs
. 

 
C

as
e 

1 
C

as
e 

2 
C

as
e 

3 
C

as
e 

4 
M

ee
tin

gs
 

Te
ch

ni
ca

l 
C

ha
lle

ng
es

 
“S

im
ul

ta
ne

ity
” 

• g
en

er
at

in
g 

vi
su

al
iz

at
io

n 
fo

r a
 

si
m

ul
at

io
n 

in
 re

al
 

tim
e 

• g
en

er
at

in
g 

st
at

is
tic

s 
si

m
ul

ta
ne

ou
s t

o 
vi

su
al

iz
at

io
n 

• b
ig

 d
at

a 
pr

oc
es

si
ng

 a
nd

 
ac

ce
ss

 
• p

re
-v

is
ua

liz
at

io
n 

te
ch

ni
ca

l c
ha

lle
ng

es
 (f

ile
 

fo
rm

at
s a

nd
 in

te
gr

at
in

g 
di

ff
er

en
t s

of
tw

ar
e 

in
te

rf
ac

es
) 

• i
nt

eg
ra

tin
g 

da
ta

 a
na

ly
si

s 
w

ith
 c

ol
le

ct
io

n 
 

• v
is

ua
liz

in
g 

m
or

e 
co

m
pl

ex
 

da
ta

se
ts

  
• t

ra
in

in
g 

so
m

eo
ne

 fr
om

 h
is

 
la

b 
to

 u
se

 n
ew

 to
ol

s 

• o
ve

rc
om

in
g 

da
ta

 
“c

om
pl

ex
ity

” 
• a

dm
itt

in
g 

lim
ita

tio
ns

 
to

 so
ftw

ar
e 

de
ve

lo
pm

en
t 

• u
se

r t
ra

in
in

g 
• a

da
pt

in
g 

vi
su

al
 

ou
tp

ut
 fo

r  
di

ff
er

en
t 

le
ve

ls
 o

f u
se

rs
 

• i
nc

om
pa

tib
le

 d
at

a 
an

d 
m

od
el

s 
• d

at
a 

ch
al

le
ng

es
 c

an
no

t b
e 

ov
er

co
m

e 
vi

a 
vi

su
al

iz
at

io
n 

• g
en

er
at

in
g 

st
at

is
tic

s (
do

in
g 

vi
su

al
 

an
al

yt
ic

s)
 

• c
um

be
rs

om
e 

co
m

pu
tin

g 
• i

nc
re

as
ed

 in
te

ra
ct

iv
ity

 
• i

nt
eg

ra
tin

g 
re

se
ar

ch
 

• t
im

e 
to

 d
ev

el
op

m
en

t a
nd

 im
po

rta
nc

e 
of

 p
rio

rit
iz

in
g 

Ex
pl

or
at

io
n 

• d
is

pl
ay

in
g 

bi
g 

da
ta

 
• s

ca
lin

g 
up

 
• m

ov
in

g 
fr

om
 

co
nf

irm
at

or
y 

to
 

ex
pl

or
at

or
y 

an
al

ys
is 

• u
si

ng
 v

is
ua

liz
at

io
n 

fo
r s

cr
ee

ni
ng

 p
rio

r 
to

 c
lo

se
r 

ex
am

in
at

io
n 

• o
ve

rc
om

in
g 

th
e 

pr
ob

le
m

 o
f c

og
ni

tiv
e 

ov
er

lo
ad

 w
he

n 
vi

su
al

iz
in

g 
he

te
ro

ge
ne

ou
s 

en
vi

ro
nm

en
t  

• p
ro

ce
ss

in
g 

sp
ee

ds
 fo

r 
ex

pl
or

at
io

n 
• f

ilt
er

in
g 

• o
ve

rla
yi

ng
 a

nd
 

ag
gr

eg
at

in
g 

• o
bs

er
vi

ng
 a

ir 
flo

w
 (c

om
pl

ex
 

sp
at

ia
l s

tru
ct

ur
e)

 
• p

ar
am

et
er

 se
tti

ng
 a

nd
 

an
al

yt
ic

s d
ur

in
g 

a 
si

m
ul

at
io

n 
 

• “
pl

ay
in

g”
 w

ith
 th

e 
da

ta
 

• z
oo

m
in

g 
ou

t a
nd

 
ag

gr
eg

at
in

g 
da

ta
 

• u
si

ng
 c

ol
or

 a
nd

 ti
m

e 
la

ps
e 

m
ov

ie
s t

o 
se

e 
ca

us
al

 
re

la
tio

ns
hi

ps
 

• “
he

lp
in

g 
pe

op
le

 d
ra

w
 

co
nc

lu
si

on
s”

 ra
th

er
 

th
an

 ju
st

 “
sh

ow
in

g 
da

ta
” 

• “
m

en
ta

l m
od

el
s”

 
im

po
rta

nt
 

• p
us

hi
ng

 d
es

ig
n,

 
w

hi
le

  m
ai

nt
ai

ni
ng

 
ac

ce
ss

ib
ili

ty
 

• c
on

ne
ct

in
g 

ac
ro

ss
 d

is
ci

pl
in

es
 v

ia
 

C
ar

bo
n 

cy
cl

e 
or

 sh
ar

ed
 lo

ca
tio

n 
• o

ve
rc

om
in

g 
th

e 
pr

ob
le

m
 o

f s
ca

le
 

w
ith

ou
t c

og
ni

tiv
e 

ov
er

lo
ad

 
• n

ew
 e

xp
lo

ra
tio

n 
st

ra
te

gi
es

 (n
et

w
or

k 
vi

s, 
flo

w
) 

• a
gi

le
 so

ftw
ar

e 
fo

r “
pl

ay
in

g”
 w

ith
 

da
ta

 

C
om

m
un

ic
at

io
n 

• r
es

po
nd

in
g 

to
 

“t
ou

gh
 c

rit
ic

s”
 

• u
si

ng
 in

tu
iti

ve
 

vi
su

al
s 

• s
im

pl
ify

in
g 

fo
r 

di
ff

er
en

t a
ud

ie
nc

es
 

• s
ho

w
in

g 
th

e 
bi

g 
pi

ct
ur

e 
vi

a 
fly

ov
er

s 
or

 z
oo

m
in

g 
ou

t 
 

• s
or

tin
g 

th
ro

ug
h 

co
m

pl
ex

 d
at

a 
se

ts 
• i

nt
ui

tiv
e/

fa
m

ili
ar

 
vi

su
al

s 
• z

oo
m

in
g 

in
 a

nd
 fl

yo
ve

r 
to

 si
m

pl
ify

 fo
r 

in
te

rp
re

ta
tio

n 
an

d 
de

ci
si

on
-m

ak
in

g 

• r
ev

ea
lin

g 
re

su
lts

 to
 o

th
er

 
sc

ie
nt

is
ts

  
• u

si
ng

 v
is

ua
liz

at
io

n 
to

 
co

nv
in

ce
 

• c
om

m
un

ic
at

in
g 

w
ith

 
co

m
pu

te
r s

ci
en

tis
t 

• s
tra

te
gi

es
 fo

r 
un

de
rs

ta
nd

in
g 

au
di

en
ce

s 
• c

ho
os

in
g 

th
e 

rig
ht

 
le

ve
l o

f d
et

ai
l 

de
pe

nd
in

g 
on

 th
e 

au
di

en
ce

 
• t

ra
ns

la
tin

g 
te

rm
in

ol
og

y 
 

• t
es

tin
g 

ou
t 

in
no

va
tio

n 
 

• n
ew

 p
ub

lis
hi

ng
 fo

rm
at

s  
• c

om
m

un
ic

at
in

g 
va

ria
bi

lit
y 

an
d 

un
ce

rta
in

ty
 

• a
ud

ie
nc

e 
ap

pe
al

/a
na

ly
si

s 
• i

nc
or

po
ra

tin
g 

st
ak

eh
ol

de
rs

 in
 v

is
ua

l 
an

al
yt

ic
s p

ro
ce

ss
 

D
ev

el
op

m
en

t 
• i

nt
eg

ra
tin

g 
cu

rr
en

t 
so

ftw
ar

e 
• i

nc
re

as
in

g 
pr

oc
es

si
ng

 sp
ee

ds
  

• d
yn

am
ic

 b
ar

 c
ha

rts
 

an
d 

gr
ap

hi
cs

 

• v
is

ua
liz

er
 in

te
gr

at
io

n 
w

ith
 e

xi
st

in
g 

to
ol

s  
• i

nc
re

as
e 

pr
oc

es
si

ng
 

sp
ee

ds
 

• “
m

ix
 th

in
gs

 li
ke

 re
al

-
tim

e 
fil

te
rin

g.
..t

ha
t c

an
 

be
 a

pp
lie

d 
qu

ic
kl

y,
 e

as
ily

 
an

d 
fle

xi
bl

y”
 

• v
is

ua
liz

er
 in

te
gr

at
io

n 
w

ith
 

ex
is

tin
g 

to
ol

s  
• i

nc
re

as
in

g 
pe

rs
on

al
 

ab
ili

tie
s, 

ra
th

er
 th

an
 

de
ve

lo
pi

ng
 th

e 
vi

su
al

iz
at

io
n 

to
ol

 

• i
nt

ro
du

ci
ng

 n
ew

 
de

ve
lo

pm
en

ts
 

• “
so

lv
in

g 
so

m
eo

ne
’s

 
pr

ob
le

m
” 

• r
ea

liz
in

g 
th

e 
lim

ita
tio

ns
 o

f a
 v

is
 to

ol
 

• i
nt

eg
ra

tin
g 

cu
rr

en
t 

to
ol

s 

• d
is

tin
gu

is
hi

ng
 b

et
w

ee
n 

de
ve

lo
pi

ng
 

th
e 

vi
su

al
iz

at
io

n 
to

ol
 a

nd
 d

ev
el

op
in

g 
ac

tu
al

 v
is

ua
liz

at
io

ns
 

• t
he

 “
lis

t”
 o

f f
in

al
 d

ev
el

op
m

en
t 

ob
je

ct
iv

es
 

• b
ar

rie
rs

 o
f f

ut
ur

e 
us

e 
(tr

ai
ni

ng
?)

