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Abstract
This chapter elaborates on the definition of data visualization, highlights its
historical development, and offers examples of how data visualization has been
used in evaluations to help aid understanding, collect data and information,
conduct analysis, and communicate to a variety of stakeholders. This chapter
also outlines future trends in data visualization and their potential influence on
evaluation practice. The chapter concludes with some of the main limitations
and cautions that are associated with data visualization. © Wiley Periodicals,
Inc., and the American Evaluation Association.

O

ne of the main challenges in writing a chapter on visualization and
evaluation is that data visualization is very broad in scope and can
encompass anything from qualitatively based phrase nets, such as
in Figure 1.1, to quantitatively derived charts, such as in Figure 1.2. There
are also various visualizations that fall within this spectrum, some pushing

Note: The figures presented in this chapter can be viewed in color by accessing www
.NDEdataviz.com and selecting Chapter 1.
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Figure 1.1. Phrase Net Showing Common Word Connections in
Shakespeare’s Plays

Source: Created with www.many-eyes.com

Figure 1.2. Small Multiple Display of Neighborhood Sentiment
Jacksonville survey results about the new program.
Residents of diﬀerent areas of town polled.
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the limits of what we can visualize, and it was difficult to select from this
wide variety to highlight in this chapter. During the selection process we
attempted to prioritize visualizations that were new or unfamiliar to the
field and that offered a meaningful contribution to the evaluation process.
We were guided by the evaluation process to help us explain the value and
benefit of each visualization, but were aware that the utility of a particular
visualization was not limited to only one stage of evaluation, and that it
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could be incorporated throughout the understanding, collecting, analysis,
and communication stages. This chapter was also designed to offer a
breadth of understanding of the field of data visualization and its connection to evaluation by tracking its historical development, offering examples
of how data visualizations are used in evaluation practice, attempting to
predict future visualization trends and their effect on the field, and offering
cautions that aim to reduce the potential for misuse and miscommunication. This is an ambitious task that will begin with a definition of data
visualization.

What We Mean by Data Visualization
Our definition of data visualization relies on three criteria. Data visualization
is a process that (a) is based on qualitative or quantitative data and (b) results
in an image that is representative of the raw data, which is (c) readable by
viewers and supports exploration, examination, and communication of the
data (adapted from Kosara, 2007). Although these criteria may appear selfevident, in practice it takes thoughtful consideration and application to
achieve them.
The first criterion in our definition is the simplest to achieve, because
during an evaluation we often collect various forms of data that can potentially
be visualized. We have purposefully kept the data criterion broad because both
quantitative and qualitative data can take on many characteristics and attributes, such as is shown in Figures 1.1 and 1.2. Quantitative data can include
Likert-scale items, geographic coordinates, quantified coding, various demographic characteristics, and a host of numerically based values that represent
some type of information. Qualitative data are also broad in scope and can take
the form of transcribed interviews, recorded conversations among stakeholders, pictures, video, or drawings that capture events, processes, and outcomes.
Each of these data types requires unique approaches and methods of visualization to optimize the knowledge that they contain.
The second criterion is a reminder to examine the data carefully to
ensure that the breadth and scope of the visualization does not omit important information, does not overrepresent certain data, and that the visualization accurately reflects the information contained in the data. Keeping
this understanding in mind throughout the visualization development process can help to prioritize elements of visualization design so that its message reflects what is actually in the data. This criterion is also an important
reminder to check for unintentional manipulation of the visualization that
may lead to misunderstandings.
The final criterion of readability supporting exploration, examination,
and communication can be viewed as the test of a successful visualization.
Various methods for achieving this final criterion are presented in this issue,
covering multiple data forms and sources. Although these methods range in
scope and purpose, all require the evaluator to consider the audience and to
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use his or her understanding to craft a visualization that is engaging and,
more importantly, enlightening. We believe that if a visualization achieves
criteria 1 and 2, but fails to achieve criterion 3, then it has failed to accomplish its primary objective of helping to turn data into knowledge.

History and Current Trends in Data Visualization
Proper application and execution of these criteria in evaluation work
require some understanding of the background of data visualization and
how it has developed over time to include the tools we use today and the
trends we anticipate in the very near future. Please note that we have
created Figure 1.3 to illustrate the key historical visualizations and events
that are described in the next paragraphs.