 
• p

ac
ki

ng
 b

ig
 d

at
a 

in
to

 v
is

ua
liz

at
io

n 

 



   
 
  126 

5.7 Moving From Data to Conclusions 

The findings presented here were compiled through analysis of transcripts and field 

notes. Initially, I developed the primary codes for analysis through open coding using the NVivo 

software tool, as mentioned earlier, and secondary and tertiary codes through selected coding of 

the transcripts based loosely on the propositions that are the foundation of the VISTAS research 

project. The primary, secondary, and tertiary codes were developed through analysis of the 

interviews, and then applied to the meeting data. As mentioned, the meeting notes, informal 

conversations, emails, and participation in the reading groups and development meetings over 

the course of three years contributed to my understanding of the views and fields of different 

participants in VISTAS and to the building of the literature review, which acts as both a lens for 

viewing the findings from the transcripts, but also as an anchor for analyzing results.  

It would be difficult to name the exact day or interaction that led to a particular aspect of 

my analysis—to do so would be counter to nature of spiraling into knowing through my 

immersion in the VISTAS research group. That said, my focus on one particular design model 

for understanding my research questions and data (i.e., The Nested Blocks and Guidelines 

Model, Meyer, 2013) was highly influenced by a workshop in San Diego that I attended in May 

of 2014. At this workshop, I met others who were doing similar work, but in a different research 

setting, using different methods. These researchers were studying individual’s cognitive 

processes in completing a task in a lab setting or during a field experiment, whereas, I wanted to 

expand the scope of this focus to take into account my field observations and transcripts from 

meetings and interviews. This contrast helped me to articulate the boundaries of my research 

focus. 
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In viewing the literature on visualization design and evaluation, I realized that much of 

the visualization research focuses on tasks, techniques, and algorithms, or lower-level design 

considerations. I wanted to focus on high-level design that was driven by aspects of the problem 

domain. I hoped my research could contribute to understanding broader issues in public policy, 

ecological management, and scientific research practices. Additionally, I noted that data from 

VISTAS case study members were focused not only on strategies and techniques, but also bigger 

picture problems, such as the limits to using visualization in solving problems and 

communicating results.   

 More importantly, though, central to the theme of this dissertation is the co-evolution of 

problems and technical solutions for dealing with problems, especially in ecological research. In 

my research, I ask how and why are scientists using visualization? The answers to these 

questions are based on the physical design and development and use of a visualization tool to 

address real problems. Content analysis of meetings with all VISTAS members and interviews 

with the key informants delineated the differences between exploring and communicating data 

with regards to the type of research setting. The benefits and limitations of visualization were 

further defined with regards to these distinctions in the meetings and over time, especially 

considering the technical challenges and development victories experienced over the course of 

the VISTAS case study. The discussion filters VISTAS findings through models found in the 

literature. The discussion also frames the VISTAS case as a design study to show how the results 

might affect other similar visualization design studies. 
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6 ANALYSIS & DISCUSSION 

 The VISTAS case study findings produced context-specific examples of how and why 

VISTAS scientists intend to use visualization, as well as examples of the benefits and limitations 

of visualization. In order to frame the analysis and discussion, one might consider both the 

literature and the project findings as a whole. The combination of these two sources of 

knowledge creates a systematic way to understand visualization design and use. For example, 

VISTAS scientists make a distinction between their research activities—they intend to use 

visualization for exploring their problems and communicating their findings; but they do not 

necessarily frame their research activities by referring to them as wicked problems, nor do they 

talk about the distinction between complicated problems and simple puzzles when they make 

models or analyze their data. That said, using a theoretical model for framing the study provides 

a way to systematize analysis and generalize results. The discussion will use two models, the 

post-normal science and the automation models. 

 

6.1 Theoretical Models 

According to the literature, post-normal science problems include high uncertainty and 

high decision stakes, and often include low-consensus on the “best” solution. In response to 

conducting science within the post-normal context, VISTAS scientists are struggling with 

incorporating more complex datasets into their research. They are also considering how to 

present their data to stakeholder groups. However, they tend to be more focused on the day-to-

day concerns of a researcher: building their lab, maintaining funding, doing the types of research 

they were trained to do in the field. That said VISTAS scientists are aware that visualization 

might contribute to their work and have dedicated time to developing better software tools. The 
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post-normal science model (see Literature Review, Section 2) is useful for understanding the 

VISTAS case because it provides a way to characterize the problems, the variables that influence 

problems, and the role technical tools such as visualization might play in solving problems. 

VISTAS’ data, in turn, adds refinement to the theoretical models.  

 

6.1.1 The Automation Model 

The automation model is used for shaping design studies in the visualization research 

community, where the ideal for many researchers who design visualization products is that the 

process of visualization will become more standardized and generalized (e.g., to the point of 

automation) (Sedlmair et al., 2012).  

 
Figure 24: Automation of visualization is shown here as based on a relationship between how 
clear the task related to a problem is and where the information is located (Sedlmair et al., 2012).  
 

The automation model describes two characteristics of visualization design: how well a 

problem can be broken down into crisp tasks and how much of the information pertaining to the 

problem is located in the computer (Figure 24). The authors of the automation model use the 

terms “fuzzy” and “crisp” as a way to describe the scope and stability of tasks in the domain 
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problem (Sedlmair et al., 2012). To move from fuzzy to crisp tasks, the engineer or scientist 

breaks the domain problem down into discrete and manageable pieces. Design study 

methodology is used to explore domain problems where tasks have yet to be automated. In 

addition to task clarity, information located in the computer (y-axis) is essential to problem 

exploration and solution using technical tools, such as visualization. Problem-driven design 

studies, like VISTAS, break problems down into executable tasks, decide how best to abstract 

the data, and create a visualization tool for users to interact with the data.  

 

6.1.2 The Merged Model 

Applying the automation model within the context of post-normal science, one might say 

that problems are impossible to break into crisp tasks due to high systems uncertainty and 

complexity (e.g., interdependence, interconnectivity). The two models (post-normal science and 

automation) merge at these axes (task clarity and systems uncertainty). For example, Figure 25 

shows how the higher the uncertainty of a system, the fuzzier a task becomes. According to the 

models, certain problem-solving activities can be reduced to a set of smaller, crisp tasks, but 

some cannot. The types of problem-solving activities with crisp tasks and enough information 

(low systems uncertainty) usually fall within the realm of normal science and automated 

solutions. Problems that can be broken down into crisp tasks might also be referred to as puzzles, 

using the language of the wicked problems matrix.  
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Figure 25: Automation model (Sedlmair et al., 2012, left) and post-normal science model 
(Munda, 2004, right) with “task clarity” axis repositioned to describe systems uncertainty. 

 

Sedlmaier, et al., (2012: 3) write that, “Because many real-world data analysis problems 

have not yet progressed to the crisp/computer ends of the axes, we argue that design studies can 

be a useful step towards a final goal of a fully automatic solution.”  The concept of automation as 

“goal” is often a central objective for technical designers and developers in visualization, and 

much of their focus is on breaking down problems into tasks that might generalize across 

domains, as mentioned earlier. Using the post-normal science model, one might say that the goal 

of automation or finding a pure science solution becomes more difficult with greater systems 

uncertainty and higher decision stakes (see Figure 25). Table 17 summarizes other ways the post 

normal and automated models intersect. 

 

 

 

 

straction, and a decent reflection on guidelines. On the other hand, a
very thorough design and evaluation might counterbalance a moder-
ate problem characterization or reflection. Our definitions imply that
a design study paper does not require a novel algorithm or technique
contribution. Instead, a proposed visualization design is often a well-
justified combination of existing techniques. While a design study
paper is the most common outcome of a design study, other types of
research papers are also possible such as technique or algorithm, eval-
uation, system, or even a pure problem characterization paper [50].

3.2 Task Clarity and Information Location Axes
We introduce two axes, task clarity and information location, as shown
in Figure 1. The two axes can be used as a way to think and reason
about problem characterization and abstraction contributions which,
although common in design studies, are often difficult to capture and
communicate.

The task clarity axis depicts how precisely a task is defined, with
fuzzy on the one side and crisp on the other. An example of a crisp
task is “buy a train ticket”. This task has a clearly defined goal with a
known set of steps. For such crisp tasks it is relatively straightforward
to design and evaluate solutions. Although similarly crisp low-level
visualization tasks exist, such as correlate, cluster or find outliers [2],
reducing a real-world problem to these tasks is challenging and time
consuming. Most often, visualization researchers are confronted with
complex and fuzzy domain tasks. Data analysts might, for instance,
be interested in understanding the evolutionary relationship between
genomes [45], comparing the jaw movement between pigs [34], or the
relationship between voting behavior and ballot design [94]. These
domain tasks are inherently ill-defined and exploratory in nature. The
challenge of evaluating solutions against such fuzzy tasks is well-
understood in the information visualization community [59].

Task clarity could be considered the combination of many other fac-
tors; we have identified two in particular. The scope of the task is one:
the goal in a design study is to decompose high-level domain tasks of
broad scope into a set of more narrow and low-level abstract tasks.
The stability of the task is another: the task might change over the
course of the design study collaboration. It is common, and in fact
a sign of success, for the tasks of the experts to change after the re-
searcher introduces visualization tools, or after new abstractions cause
them to re-conceptualize their work. Changes from external factors,
however, such as strategic priority changes in a company setting or
research focus changes in an academic setting, can be dangerous.

The second axis is the information location, characterizing how
much information is only available in the head of the expert versus
what has been made explicit in the computer. In other words, when
considering all the information required to carry out a specific task,
this axis characterizes how much of the information and context sur-
rounding the domain problem remains as implicit knowledge in the
expert’s head, versus how much data or metadata is available in a dig-
ital form that can be incorporated into the visualization.

We define moving forward along either of these axes as a design
study contribution. Note that movement along one axis often causes
movement along the other: increased task clarity can facilitate a bet-
ter understanding of derived data needs, while increased information
articulation can facilitate a better understanding of analysis needs [61].

3.3 Design Study Methodology Suitability
The two axes characterize the range of situations in which design study
methodology is a suitable choice. This rough characterization is not
intended to define precise boundaries, but rather for guiding the under-
standing of when, and when not, to use design studies for approaching
certain domain problems.

Figure 1 shows how design studies fall along a two-dimensional
space spanned by the task clarity and the information location axes.
The red and the blue areas at the periphery represent situations for
which design studies may be the wrong methodological choice. The
red vertical area on the left indicates situations where no or very lit-
tle data is available. This area is a dangerous territory because an
effective visualization design is not likely to be possible; we provide
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Fig. 1. The task clarity and information location axes as a way to analyze

the suitability of design study methodology. Red and blue areas mark

regions where design studies may be the wrong methodological choice.

ways to identify this region when winnowing potential collaborations
in Section 4.1.2.

The blue triangular area on the top right is also dangerous terri-
tory, but for the opposite reason. Visualization might be the wrong
approach here because the task is crisply defined and enough infor-
mation is computerized for the design of an automatic solution. Con-
versely, we can use this area to define when an automatic solution is
not possible; automatic algorithmic solutions such as machine learning
techniques make strong assumptions about crisp task clarity and avail-
ability of all necessary information. Because many real-world data
analysis problems have not yet progressed to the crisp/computer ends
of the axes, we argue that design studies can be a useful step towards
a final goal of a fully automatic solution.

The remaining white area indicates situations where design studies
are a good approach. This area is large, hinting that different design
studies will have different characteristics. For example, the regions
towards the top left at the beginning of both axes require significant
problem characterization and data abstraction before a visualization
can be designed—a paper about such a project is likely to have a sig-
nificant contribution of this type. Design studies that are farther along
both axes will have a stronger focus on visual encoding and design
aspects, with a more modest emphasis on the other contribution types.
These studies may also make use of combined automatic and visual
solutions, a common approach in visual analytics [84].

The axes can also associate visualization with, and differentiate it
from other fields. While research in some subfields of HCI, such as
human factors, deal with crisply defined tasks, several other subfields,
such as computer supported cooperative work and ubiquitous comput-
ing, face similar challenges in terms of ill-defined and fuzzy tasks.
They differ from visualization, however, because they do not require
significant data analysis on the part of the target users. Conversely,
fields such as machine learning and statistics focus on data analysis,
but assume crisply defined tasks.

4 NINE-STAGE FRAMEWORK

Figure 2 shows an overview of our nine-stage framework with the
stages organized into three categories: a precondition phase that de-
scribes what must be done before starting a design study; a core phase
presenting the main steps of conducting a design study; and an analy-

sis phase depicting the analytical reasoning at the end. For each stage
we provide practical advice based on our own experience, and out-
line pitfalls that point to common mistakes. Table 1 at the end of this
section summarizes all 32 pitfalls (PF).

The general layout of the framework is linear to suggest that one
stage follows another. Certain actions rely on artifacts from earlier
stages—deploying a system is, for instance, not possible without some

TASK'CLARITY'
CRISP' ' ' ' ' ' ' 'FUZZY'

''
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Table 17: Summary of statements where the two conceptual models merge and complement each 
other.  

Statements based on the 
merging of the POST 

NORMAL and 
AUTOMATION models 

POST NORMAL SCIENCE 
STATEMENTS (Ravetz & 

Funtowicz, 1993) 

AUTOMATION MODEL 
STATEMENTS (Sedlmair et al., 2012) 

The outer reaches of the two 
models that are not 
automated or do not fall in 
the normal science paradigm 
include high systems 
uncertainty; high decision 
stakes; fuzzy tasks; not 
enough information 

“All too often, we must make hard 
policy decisions where our only 
scientific inputs are irremediably 
soft. The requirement for the 
“sound science” that is frequently 
invoked as necessary for rational 
policy decisions may affectively 
conceal value-loadings...” (2) 

“[Some] domain tasks are inherently ill-
defined and exploratory in nature. The 
challenge of evaluating solutions against such 
fuzzy tasks is well- understood in the 
information visualization community” (3) 

 

Reducing problems to low 
system uncertainty and crisp 
tasks puts them in the realm 
of academic science and an 
automated solution. 

“A picture of reality that reduces 
complex phenomena to their 
simple, atomic elements can make 
effective use of a scientific 
methodology designed for 
controlled experimentation, 
abstract theory building and full 
quantification” (2). 

“An example of a crisp task is ‘buy a train 
ticket.’ This task has a clearly defined goal 
with a known set of steps.... Task clarity could 
be considered the combination of many other 
factors; we have identified two in particular. 
The scope of the task is one: the goal in a 
design study is to decompose high-level 
domain tasks of broad scope into a set of more 
narrow and low-level abstract tasks” (3) 

Real problems are difficult to 
problematize or reduce to 
crisp tasks. These problems 
can be described as outside 
of the automated solution 
zone or academic science 
zone.  Additionally, when 
problems are simple enough, 
such that they can be 
automated, tools such as 
visualization are not 
necessary for further 
analysis.  

Not everyone agrees that 
problems can be reduced to 
manageable pieces. 

“The traditional ‘normal’ 
scientific mind-set fosters 
expectations of regularity, 
simplicity and certainty in the 
phenomena and in our 
interventions.” (2) 

“Contrary to the impression that 
the textbooks convey, in practice 
most problems have more than 
one plausible answer, and many 
have no well-defined scientific 
answer at all” (3). 

“Visualization might be the wrong approach 
here because the task is crisply defined and 
enough information is computerized for the 
design of an automatic solution. Conversely, 
we can use this area to define when an 
automatic solution is not possible; automatic 
algorithmic solutions such as machine learning 
techniques make strong assumptions about 
crisp task clarity and availability of all 
necessary information. Because many real-
world data analysis problems have not yet 
progressed to the crisp/computer ends of the 
axes, we argue that design studies can be a 
useful step towards a final goal of a fully 
automatic solution” (3) 

The context of problems 
determines to what extent the 
solution can be automatized. 
Only certain portions of the 
problem can be incorporated 
into a technical solution; in 
other words, not every aspect 
of a problem can be digitized. 

“Depending on the particular 
context, the task may be more like 
policy-related research, or 
science-related decision making, 
or creative technical-social 
innovation” (4). 

“...when considering all the information 
required to carry out a specific task, this axis 
characterizes how much of the information 
and context surrounding the domain problem 
remains as implicit knowledge in the expert’s* 
head, versus how much data or metadata is 
available in a digital form that can be 
incorporated into the visualization” (3) 
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Table 17 shows how high systems uncertainty and high decision stakes affect the process of 

science and the process of decision-making. It also shows how visualization researchers, from a 

technical perspective, realize the difficulty of automating tasks2 associated with complex 

problems into a visualization process. It explains, too, that much of the agenda for technical 

innovation is the goal of automation that produces insight, which might occur over the course of 

time and repeated design studies tackling new and varied problems, task-by-task. By merging the 

post-normal model and automation model and applying VISTAS findings analysis to the Merged 

Model, one might be able to understand model accuracy and further define applications (Figure 

26). The VISTAS data, once applied to the Merged Model, can be abstracted and generalized. 

Before applying the Merged Model, more detail about its use is necessary.  

                                                
2 It should be noted that the automation model assumes that the expert is a specific user within the domain of science 
for which a particular visualization tool is being designed. This view does not necessarily take into account the wide 
range of users who might be using the tool for visual analysis, or viewing the output for decision making. 
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Figure 26: The Merged Model is created when the automation model, which is positioned as the 

floor of this 3D diagram, is placed within the post normal science paradigm. 
 

First, the point of intersection between the automation model and post normal model is 

the x-axis, which describes the level of difficulty in breaking down a problem into manageable or 

crisp tasks. Note that when flipping the task clarity axis of the automation diagram to mirror the 

post normal science paradigm, as pictured in Figure 26, one must also flip the other axis 

(information location) from the automation model.  

Next, when merging the two models, a number of refinements to the automation model 

might be made based on VISTAS findings. These suggested refinements are shown in gray in 

Figure 26. For example, in the original automation model, the information location axis describes 
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information as being either in the head of the visualization user, or in the computer. I would 

argue that this characterization of information overlooks certain aspects of real users solving 

domain problems, such as found in the VISTAS case study. The VISTAS scientists noted that, 

when not in the computer, information might be in the head of the user or somewhere else, such 

as in an inaccessible data format that prevents data from being processed and visualized. The 

information could also be in the form of a thought experiment the researcher is exploring, such 

as expressed by S2 when he discussed his use of play and abductive reasoning, so that the 

information is both in his head and in the data he is playing around with. To be sure, identifying 

information as either in the head or in the computer overlooks the real nature of how information 

is collected and used for problem solving; therefore, more accurate to the problem solving 

process would be to describe information as being somewhere along the continuum of a data 

pipeline—either inside or outside of the data pipeline—rather than in the head or in the 

computer. The closer the information gets to the center point of the Merged Model, the more it is 

in a usable format, available for technical problem solving. Other minor refinements and 

applications of the Merged Model will be discussed in the next subsections. Each subsection 

includes recommendations that become apparent when applying VISTAS data to the Merged 

Model. 