Figure 1.3. Key Historical Events in Data Visualization
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Although data visualization evolved in sister fields like survey design
(Dillman, Tortora, Conradt, & Bowker, 1998), applied statistics (Bertin,
1983; Cleveland, 1993; Tukey, 1977), visual thinking, and technology and
information design, the earliest seeds of visualization are found in cartography and astronomy. Early Egyptians used coordinates to lay out towns,
and by 200 BC were using a lattice system similar to latitude and longitude
to denote the positions of land masses and stars. In the 1st century AD,
Claudius Ptolemy developed a spherical map of the earth using latitude and
longitude that served as a reference standard until the 14th century
(Friendly, 2009).
The first known graphical depiction of quantitative information is a
circa 950 anonymous multiple time-series graph showing the changing
position of the seven most prominent heavenly bodies over space and time
(Friendly, 2009). However, it wasn’t until the 17th century that French
philosopher and mathematician Rene Descartes invented the visual representation of quantitative data in relation to two-dimensional coordinate
scales. Despite these graphical innovations, William Playfair is credited as
the inventor of the modern chart based on his books Commercial and Political Atlas (Playfair, 2005) and Statistical Breviary (Playfair, 2003), which
displayed line and bar charts (see Figure 1.3) and pie charts, respectively,
and which had the unique advantage of being widely distributed because of
Gutenberg’s invention of the printing press in 1450.
The early to mid-1800s saw an explosion of new data displays that
pushed ideas of data representation and the social issues that they reflected,
beginning with geologist William Smith’s (Smith, 1815) geological map of
Great Britain. Smith’s representation was not only the first national-scale
geological map, it was the most accurate of its time. Perhaps more critically,
it depicted each local sequence of rock strata as a subsequence of a single
universal sequence of strata that could be distinguished and traced for great
distances by means of embedded fossilized organisms. Because this visualization provided support to the new theory of evolution and pushed ideas
regarding the earth’s age, many cartographers refer to it as “The Map that
Changed the World” (Allen, 2010). This map also demonstrated how a
visualization could be used to enhance understanding and provide factual
support to contested claims.
In the 1820s Baron Charles Dupin used continuous shadings from
white to black to show the distribution and degree of illiteracy in France.
Titled “Carte de la France obscure et de la France éclairée” (Dupin, 1826),
it attracted wide attention and may represent the first application of graphics in the social realm. It could be considered a very early attempt at visual
representation of community needs. In 1855 Dr. John Snow (Snow, 1855)
used a dot map to identify deaths due to cholera clustered around the
infested Broad Street pump in London (Friendly, 2009), and Florence
Nightingale (Nightingale, 1857) used circular area charts to show that more
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British soldiers had died during the Crimean War as a result of poor
hygienic conditions in battlefield hospitals than in combat. One of the most
famous charts developed during this time period was Charles Minard’s
1865 illustration of the decimation of Napoleon’s army during the 1812
Russian campaign (Tufte, 2006).
The end of the 1800s and early 1900s saw few graphic innovations, in
part due to interest in quantification and formal models. This is not to say
that interest in data visualization waned. In fact, many of the data visualizations that had been developed earlier were popularized in government,
commerce, and science and were used to better explain new discoveries.
Willard Cope Brinton’s (Brinton, 1939) publication of Graphic Presentation
included hundreds of detailed charts, graphs, and maps, and supported this
ongoing interest in data visualization, partly because it also suggested
methods for improving each type of data representation. In the 1960s, John
Tukey recognized the importance of visual approaches to understanding
data and developed a predominantly visual approach to exploring and analyzing data called exploratory data analysis. By the end of that same decade
Jacques Bertin published Semilogie Graphique (Bertin, 1967), representing
the first intent to provide a theoretical foundation to information visualization, the study of interactive visual representations of abstract data to reinforce human cognition.
As use of computers became more prevalent by business and science in
the 1950s and then personal computers replaced mainframes by the mid1980s, the need to ensure computer usability by nontechnical persons supported both a focus on graphic user interfaces and the general public’s
ability to develop computer-based graphics. In 1984 Apple introduced the
Macintosh, the first popular and affordable computer that focused on
graphics. A year prior, data visualization aficionado Edward Tufte published
what was to become a popular and groundbreaking book on data visualization, The Visual Display of Quantitative Information (Tufte, 1983). Since
then, the Internet has generated a greater need for and interest in highquality human–computer interface, and website design and research has
improved our understanding of how persons perceive and understand
information in charts and graphs. The development of data visualization
has reached a point where individuals can directly interact with and manipulate the visualization, as was demonstrated by Rosling’s (2007) TED talk,
where he used bubble charts to depict life expectancy trends over time and
across the globe.
Most recently we have seen the growth of data visualization tools that
push information into the hands of the public and allow them to become
consumers of data and to generate their own analyses. Many-eyes.com is an
example of a website that allows users to upload their own data or create
visualizations of available data. The Internet has forced both public and
private entities to be more transparent about their work, to share their data,
and to make that data available in ways that an informed citizen can make
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sense of it. In the United States, we’ve seen President Obama elevate projects like Data.gov (http://www.data.gov), the public repository of federal
data. Citizens can go to County Sin Rankings at http://countysinrankings.
org, a winner of the Sunlight Foundation’s data visualization and access
challenge, to find out about high school dropout rates, income inequality,
violent crime, and other indicators within their county. Parents and educators (and anyone else) can use the Kids Count Data Center at http://data
center.kidscount.org/ from the Annie E. Casey Foundation to rank, map,
and create trend graphs for indicators of child welfare. This trend will continue as more information becomes available and the need to analyze and
visualize “big data” becomes more common in society.