 

6.2 Technical Challenges  

  
If we think about a science question for solving some ecological problem, or even some 
socio-ecological problem, I think we’re dead in the water when we start, but if we talk 
about the process of science and how this project is reviewing new ways to go about that 
process by having the social scientists watch what we’re doing and having different 
disciplines of science come together with a common spatial domain for visualization, the 
science question becomes about the process of science not ecological problems. (Scientist 
4, All-hands Meeting, December 2011) 
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One proposition central to the VISTAS case study was that visualization might help 

scientists deal with new challenges associated with exploring big data, which continues to pose a 

technical challenge for VISTAS scientists. While it seems that visualization design would be a 

quick fix to dealing with the problem of big data, VISTAS scientists and engineers expressed 

both the difficulties of computational efficiency and time-to-process over the course of the 

project. In VISTAS, visualization was to act as a bridge to the accessing the zone labeled “not 

enough information” in the automation model. It is hard to tell whether the word “information” 

in the automation model applies to more than just data. According to Sedlmair et al. (2012) 

information is both context of the problem or what is known about the domain and the data or 

metadata in digital form in the computer.  In the case of VISTAS, information is defined as data 

that is collected systematically and can be applied to a particular question with operational 

variables in relationship to other variables. The data challenge in VISTAS was having enough 

information, but not being able to access it; therefore, one more revision to the automation model 

would be to rename the area now called “not enough information” to something more accurate to 

domain problems, such as “ill-defined” or “inaccessible” information. 
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Figure 27: Visualization might be used as a way to enter problems with high uncertainty, 
where the tasks are fuzzy, and where information is ill-defined due to “big data” challenges. 

 

Overcoming technical challenges might lead to the ideal situation in a normal science 

research problem: crisp tasks with sufficient, usable data for problem solving. This ideal 

situation includes data analysis where the system is knowable and where statistics can be applied 

in a way that is replicable and accepted by the academic peer community. The further domain 

scientists move away from that central position in the Merged Model, the more they move into 

the realm of wicked problems and post normal science, as mentioned earlier. Adding more 

information might help solve the problem; however, big data continues to be prove a technical 

challenge for VISTAS scientists that concerns more than just getting more information into the 

computer.  

The specific big data technical challenge in VISTAS is visualizing multi-scalar data (data 

variety). This visualization design goal was not achieved during the VISTAS project in the way 

that it was proposed by S1, S2, and S4 during initial meetings. A number of discussions over the 
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course of the project were hopeful and proposed possible ways to integrate multi-scalar data. 

These suggestions were most often based on data and processes not associated with visualization, 

but at the data collection or modeling stage, prior to visualization. According to VISTAS 

scientists, the visualization by itself does not act as the bridge to exploration until this technical 

front-end work is completed. Follow-up interviews with project scientists in 2014 confirmed the 

need for more pre-visualization work on models and algorithms that drive the exploratory 

analysis via visualization. VISTAS scientists also discussed the value of being able to generate 

statistics simultaneous to visualization—or visual analytics process—as a way to overcome this 

technical challenge. For example, integrating VISTAS as a plugin visualizer to another tool, as 

requested by a few of the participants, might overcome the challenge of integration of multiple 

data sources at the data and methods level.   

 

6.2.2 Recommendations for Addressing Technical Challenges 

A number of technical challenges were overcome through the VISTAS design study; 

however, by analyzing findings using the Merged Model, a few recommendations might be made 

for further consideration and development. First, one strategy discussed by VISTAS scientists for 

overcoming technical challenges is to create a tool that combines statistical analysis with 

visualization. This innovation would be accentuated by connecting VISTAS to a standard 

statistical modeling program, such as R or MATLAB. Next, one design recommendation for 

VISTAS developers and future design studies is to increase accessibility of the tool to many 

users as a move toward standardizing the visualization process. Standardizing a visualization tool 

would increase the likelihood that different scientists’ data and models will be the right file type, 

which might increase scientists’ access to others’ data and combine efforts to develop technical 
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tools. For example, while the VISTAS visualization tool is open source and online, the VISTAS 

visualizer is difficult to use because it requires data to be in a certain format.  

While this design and development direction may not seem innovative in the way that 

VISTAS case study participants envisioned, greater accessibility to a visual analytics tool and 

subsequent use of it by others would be groundbreaking. This development recommendation also 

addresses the state of the art in visualization survey findings, where the transition from static and 

print journals to online multimedia publishing was described. The online format for publishing 

gives scientists the opportunity to share not only their findings, but also their data and their 

models. One innovation that is in the purview of VISTAS is to create a tool that might enable 

scientists to conduct live visual analytics for interacting with findings online by making it 

compatible with an existing and standard analysis tool.  

 

6.3 Exploration 

Many of strategies VISTAS scientists used for exploration can be translated into crisp 

visualization tasks such as filtering, zooming, aggregating, viewing data spatially, and more. In 

addition, the VISTAS analytics tool gives scientists the ability to view multiple visualization 

types on one screen (e.g., dynamic bar graphs and animated digital elevation map with variables 

distinguished through color or texture). These design features are useful in an ideal normal 

science setting.  

That said, a number of features that might enable VISTAS scientists to explore data in a 

post-normal science setting have not yet been embedded into the tool. The challenge in creating a 

tool for addressing multi-scalar temporal and spatial data is technical, as mentioned earlier. 

However, visualizing multi-scalar data is also a human cognition problem, which limits 
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visualization use for exploration. For example, exploration of multi-scalar data is difficult to 

achieve visually due to a number of cognitive limitations. Scale is challenging in simultaneous 

animated visualization because fluctuations at one scale might be imperceptible at another scale. 

A metaphor for the difficulty of integrating data from different scales and different disciplines is 

that of clockwork gear. Integrating data from different scales is like making two different sized 

gears run as a system—like clockwork. Visualizing how the gears change in time in relation to 

each other requires having them move through time (i.e., spin) precisely in relation to the other. 

Once the gears are set in motion, the larger gear will move much slower with fewer rotations per 

minute than the very small gear. The two gears—analogous to ecological systems functioning at 

different scales—are made compatible only through perfectly fitting teeth. Now imagine if each 

gear represented an ecological system or process. A visualization canvas or working desktop 

must include the important features of the systems, which vary in scale, and a way to view those 

features in relation to one another (Robertson, Ebert, Eick, Keim, & Joy, 2009). The bigger the 

difference in scale of the two systems in time and space, the more difficult it is to accommodate 

those differences visually (Williams et al., 2013). Understanding how to express this problem 

through visualization design is challenging. 

A visualization tool that shows change in processes at different scales over time and 

space must have some sort of regulating mechanism, like the teeth on the gears, that integrate the 

two systems. Even by using a visualization strategy, such as toggling back and forth, or zooming 

in and out, between views of multi-scalar systems, the larger system will often show less change 

throughout an animation, like the bigger gear, than the smaller system. One can use an algorithm 

to make quick comparison of the two systems, but visually detecting significant or interesting 

points in the data is difficult without augmentation, such as speeding up the smaller-scale system 
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in order to see change in the larger-scale more quickly than it would happen normally; and 

augmentation requires a software system that allows for it (Kehrer & Hauser, 2013).  

Processing and using multi-scalar data is a scientific grand challenge. Visualizing multi-

scalar data might contribute to scientists’ exploration of their own multi-scalar data, especially 

downscaling, which is widely discussed in the field of climate change science (Giorgi & Mearns, 

1999; Wilby, Dawson, & Barrow, 2002). Global climate models contain coarse spatial 

resolution. If a land manager in a certain location wants information on regional climate, the 

global model will need to be downscaled. The model is downscaled—spatially—by clustering 

information into an average value for the region that is less accurate than it would be for the 

global model. The multi-scale problem also occurs when visualizing connectors that move 

between scales and the various physical and biological processes that occur (Peters et al., 2008). 

Despite the difficulty, such integration continues to be a visualization design priority especially 

current in the field of ecology, as mentioned in section 6.2.  

Another design feature contributing to exploration is related to the work of S2 who is in a 

field of study where there has yet to be many discoveries. Of all the participants, S2 represents 

the type of scientist who might use visualization as a means to hypothesis generation. One 

visualization type that would be most useful to him is flow visualization, as mentioned earlier. 

As it stands, flow visualization has not been incorporated into the VISTAS tool. That said, 

another visualization type, which allows S2 to visualize wind speed and direction on a 3D 

landscape, has been developed. Combining the two visualization types (the flow visualization 

and the landscape visualization) would enable S2 to explore his data with regards to both the 

surrounding landscape and the small-scale processes he is studying.  
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6.3.1 Recommendations: Exploration 

With regards to design and development directions, a major contribution and research 

direction that might be achieved by the computer science research is finding ways to visualize 

multi-scalar data. More communication between the domain scientists and computer scientists 

with regards to the step-by-step tasks and complicated statistics involved in downscaling, for 

instance, might contribute to this design and development research aim. Additionally, creative 

and novel ways to abstract the data into visualization types such as 3D volume extrusion might 

be further developed and tested for accessing multi-scalar data.  

VISTAS computer scientists should be encouraged to continue with their initial aim of 

pushing design now that the VISTAS tool is functional for the more basic tasks demanded by the 

domain science partners. Another development goal with regards to exploration would be to 

define the tasks that would serve S2 and his data. One design task would be to achieve the flow 

visualization and enable a user to view flow over time and space. This visualization development 

would provide greater ease for exploration.  

 

6.4 Communication 

 
And putting them in a birds-eye view, sort of standing back, and being able to see how 
different the landscape looks in these four different views, looking forward in time under 
different scenarios is really an eye opener. Often when I’ve shown this to people, just this 
frame here, they need some explanation of what they’re looking at, naturally, but that 
doesn’t take very long, and it’s proven. (Engineer 2, Interview 2011) 

 

An ambiguous region of the Merged Model is related to communication. According to 

the post-normal paradigm, the less information outside of the automated system and the higher 

the decision stakes, the less likely the problem can be “solved” by normal science, so that 



   
 
  143 

communication with other stakeholders and experts, while not necessarily a priority of VISTAS 

scientists, becomes an important design consideration.  

The literature says that when the decision stakes are high, other factors in addition to 

access to information, such as values and trust, are likely to sway the opinions of the public 

(Kahan, 2011). According to VISTAS interview and meeting data, stakeholders are characterized 

as trusting of the visualizations that are relatively familiar or intuitive to what they hold in their 

minds. In other words, for certain audiences, the matching of what they have in their minds to 

what they see in the visualization is often proof of truth. This is a problem of confirmation bias. 

Within the academic institution, scientists are trained to ward against confirmation bias; 

however, other stakeholders may not be so trained.  

A related implication becomes apparent through E2’s discussion about how a non-

scientist stakeholder is less critical of visualization that is intuitive, such as found in a fly-

through simulation of the landscape, than other types of output such as a database of numbers or 

a 2D graph. In this instance, E2 found decreased skepticism during scenario planning processes 

with stakeholder groups who had control over the variables that produce visual output during the 

simulation. One might observe that if an image is user friendly and mimics a vision of the 

landscape, that visualization increases consensus and audiences are less critical about what is 

presented to them, as mentioned earlier.  

On the other hand, stakeholders might become more critical if they encounter a 

visualization alternative to what they expect or intuit. CS2 alluded to this problem when 

discussing the concept of mental models. He commented on instances when scientists used 

visualization to validate their data, only to find out that something was wrong with it. In such 

instances, the visualization does not match the viewer’s mental model of how it should look. 



   
 
  144 

When a relatively uninformed audience has the same experience of not seeing what is expected, 

they might also question the methods or visualization. To address this problem, S1 mentioned 

that when he uses visualization outside of the academic institution—such as with stakeholder 

groups or in any type of policy process—he is always prepared to explain the related model 

behind the image in a way that overcomes disciplinary boundaries.  

One implication arising through applying the Merged Model to VISTAS data is that 

visualization of an automated solution might become a tool of persuasion rather than an analytic 

tool in cases when consensus is low to due to differences in values. According to the VISTAS 

scientists, visualization effectively conveys changes on the landscape to different stakeholders of 

varying levels of expertise. Visualization can convince people of findings, whether they are 

“real” or not. Benefits of visualization to communication, according to all the VISTAS case 

study participants, include the ability to grab audiences’ attention, to simplify difficult concepts 

and findings, and to create a narrative based on findings from research. These benefits smooth 

over the complicated details of statistical functions and tell a different type of story than an 

equation or verbal explanation. A caveat to the use of visualization is that accessibility to a 

version of the data that is too simplified might cause viewers to quickly come to a solution that 

may require more analysis, expertise, and skepticism than is justified by the model or 

information.  

With wicked problems, when the decision stakes are high, certain problems should be 

treated with questioning and skepticism. For example, based on a follow-up interview with E2 

who brought up the problem of communicating uncertainty during an all-hands meeting, it 

became clear that a benefit—that visualization is accessible to audiences—may create 

overconfidence in the results being visualized. One can see how an uninformed audience might 
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assume the visualization is a prediction of the future, and make a decision without considering 

how accurate the visualization or underlying model actually is. While these limitations should 

not prevent the use of visualization with audiences outside of the research institution, it seems 

important to be aware of them. 

Finally, it is difficult to tell with visualization what can be constituted as manipulation 

that leads to inaccurate conclusions when tasks become fuzzy and problems fall outside of the 

realm of normal science. This problem is similar to manipulation of data, such as when 

transformations using statistics show different patterns depending on how the statistics are 

applied. Strict methodology, rules for reporting and overcoming bias are an important part of 

scientific practice during data collection and use of statistical transformations; and one might 

apply that same caution to visualization design that transforms data for the purpose of increasing 

understanding or communication. This problem becomes even more important when the decision 

stakes are high.  

 

6.3.1 Recommendations: Communication 

The Merged Model shows how problems that high decision stakes often include the 

extended peer community. Visualization and visual analytics strategies affect outcomes of 

problem solving in a public policy setting. As mentioned earlier, the VISTAS scientists are using 

visualization for communication both in and outside of the research institution. They see the 

need for and potential of visualization as a part of good communication practice. Also, they are 

using visualization currently with various audiences, making choices about how to present 

findings based on assumptions about those audiences, and designing output with different 

audiences in mind. As echoed in the literature, these scientists are engaged in research that 
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affects management and decision-making processes, so considering communication practices 

seems important.  

The experts who determine the scientific questions, conduct the inquiry and analysis, and 

determine how the results of those questions will be communicated and visualized will likely 

play a role in affecting decision outcomes. The closed community of peer review—the check and 

balance to science discovery—creates a process for deciding to whom is given last word and 

whether the work is defensible, overcoming the potential mistakes of the individual. However, 

communication of findings becomes more complicated when moving outside of normal science 

and the institution, where audiences are not necessarily trained or have scientific expertise, or 

where there are few cultural norms for validating what is presented as fact. Communicating 

scientific results in these settings requires consideration of what, culturally, determines fact and 

legitimate discovery outside of the academic institution. Again, scientists should consider to 

what extent visualization is being used as a way to persuade or convince of findings in a policy 

setting.  

On a separate note, as visualization becomes more accessible and used more often in 

high-stakes decision-making, a development need is the ease of use within these settings, so that 

the extended peer community can be a part of visual analytics process, as mentioned by E2. This 

need for conducting visualization with ease was central to the design specifications expressed 

during both the interviews and meetings, and expressed across key informants when they 

discussed the audiences for whom they design visualization and reactions to these visualizations. 

Work toward improving the VISTAS interface and processing speeds contributes to the ease of 

use, however, more research and development in this area could include evaluation of 

effectiveness using real data with real users, where decision stakes are high.  
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6.5 Development 

...we’re not engineering something for them. We are creating an environment that 
allows them to explore…and they’re here because as scientists there’s nothing 
they’d rather do than that. (Scientist 4, All-hands Meeting, December 2011) 
 
And the response to those (scenarios) is universally, ‘That’s great!’ Because 
people can very easily get a general sense of the differences between a current 
condition and some future conditions are, but you have to run through those four 
or five times before people can digest them, because it’s just so much information, 
and they never get to the point of saying, ‘OK, gee, so how did you actually 
generate that?’ (Engineer 2, All-hands Meeting, November 2013)  

 

The VISTAS visualization tool is a prototype, custom-made for a certain set of users with 

certain types of research problems. That said, these users are not necessarily able to know the full 

capability of a new visualization tool, so that the VISTAS computer scientists might expect and 

be encouraged to exceed the demands of the scientists (their clients), as echoed by CS2 and CS3 

during their interviews. Creating a tool that serves only the specifications of those who are using 

the tool overlooks how users might be limited in their understanding of the tasks not yet known 

to them for exploring or communicating.  

Additionally, while exploration strategies used by VISTAS scientist were made possible 

through software development over the course of the project, one might ask the related question 

of how VISTAS scientists would know which strategy is the best way to visualize the data? How 

could they tell whether there might be a better strategy to use that might reveal more insight? 

These questions are based on the computer scientists’ desire to develop techniques that were 

previously unknown by scientists, but that might be useful. One way of knowing how to exploit 

visualization is through experience and training in visualization design and effectiveness. 

Another way might be through using a standard tool over time, such as a better visualizer 

incorporated into a standard statistical tool like R or MATLAB. At some point, visualizing 
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certain variables may become standardized, just as scientists agree on which statistical tests are 

most appropriate for understanding the significance of relationships in the data or model fit. 

Additionally, the tasks associated with the types of problems scientists are exploring are 

difficult, unknown, and potentially impossible for them to predict, which makes developing a 

tool to help them explore difficult. The problems are more than just tasks or puzzles they wish to 

pursue. Automating solutions to problems is proposed as a goal within the visualization research 

community (Sedlmair, et al., 2012); however, due to the nature of domain problems and the 

problem of big data, automation may not be possible for some problems. These problems are 

located in the region of the merged model related to fuzzy tasks and high systems uncertainty: 

breaking down certain problems into smaller tasks becomes more difficult depending on a 

number of factors. 

Participants (the engineers and development team) in the VISTAS case study realized the 

limitations of software and visualization design, and during the final meetings, they highlighted 

the need for creating a manageable list of development priorities (i.e., crisply defined tasks), due 

to time constraints. One must question whether the inability to reach all the development goals 

related to exploration was due to time constraints, or due to systems uncertainty and the inability 

to break problems down into crisp tasks. For example, visualization helps scientists validate 

modeled data so that they can quickly check for patterns in data prior to executing more analysis. 