Current Uses of Data Visualization in Evaluation
The topic of data visualization has been of interest to the evaluation field for
at least a decade and a half with the publication of a previous New Directions for Evaluation issue edited by Henry (1997) titled “Creating Effective
Graphs: Solutions for a Variety of Evaluation Data,” and the recent creation
of the Data Visualization and Reporting Topical Interest Group (2010)
within the American Evaluation Association. Given this interest and the continuing developments in data visualization software technology, processing
power, and storage capacity, we believe that data visualization has reached a
stage where it has become critical for the evaluation community to improve
how it designs and communicates information. This was confirmed in a
study by Evergreen (2011), who found that many of the visualizations used
in evaluation reports tended to be confusing, potentially leading to misunderstandings and decision errors on the part of the evaluator and stakeholders. Our hope is to provide examples of interesting and effective data
visualizations in this chapter and throughout the volume to help inspire and
improve the relevance of data visualization in evaluation practice. In our
attempt to accomplish this we have selected some innovative visualizations
that can be used during different stages of the evaluation process. The following sections briefly illustrate how visualizations have been used (a) to
increase our understanding of a program, its context, and history; (b) to aid
in the collection of data; (c) to conduct analyses of different forms of data;
and (d) to communicate to a wide range of stakeholder groups.
Understanding
During the understanding stage an evaluator is concerned with gaining
insights about the program, its history, activities, stakeholders, and more
generally the context in which the program operates. As evaluators begin to
gather this information they can use qualitative visualization techniques,
such as graphic recording, to gain insights in an interactive visual manner
that encourages discussion amongst stakeholders. The graphic recording
NEW DIRECTIONS FOR EVALUATION • DOI: 10.1002/ev
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Figure 1.4. A Photo of Graphic Recording Session in Action

approach is a facilitated group discussion that is visually represented as different topics, themes, and ideas emerge from the group (described in more
detail in Part 2). Graphic recording enables the visualization of ideas and
concepts that solicits stakeholders’ beliefs about how their program functions and where it is located within the larger environment and community
(Figure 1.4). The actual graphic recording process is as important as the
final product because it allows the evaluator to gain a sense of the history
and evolution of the ideas behind a program, group dynamics, and stakeholder interests and values. Graphic recording could be described as a less
rigid form of program theory development or logic modeling; however, the
final product is something that tells a story about a program, where it’s
been, where it is, and where it wants to go.
Interactive conceptual models are another approach to gaining insights
about a program. Interactive conceptual models allow the evaluator to create multiple levels of understanding that begin with the broadest perspective and can end at the most detailed level. Figure 1.5 is an example of how
these models could function, where the broadest level represents the overall program activities and outcomes in simple terms. When users click
on an outcome they can view additional details about its scope, then click
again to see the actual measures and indicators related to a specific outcome. The creation of these models is similar to a program theory development process (Donaldson, 2007); however, the evaluator can incorporate
details about the outcomes, measures, and indicators while containing this
information in one interactive package. This can ultimately also be used to
embed data and information about the outcomes, so that the entire story of
the program and its achievements can be represented visually. It is important
NEW DIRECTIONS FOR EVALUATION • DOI: 10.1002/ev

Organizational
Assets

Community
Assets

Broadest level

Family
Assets

Capacity Development

Sustainability

Optimal Early
Childhood
Development

Community
Well-being
Organizational
Effectiveness
Family Well
being

Outcome Areas

Family Well-being

Outcome Areas

Big Picture

Middle Level

Families are resilient and fully
support their children's
optimal emotional, cognitive
and physical development.

Ultimate Goal

Family Well-being

Long-term
Outcomes
(10+ yrs)

Medium-term
Outcomes
(6-10 yrs)

Short-term
Outcomes
(1-5 yrs)

Key Outcomes

3. Increase in the number of parents
who read to their child daily

2. Increase in number of families who
report having friends and caring
relationships with individuals other than
support staff and family members

Detail Level

2. Increased capacity of families to foster the
intellectual development of their children

Indicators

1. Decrease in number of parents
who report feeling lonely

Medium-term
Outcomes
(6-10 yrs)

Family Well-being

1. Strengthened personal and social
relationship within and between families

Big Picture

Figure 1.5. An Example of an Interactive Program Theory

16

DATA VISUALIZATION, PART 1

to note that this visualization does require additional technical knowledge
to create, such as the use of DoView or Flash authoring software packages
like Adobe Flash or Swishmax (Donaldson & Azzam, Forthcoming), but
for very complex projects it is a worthwhile endeavor.
Quantitative approaches can also be used during the initial evaluation
stage. For example, geographic information systems (GIS) tools (discussed
in Part 2) can map the needs of the community served by a program and let
an evaluation team gain a better understanding of individual and community characteristics. Figure 1.6 maps the percentage of adults who have no
high school diploma (the darker the color, the larger the percentage), and
also visually depicts the location of adult learning schools. Through this
data visualization an evaluator can determine the level of community
needs, available resources, and the potential contribution that a program
can have within a specific community. This level of understanding can be
gained early in the evaluation process and can significantly contribute to
the development of appropriate designs and measures to inform future
evaluative conclusions.

Figure 1.6. An Example of Using GIS to Conduct a Community
Needs Assessment

Source: Created with http://www.healthycity.org/
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Collecting
The visual design of data collection tools and the use of collection methods
that facilitate visualization have helped improve the quality of the information
we gather. For example, graph enhancements like annotation and attentional
cues such as arrows have garnered more credibility in evaluation because of
the pioneering work of Dillman et al. (1998) in the field of survey design.
Christian and Dillman (2004), for example, found that one response option
was selected more often, not because it reflected respondent opinions, but
because unequal spacing between response options made it stand out from
the others. Additionally, they found that large text boxes for open-ended
responses led to longer answers and generated more themes during analysis.
Thus considerations from graphic design like position, white space, symmetry, and emphasis influence survey data collection for evaluators.
More directly, visualization has influenced data collection through methods such as adhesive formats (Fetterman & Wandersman, 2004; Paleo, 2012)
or visual mapping (Stewart, 2012). In these similar methods, respondents use
adhesive labels or sticky dots to mark their response on a survey, allowing for
data collection and visualization to occur simultaneously (Figure 1.7). These
methods can be used individually or in group settings, where the advantages
of focus groups and participatory evaluation can be enhanced by data visualization that occurs during data collection. This visualization method produces instant responses that offer stakeholders a quick sense of where their
group stands on issues and can help guide the focus of future data collection
efforts. This is also similar to the impact of the presence of a graphic recorder
in the room during a meeting in that group-based data collection using visual
methods gives room for respondents to react and supports richer discussion.
Figure 1.7. An Example of Using Adhesive Formats for
Data Collection