The explanation for this benefit is that visualization exploits human capability to see and make 

sense quickly through pre-attentive vision, as mentioned earlier. The limitation, however to using 

visualization for validation is if one does not have a mental model of how the data visualized 

should look (or perhaps too strong of a mental model of how it should look to the point of 

confirmation bias). My analysis of the VISTAS scientists shows that when they are approaching 
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new understandings of systems and processes, or looking at unfamiliar data in a way that may be 

outside normal disciplinary practice, the use of visualization might not be the best or only 

method for validation. In fact, visualization works together with other methods to confirm a 

hunch or back out of a rabbit hole leading to nowhere, such as mentioned during the all-hands 

meeting by S2 talking about his experiences with reaching absurd conclusions.  

 On a separate note, with regards to developing visualization for addressing high decision 

stakes in systems where there is high uncertainty, it seems that how information is structured via 

visualization is an important design consideration. A user’s view and understanding of a problem 

is mediated by the capacity of the tool itself to process and render data. Is it possible the 

limitations of the tool might limit the user’s ability to understand data? Understanding 

technological and design limitations is the responsibility of the software engineers and designers. 

By not pushing the design limits, the development team takes part in technological determinism, 

where the tool that they build might limit future uses and capabilities of users.  

 

6.4.1 Recommendations for Development 

Development recommendations specific to overcoming technical challenges, exploring, 

and communicating for were enfolded into the previous sections. In this section, I focus on the 

future development of visualization by the domain scientists using the VISTAS tool. Based on 

the VISTAS scientists’ reported use of visualization for communication and exploration and the 

responses by other project participants during the meetings, scientists need more guidance in 

how to optimize personal visualization design choices in order to best explore data and 

communicate findings. As mentioned in Desnoyers (2011: 121), “There seems to be a need for 

extensive and systematic training in this area.”  
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With the increase of the extended peer community found in the post normal science 

paradigm, the scientist is often required to design good visual output as a key to others’ 

understanding. If not through design, the scientist finds him or herself trying to explain what is 

seen in the visualization, or more likely, the complicated details of science. Note the dialogue 

between CS3 and S3 at a development meeting in April, 2013:  

S3: I guess the one question: Does [the scientist] ever see his role diminishing as the boundary 
object? Could someone naïve understand without him being the boundary object? 
 
CS3: Look at this as a tool as part of the set of tools to make an end product that someone views. 
The Public is not going to sit down and use these tools…these are all tools that scientists use to 
produce a final product…final material is accompanied by metadata or the person who 
explains… 

 
 Even if a scientist has a good visualization tool, understanding how to present data visually in a 

way that others will understand or use it to explore a problem is still a challenge, as mentioned. 

How one views, experiences, and transposes the data—how one designs visualization—affects 

understanding of the data. This problem is not widely addressed by the visualization research 

community, and as Desnoyers points out, “Most scientists were scarcely exposed to formal 

training in the use of visuals and it is our experience that students resort to learning by doing and 

imitating what they read and see, for better or for worse” (Desnoyers, 2011: 123).  He goes on to 

describe the need for more systematic training in visualization creation and use, especially due to 

the problem of polysemy, or the diversity of perceived meanings. Educating the user (scientist or 

stakeholder) continues to be essential to the process of visualization, especially in decision 

making settings where the stakes are high and when tasks are fuzzy and systems uncertainty 

high. 
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6.6 Conclusion 

When dealing with complicated—even wicked—problems, one can pinpoint areas where 

problems can be reduced to an automated solution and where they cannot. The VISTAS 

problem-driven design focus helps define areas in the Merged Model. These findings and results 

are summarized and plotted on the Merged Model in Figure 28.  

 
Figure 28: VISTAS findings and discussion points positioned on the Merged Model. 

 

Figure 28 helps articulate practical question about visualization use, as well as about the 

limitations to that use. First, one practical question is whether the future of ecological research in 

post normal science requires scientists to be expert in both their domain and in using various 

technical tools, such as visualization. In follow-up interviews with key informants, I found 
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different views on this question—one key informant stated that he could never become expert in 

all the fields he would need to in order to do his work, another stated that having both 

technological skills and deep scientific knowledge has benefitted him. Will the future of 

scientific research require such multi-tasking and partnerships? To this end, the development of 

visualization for use in a scientific research becomes a matter of personal design and ability to 

wield a technological tool or ability to build a lab group with varying expertise.  

Next, one strength of the VISTAS development project is the variety of science 

collaborators who range both in their level of experience with visualization, in the types of 

relationships they have with the development team, in their relationships with other software 

developers, in the types of models they produce, in their various collaborations, and in the scales 

at which they work. The intentions of these scientists to use visualization for addressing post 

normal research problems shows the need for development of better tools, but it also highlights 

the problem of incommensurability and confounding factors. Incommensurability is used to 

describe how techniques and tools, in addition to visualization, interact with visualization to 

increase understanding and the ability to problem solve. VISTAS case study data show that a 

similar interaction of visual thinking and some other form of thinking are, indeed, necessary, 

which confirms the proposition that visual and verbal displays work together as acts of 

perceiving and processing (Gross & Harmon, 2014: 30) where the visual needs the verbal, but 

sometimes can communicate more. Considering options to support visualization, such as 

providing the data, models, or a verbal explanation that drives the visualization, overcomes the 

problem of incommensurability—a topic that was indirectly referred to in all of the interviews 

and meeting discussions. Scientific research and communication without explanation or 

verbalizing research questions is just as unlikely as scientific research without using 
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visualization. For example, in a follow-up email asking about whether VISTAS visualizations 

were intuitive in the way that was hoped for, one scientist stated, “Yes, for the most part, but I’ve 

found it is most effective to provide either text or verbal explanations for audiences, especially 

for non-technical folks.” Developing the visualization tool for non-computer scientist users 

provided a reality check for the development team. For example, the debate during the first 

meeting over the core purpose of the study—which is not about solving someone’s problem 

through visualization, but rather about understanding whether visualization can solve someone’s 

problem (e.g., the domain scientists in the study). This debate highlighted the problem of 

incommensurability by exposing the potential limitations of visualization use for VISTAS 

scientists.  

While use of the Merged Model and the VISTAS case study data provides insights into 

visualization design, the case study results presented here has limitations. For example, to 

generalize, statistically, based on the qualitative data, is impossible. Inferences, too, based on 

analysis of the interviews and the meetings, are limited to the extent that VISTAS development 

occurred within a particular context. Also, the project continues to produce results beyond the 

data collected for this paper. This study is limited in directly informing general visualization 

design because it focused on one problem domain and vertical development, rather than testing 

with a broader group of diverse users. Finally, this study is limited in that I was unable to directly 

observe the domain scientists interacting with various audiences, but rather based my inferences 

on their perceptions and comments about the audiences of their visualizations.  
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7 CONCLUSION 

One factor affecting current scientific research is how to exploit the increasingly 

powerful tools, such as network sensors and big data. Another factor affecting scientists is the 

nature of current research problems in ecology, which require them to consider their own 

research questions with regards to other contexts, including how the greater policy setting agenda 

and decision-making process, as well as how their work might be impacted by other researchers 

working on similar questions. Within this context, I conducted the VISTAS case study to analyze 

domain scientists’ intentions for using visualization for exploring and communicating, the 

benefits and limitations of those uses, and the implications to the design and development 

process.  

 In the VISTAS case study, four subunits of analysis of scientists and computer scientists 

whose experiences and knowledge were primary to answering the research questions were 

analyzed. The members of these subunits vary in their experience with and use of visualization, 

as well as the focus of their research. These scientists were united with the other participants of 

the VISTAS case study in their motivation to develop a visualization tool that might be used for 

exploration and communication of data. Through interviews with these case study members, as 

well as content analysis of all-hands and development meetings with other participants of the 

VISTAS case study, a number of findings were produced on the topics of technical challenges 

related to visualization development, the use of visualization for exploration and communication, 

and development goals for the tenure of the VISTAS development project.   

 At the beginning of the case study, a group of graduate students and I collected data on 

thousands of figures from a sample of key scientific journals, as well as from a major ecological 

conference. We inventoried different features of visualization being published and tagged those 
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visualization that we found to be of interest to the design and development of VISTAS software. 

My analysis of this data was inconclusive in being able to show correlation between the types of 

visualization being published and other variables such as the impact factor of the journal, the 

types of data being visualization, the discipline of the journal, and the restrictions of the journal 

on types of visualization used in publications. Analysis also was inconclusive in being able to 

show correlation between the medium (conference presentations versus print journal) of 

presentation and the visualization types being used. That said, study data showed that scientists 

and their methods of publication are affected by the transition of print to online publishing. 

Conducting a similar study in five years and comparing results would provide a better 

understanding of what the transitions in media and technology mean to the practice of science. 

For example, publishing visualization is changing due to the growing use and acceptance of 

online media, which allows dynamic interaction with figures.  

 Other data and results presented in this dissertation inform both the ongoing VISTAS 

software development project and the greater body of researchers on the topic of visualization. 

As mentioned, visualization has clear benefits and limitations; however, it is not completely clear 

whether these are due to visualization, itself, or other factors such as the expertise, the types of 

problems being addressed in research, training of the visualization software user, or other 

hardware used in a visualization process. With regards to these confounding factors, this 

dissertation also offers a number of emerging questions and related topics, especially with 

regards to applying project data to the Merged Model.  

 The first topic concerns the types of partnerships and training future scientists will need 

in order to deal with research problems and the technological tools available to them for 

addressing research problems. For example, should universities require more training to develop 
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expertise in processes and skills such as visualization development and use? Alternatively, new 

scientists might be encouraged to develop closer partnerships with software developers.  

 The second topic concerns the integration of research questions that include bigger 

variety of data. It seems that researchers might better integrate their research through 

collaborating earlier in the pipeline on data collection methods and model building, and that 

visualization only augments this process. This suggestion challenges the visualization-centric 

bias found in many of the software development projects in the visualization research 

community.  

 The third topic is related, but challenges a proposition of the VISTAS research 

collaborative: What are the benefits and limitations of integrating exploration of natural systems 

of varying scales? Visualization might be able to help researchers in certain tasks, but is it useful 

in solving more complex problems? These questions override the value of visualization, and, 

instead, focus on the practice of integrating research at a scientific rather than a technical level.  

 The fourth topic emerges when considering visualization use in communication events. 

The benefits for visualization use are widely known, but it seems that some concepts in science 

should not and cannot be simplified. Does a seeming benefit—that visualization is accessible to 

different audiences—create overconfidence in the level of certainty in the model or results? 

Also: What explanation, in addition to visualization, is necessary to communicate research 

findings? Visualizations do not always stand alone as an explanation of results for either 

scientists or non-scientists.   

 Finally, when pinpointing the limitation of users and tools, rather than the limitations of 

visualization, itself, one must ask why a standard visualization tool has not been adopted in 

ecological research. Additionally, one might ask: What are barriers to more widespread use of 
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other visualization tools that have capabilities similar to VISTAS? Are they related to the tools, 

the users, visualization, or something else? 

 To be sure, this dissertation poses many unanswered questions and produces additional 

research aims; however, the conclusions presented here are intended to clarify the extent to 

which visualization provides insight into domain problems in ecology. Additionally, this study 

challenges predominant visualization studies, which tend to be visualization-centric and focus on 

lower-level tasks and visualization techniques rather than the high-level solving of problems. 

The conclusions also suggest how and why visualization might be used to communicate insight 

to those who are addressing problems in environmental science research, management and 

policy-making.  
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APPENDIX A: Full database entries 
Journal data 
ID- Journal ID 
Journal Code- 4 letter code for journal 
Journal Name- Full journal name 
Field- Major domain field 
Acceptance Rate 
 
Article data 
ID- Auto number for total number of articles 
Journal ID- Numerical code for Journal (See Journal Codes document) 
Journal Code- 4 letter code for journal 
DOI- DOI of article, main identifier for individual article 
Author- Primary author 
Author(s) Institution- Primary author’s institution 
Article Title- Full article title 
Publication data- Date of publication 
Volume- 
Issue- 
Pages- total pages 
Keywords 
Keyword2 
Keyword3 
Keyword4 
Keyword5- Extra keywords in recorded in comments section 
Comments- Anything that is of interest about article itself 
N umber of Visualizations- TOTAL of all graphs, maps, photos etc. (If a figure has 4 graphs, this counts 
as 4 visualizations) 
Number of Graphs- Total number of graphs in article 
Number of Maps—Total number of maps in article 
Number of Charts- Total number of charts, a chart is akin to a spreadsheet 
Number of Photos- Total photographs in article 
Number of Illustrations- Total number of illustrations, either hand drawn or computer generated 
Number of CG of natural phenomena- Computer generated natural phenomena 
Visualization of Interest tag 
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APPENDIX B: Examples of visualization of interest (VOI) tagged with its original number 
from the journal survey. Additional information about the figure is included, so that further 
discussion about the content and purpose of the visualizations used might occur. Criteria for the 
final definition of a visualization of interest were derived from discussions about the 
characteristics of these VOIs and others like them.  
 

 

Example 1: Schirmer, M., & Lehning, M. (2011). Persistence in intra�annual snow depth 
distribution: 2. Fractal analysis of snow depth development. Water Resources Research, 47(9).  
This visualization of interest was tagged because it contained a 3D representation, comparing 
multiple representations of possible or actual realities, and comparing two more models over 
time.  
 
 

Persistence in intra-annual snow depth distribution: 
2. Fractal analysis of snow depth development 

M. Schirmer 
ID 299 

Fig. 5. Change in snow 
depth (dHS) during (a) 
the first NW storm and 
(b) the last NW storm in 
2008/09. (d) An example 
of a snowfall during low 
wind speeds and also 
the first snowfall in 
2008/09. 
(c) The distribution of 
snow depth (HS) at the 
end of the accumulation 
season in 2008/09.  
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Appendix C: NVivo Software Output 
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Appendix D: Interview Questions 

VISTAS: Semi-Structured Interview Protocol I  

1. Tell us a little bit about the work that you do, especially the work that involves large data 
sets. 
! What aspects of this work are the hardest to explain to others? (scientists in field, 
scientists in other disciplines, funders, the public, decision makers, students) 
! What kind of tools do you currently use to communicate results of your research using 
these large data sets?  
2.  Are you familiar with visual analytics or visualization processes?   If no, go to Question 
3.  
If yes:  
! Are there aspects of your work that could benefit from visual analytics or visualization?   
! Are you using visualizations now?  If no, got to Question 3.  
If yes:  
! Can you demonstrate or show us some of the visualizations you use now (5 maximum)? 
! How do you acquire the visualizations you currently use? Do you create them yourself or 
is the work contracted out to a third party (programmer, contractor, student)?  Is the visualization 
software directly attached to your model?  How much of your own time (or money) do you 
invest in acquiring these visualizations? 
! What purpose does each visualization serve? 
! How well do these visualizations achieve those purposes?  
! What do these visualizations do well? 
! What are the shortcomings (if any) of these visualizations? 
! Were you able to communicate what you wanted to accomplish?  
! How did the visualization affect your ability to communicate with others both inside and 
outside your discipline?  
3. How helpful do you think visualizations could be/are for you in your research efforts? 
-      In framing problems? 
! In creating new hypotheses? 
! In exploring data? 
! In understanding data? 
! In communicating research results with other scientists in your discipline? 
! In communicating research results with others outside your discipline? 
!  
4. What are you expecting to learn from participating in this VISTAS project? 
 
5. What difficulties are you expecting while participating in the VISTAS project? 
! Communicating with/understanding the computer scientists working on the project? 
! Communicating with others outside discipline? 
! Understanding how the visualizations work?  Increasing understanding of the underlying 
ecological concepts? 
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6. What visualization(s) and/or visual analytics would you especially like to explore during 
this VISTAS project? 
7. Anything else you’d like to share regarding visualization, this project, your participation?  
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APPENDIX E: Interview Codebook—Primary codes 

TECHNICAL Unit 1 Unit 2 Unit 3 Unit 4 

calibrate √ 
 

√ 
 big data computational efficiency (data challenge) √ √ √ √ 

processing (without VISTAS) √ √ √ 
 generate stats simultaneous to vis √ √ √ 
 analysis via vis √ √ (4/10 score) √ 

big data 
 

√ 
  hardware 

   
√ 

EXPLORING/DISCOVERING 
    understand √ 

 
√ √ 

scaling √ √ √ 
 understanding interactions on landscape √ 

 
√ 

 spatial representations 
 

√ √ 
 parameter setting 

  
√ √ 

COMMMUNICATING 
    communication √ √ √ 

 conveying changes  √ 
   communication/non-insitutional √ √ √ 

 Communication: visualization needs explaining √ √ √ 
 Communication non-institutional needs simplifying √ √ 

  communication non-institutional hard to convince √ √ √ 
 domain language/culture 

   
√ 

CURRENT STATE OF VIS DEVELOPMENT 

one-time use/software 'life span' 
 

√ √ 

not priority (limitation) 
  

√ 
 training needed 

  
√ 

 CURRENT STATE OF VIS OUTPUT 

design 
 

√ √ √ 

need better visualization 
  

√ 
 DESIGN FOR EXPLORATION 

validate √ √ √ √ 

see for yourself whether model fits √ √ √ 
 3D preferred √ √ √ √ 

flyover √ √ √ 
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revealing: large data insight √ √ √ √ 

compressing data: large data insight √ √ 
 

√ 

exploration  √ √ √ √ 

geo spatial √ √ 
  draw attention to significant points/filtering √ √ √ 

aggregating 
 

√ √ 
 overlaying 

 
√ 

  flow 
  

√ 
 design and statistics 

  
√ 

 DESIGN FOR COMMUNICATION 

intuitive feel √ √ √ √ 

help users understand/simplifies √ √ √ 
 combining visuals with graphs √ √ √ √ 

communication (pre-processed, movie) √ 
  

√ 

variety of variables √ √ 
  design/aesthetics √ 

 
√ √ 

less abstract √ √ √ √ 

creating a narrative √ √ 
  grabbing attention √ √ √ √ 

shows planning outcomes √ √ 
  effective scale √ 

   appealing to sense of home √ 
   added key to design √ 
   design: obvious connections √ 
 

√ √ 

Communication non-institutional proving √ 
 

√ 
 communication non-institutional conjecture √ 

 
√ √ 

communication non-institutional  decision making √ 
   communication non-institutional what if?  √ √ 

 
√ 

photorealistic (also challenge) 
 

√ 
  Showing relationships 

  
√ 

 META-DESIGN 

ideas for more effective √ 
   strong demand for 

 
√ 

 
√ 

up to scientist 
   

√ 

limited effect 
   

√ 

for more funding 
  

√ 
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     COLLABORATING AND INTEGRATING 

plugging into ENVISION √ √ 
 

√ 

combining ENV with VELMA √ 
   collaboration out of house √ √ √ √ 

combining with excel/GIS/OTHER √ √ √ 
BEFORE AND DURING PROJECT 

in house √ √ 
  technical (coding languages) √ 

 
√ √ 

developed by self (MATLAB) 
  