Source: www.davidfetterman.com
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Analyzing
Evaluators often collect information from surveys, interviews, focus groups,
databases, pictures, videos, and a myriad of other sources. Frequently this
information is reduced to a single numerical value, such as a mean score, or
to snippets of quotes used to convey conclusions about a program’s effectiveness. Whereas these approaches remain relevant and important to our
field, during the analysis stage the evaluator needs to access details visually,
connect different pieces of information, identify interesting deviations and
patterns, and explore information from multiple perspectives or levels.
Doing so enhances the evaluator’s grasp of the data, including their
strengths and limitations, and allows the evaluator to detect outliers that
may warn of inconsistencies in how the data were entered or point to unexpected effects of the program on a particular subgroup.
Qualitative approaches can be used to visualize main themes and capture specific ideas. Word trees and phrase nets (described in more detail in
Chapter 3) provide the evaluator with the ability to see connections between
ideas and concepts as they are discussed in qualitative transcripts (Figures 1.1
and Figure 1.8). Figure 1.8, for example, is a phrase tree created with the
Figure 1.8. An Interactive Phrase Tree Representing the Use of the
Word god in the Bible

Source: Created with www.many-eyes.com
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use of IBM’s Many-eyes.com website and depicts the use of the word god
within the Bible. As users click on each subsentence they can instantly view
the full sentence and its source. This method can be helpful in the analysis
of an interview transcript, as an evaluator can type in the name of the program and get a quick representation of how that program was described
throughout the transcripts and the sentences within which the program
name appeared. This supports pattern detection and has an added advantage
of being visually engaging to stakeholders. As such, it can be used to generate discussion about findings and their potential meaning and implications.
Many of the quantitative visual analysis methods and tools (described
in more detail in Chapter 2) share a common strength: the ability to dig
deeper into the numbers while retaining access to a bird’s-eye view of the
data. The visualization process enables evaluators to detect patterns that
may have remained unnoticed through other traditional methods. Many of
the visualization analysis tools have been developed to serve the for-profit
business sector, but their capabilities are applicable to the data analysis
needs of evaluators. Currently there are software packages like Tableau,
Spotfire, and SAS’s J.M.P. that provide the evaluator with the power to create multiple interactive visualizations that can be used to highlight specific
variables, drill down into subgroups, change the timeline, embed maps, and
a host of other features. Figure 1.9 is an example of a data analysis screen
that is created by Tableau that the user can directly interact with by clicking
on any of the pieces of information to filter results, highlight trends, select
individual cases, and change parameters. These abilities represent an
important step in helping us understand the embedded knowledge that is
contained in quantitative data.
Additionally, quantitative dashboards (described in more detail in Part 2)
can be used to create a visual representation of how a program is performing on multiple indicators at once. These dashboards can be viewed as a
way to track program performance by centralizing critical performance
measures into a single visual structure. Dashboards can be designed to
show whether a program is meeting its implementation quality targets,
achieving performance outcomes, or is on the correct trajectory to accomplishing its goals. Figure 1.10 is an example of an operational dashboard
that can be used to track implementation of different activities throughout
an organization. This dashboard is designed to show trends across time,
warnings if things are not working as expected, progress toward achieving
goals, and a host of other critical information needed to help understand
the operational effectiveness of an organization.
Other visualization methods can help answer questions about the social
interactions and dynamics present between individuals and organizations.
The study of social networks has been around in the social sciences since the
early 1980s (Wasserman & Galaskiewicz, 1994); however, the ability to map
social networks to create a visualization has become easier with developments
NEW DIRECTIONS FOR EVALUATION • DOI: 10.1002/ev
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Figure 1.10. Dashboard for Program Implementation and Outcomes

Source: Few (2006).

in software. For example, Figure 1.11 is a network map that shows how
social network analysis is connected to other disciplines that are also concerned with mapping networks. This figure was created with the use of
Many-eyes.com, which is a publicly available data visualization website that
allows users to create these network maps and interact with the connections
to highlight specific patterns or relationships.
For evaluation, social network analysis has also been used as part of the
evaluation process (Fredericks & Durland, 2005), as was done in Figure 1.12,
where the authors used this technique to illustrate an egocentric network
with the software Netdraw in UCINET. The analysis aimed to examine the
social reach of advisory board members, and this particular diagram shows
one advisory board member’s network. The advisory board member is represented by the darker, larger square in the center of the diagram.
Communicating
Data visualizations can also play a critical role when it is time to disseminate and communicate evaluation findings. Data visualization engages and
supports program stakeholders by increasing their capacity to understand
data and participate in the evaluation process. Collaboratively developed
mind maps, logic models, and graphic illustrations can facilitate understanding of the findings and their implications by depicting a program’s
most important activities, outcomes, and ultimate goal in a concise and
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Figure 1.11. A Social Network Map Showing the Connections
Between Social Network Analysis and Other Disciplines
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Figure 1.12. Social Network Analysis Diagram Showing the Social
Reach of a Single Advisory Board Network