√ 
 WITH REGARDS TO TIME 

pre- and post-processing √ √ √ √ 

real-time simulation needed √ √ 
  pre-testing √ 

  
√ 

making dynamic √ 
  

√ 

iterative 
   

√ 
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APPENDIX F: VISTAS Case Study Data Collection Dates 
 
12/11/11 all-hands 34 

 1/16/12 
Development 
and all-hands 13 

   

2/1/12 
Development 
meeting  2 

5/2/12 
Pre-development 
meeting 1 

5/16/12 
Pre-development 
meeting 1 

6/1/12 developers 2 
8/13/12 developers 12 
initial interviews (2011/2012) 70 
1/9/13 demo 13 
2/1/13 developers 2 
2/8/13 All-hands 2 
2/22/13 developers 2 
3/1/13 All-hands 1 
3/5/13 DEMO 4 
3/22/13 developers 2 
3/8/13 development 1 
4/5/13 All-hands 4 
4/12/13 developers 2 
4/19/13 DEMO 2 
4/26/13 developers 2 
5/3/13 All hands 3 
5/20/13 developers 1 
5/10/13 DEMO? 1 

7/11/13 
Senior 
Leadership 15 

9/13/13 Developers 1 

9/26/13 

Developers at 
CBI with 
collaborators 4 

11/14/13 Retreat 35 

11/15/13 Retreat 

34 + 
post-
retreat 
survey 

11/21/13 

Presentation 

(3D flow) 2 
2/14/14 developers - 
2/27/14 all hands 4 
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3/14/14 developers - 
3/21/14 developers - 
4/18/14 developers 1 
5/2/14 developers 2 
5/8/14 All hands 2 
5/9/14 All hands 4 
10/16/14 developers 1 
10/31/14 developers 2 
11/21/14 developers 2 

    
Total data = 286 pages + survey and exit interviews 
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Appendix G: VISTAS Case Study Data Transformation 
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APPENDIX H: VISTAS Case Study Data Transformation 

Downloaded output from NVivo initial coding. This section of chunked statements contributed 
to the sections on communication. 
 

 

 

Internals\\Retreat_11142013 - § 19 references coded [17.07% Coverage] 
Reference 1 - 1.46% Coverage 
How do you begin to explore tradeoffs between choices with groups of stakeholders (interesting question); biophysical and 
social processes: to infer/visualize network structures; analysis need for network structures; Monte-Carlo environment: 
uncertainty in systems and where landscapes are vulnerable in different situations. Demo: fly through of WA in Skagit 
project/Puget Sound project. Not photo-realistic, but thematically mapped landscape, meaning the different colors mean 
different thing (dark green: forested, light green: agriculture, etc.). Patterns show development over the long-term. Reaction: 
Gee it’s cool, but in terms of conveying information, there’s just so much. It’s a challenge to begin to really digest the 
information. 
Reference 2 - 0.37% Coverage 
We worked with a group of stakeholders…and they come up with the rules of the game, and then simulate them and present 
the results. It’s an iterative process (they can recalibrate based on results). 
Reference 3 - 2.15% Coverage 
People have a hard time thinking about data that’s displayed on maps as data. Those of you who work with maps and work 
with spatially displayed data really get it. But when you show it to people who aren’t used it, still think of it as a map. Even 
the different colors: It’s difficult for people to take in all the different colors and think about what they’re looking at on the 
map. So this whole GIS explosion in science has not had as much influence in the public as we sort of expected it to, because 
maps are a way of knowing for us that are really embedded in our heads already, and you think about you use maps, from 
when you are a kid, and there’s supposed to be a display of what’s really there…and that’s how we think of maps, and that’s 
how maps are socialized, and now we want to change that display of maps to be: no that’s not really a map of what’s there, 
that’s a map of the data. That’s a really hard boundary for people to get across. So I think that’s one of the reason why 
Envision goes to the other things that people are used to thinking about (pie charts, graphs, etc). People will say, “I live there, 
and it doesn’t look like that at all…” (laughter). 
Reference 4 - 0.77% Coverage 
I can imagine that this is an important point when you get together with funders…when you present it... How do you convey 
the variability, the uncertainty, because that is even more difficult to convey than the actual results…by presenting different 
scenarios…equal probability? These simple forms of visualization that might be understood by a broader audience may not 
get at the answer of uncertainty. 
Reference 5 - 0.76% Coverage 
We use these scenarios as a way to capture the range of possibilities (here’s a scenario focused on one or more range of 
probability). That actually has been a way, from the stakeholder point of view, one of the more useful ways to indirectly talk 
about uncertainty—but it’s very indirect. Once we start talking about putting error bands around plots, or fuzzy-ifying these 
maps, we lose stakeholders. 
Reference 6 - 1.37% Coverage 
and we’ve…so there’s lots of sources of uncertainty, so we capture some of those sources, but ignore some of the sources, so 
from the get-go it’s an incomplete picture and there are some direct ways we try to get at that with not a lot of success. 
Landscape vulnerability is a term we often use where we’ll run lots of different runs with lots of different scenarios, and for 
every (11:12) pixel on the landscape, if you want to take the pixels, we say “How often did it transition, versus how often did 
it stay the same?” and that begins to get a little bit of a sense at what the spatial pattern of variability is, but that’s all talking 
around the edges of what think you and I think of as true uncertainty propagation in these settings. 
Reference 7 - 0.84% Coverage 
Most people don’t understand uncertainty, but we know 2 year olds understand probability. Uncertainty is a really big deal 
for scientists, but not so much for people who aren’t scientists. And these guys are smart—these aren’t stupid people, but they 
just think when you go out into the future, propagating uncertainty at every level, you add or multiply it…if you multiply it, 
you may as well just give up. So we’re looking for feasible futures. 
Reference 8 - 1.16% Coverage 
So just as a follow-up, are these the perceptions from on site, rather than “I don’t really care about it,” or does it have a 
negative connotation? I think in the climate change world, when people say you need to make a statement (e.g., there’s this 
much uncertainty), IPCC has a very strict assignment for what phrase they use, uncertainty range—as a scientist you 
decide—and then the naysayers always interpret these as well, you don’t really know what you’re talking about…this is the 
negative connotation, which if there’s some uncertainty for us, it’s neutral, but this is always perceived as ‘this is bad.’ 
Reference 9 - 1.15% Coverage 
!
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APPENDIX I: VISTAS Case Study Data Transformation—Meeting Notes 
 
 

 

 

Example(of(field(notes(from(all1hands(meeting(
(5/8/14)(
(
Introductions:(A.(
Present:(PW,&JO,&KS,&JC,&KW,&NM,&DW,&JB,&VR(
(
Purpose:(to(see/hear(about(integration(of(VISTAS(into(Envision;(
(
To(do:(collect(images(for(posters;(get(ready(in(time(for(conference;(
(
V&and&P(11>("EnVISTAS"(
1)(V&does(demo(of(new(feature:(<changes(over(time;(added(a(time(slider>(
Problem(11>(finding(the(right(data(set(to(show(coverage(that's(going(to(be(changing(over(
time(
( a)(J(mentions:(must(run(a(model(for(change(to(show(over(time((delta(list)(
( b)(one(problem(is(the(time(it(takes(for(the(bigger(data(set(
( c)(trouble1shooting(11>(notes(difference(between(data(in(ENVISION(as(a(challenge;(
John(makes(another(recommendation;((P,&V,&and&J&work(things(out....@9:30)(
( d)(J(comments:(despite(few(issues,(this(one(is(not(impossible;(P&and(V(still(talking(
over(
( e)(J:(needs(11>(asks(about(information(in(population(density...(??transcript?)...asks(
whether(V(is(taking(advantage(of(the(field(information;(11>(V(explains(where(he's('reading'(
from...etc.((
( (
11111time(taking(to(load(data(set(and(get(the(tool(working(for(changes(over(time;(trouble1
shooting((@9:24(am);((
55>&A(asks(about(changing(population(view...(
(
2)(Issues:(GDAL(build(and(how(it's(handling(projections?((reconciling(GL(problem)(
http://www.gdal.org(
( a)(binaries(are(from(UCAR(
( b)(get(together(James(and(V;((
( (
3)(The(HOLES(in(the(data:((a(few(minutes(to(put(P&computer(on(the(overhead(11>((
( a)(is(it(coverage?(is(it(redundant(polygons?(z1fighting((rasterizers(have(a(hard(time(
deciding(which(to(project);(to(solve(11>(remove(repeating(polygon)(
( b)(P,&V,&J,&D(trouble1shooting(and(talking(over(the(problem;(put(forth(a(few(possible(
trouble1shooting...N(explains;(P(( confirms((back(and(forth(between(them):(9:3019:40).((
( c)(J's(question:(these(black(holes(don't(appear(in(ENVISION(or(ArcMap.(Why?(11>&J(
(the(3D(shift(makes(this(happen;(are(you(( looking(from(below(or(above?)((V(explains(11>(the(
cause(and(what(you(need(to(know.(Nexplains(more...camera(position,(etc.(
( d)&J(goes(to(projection(and(points;(asks(questions(and(does(some(trouble(shooting;(
discusses(the(one1shape1with1three1parts((problem.(9:43;(V(and(&a(rue(over(clockwise(
versus(counterclockwise,(etc.,(J&clarifies:(&V(says:("I(see",(etc.(
( e)(Problem(with(triangulation(of(relatively(complex(shapes;&J(noted(that(most(likely(
the(problems(have(to(do(with(blocks(with(lakes;((
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