Source: Contributed by Kimberly Fredericks.
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Figure 1.13. An Example of an Effectively Designed Logic Model that
Is Used to Communicate to Different Stakeholders
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clear manner (Figure 1.13). Well-designed interactive visualizations for
reporting and community engagement help stakeholders answer questions
of import within context and place engaged stakeholders in the driver’s seat
in terms of defining variables and interpreting results (Knowlton & Phillips,
2012).
In addition to more traditional reporting, where data visualization
elaborates narrative prose, newer methods are beginning to emerge among
evaluators. For example, systems thinking has borne the visualization of
causal loop diagrams as a way to depict the nuanced relationships within
complex systems (Figure 1.14). The arrows in Figure 1.14 indicate the
directionality of relationships among actors in the system, where in this
example an increase in Demand for Power causes an increase in Electricity
Generation. Pluses and minuses signal the type of relationship between the
variable at the tail of the arrow and the variable at the head of the arrow. Thus
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Figure 1.14. A Visualization Depicting the Directionality of Relationships Among Actors in a System

R2

+

Electricity
Generation

Business
Growth

+

Demand for
Power

R1

+

B1

+
+

−

Electricity
Grid Reliability

Interruptions

+

New
Technology
Innovation

−

B2

+

Perceived Need
to Invest

+

Investment in +
Grid
Modernization
Technology
Source: Contributed by Jeff Wasbes.

the plus by Demand for Power indicates that an increase in the availability of
electricity will spur increased demand; or conversely that a decrease in the
availability of electricity will spur conservative behaviors and decreased
demand.
Infographics are another form of data visualization becoming more
popular in evaluation. Infographics are typically communication tools composed of several graphs, diagrams, or illustrations related to a single topic
one page (or webpage) long. They are like dashboards in their simplicity
and reliance on clear data visualizations for at-a-glance comprehension.
Unlike dashboards, infographics are developed primarily for communication with external stakeholders, usually include other graphic elements like
icons and typography, and sometimes coordinate the multiple graphs to tell
a story about an organization. For example, Figure 1.15 provides results
from a survey of nonprofits that highlights their employment trends and
issues with retention, leadership, and recruitment.
Together, the examples in this section spotlight some of the ways evaluators are currently using data visualization in each phase of evaluation
work.
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Figure 1.15. The 2013 National Nonprofit Employment Trends
Survey™ Was Produced by Nonprofit HR and Analyzed
by The Improve Group

Note: Infographic Design by Elissa Schloesser at Visual Voice.
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Future Trends and Challenges
Understanding the development of data visualization within and outside
the field of evaluation is important for giving us a perspective on its past
history and where we might go in the future. We anticipate three future
trends and four closely related challenges that will likely shape the way
evaluators adopt and use data visualization practices. Because these trends
and challenges will likely coalesce to heighten expectations for how evaluators analyze and report data, as a community we should strive to remain
near or at the cutting edge of these changes.
Development in data visualization has seen exponential growth in the
past few years. This is partly due to increased interest in data about our lives
and culture, increased availability of online sources for data and visualization, and increased interactivity that has emerged through the introduction
of technology like the iPad and Windows 8. We believe that these developments will continue and that the trend will be toward the active engagement
of stakeholders in the visualization process and the need for evaluators to
facilitate this engagement. We foresee that stakeholders will become more
accustomed to interpreting, creating, and interacting with data visualizations. They may come to expect visualizations containing multiple perspectives on their programs and may require evaluators to produce such
products as part of the evaluation. Advances in visualization software applications have become available for public consumption and use, often at no
financial expense. For example, programs like ManyEyes, Tableau Public,
and Gapminder now provide Web-based services that let users upload data
for custom visualizations, allowing them to analyze and interact with the
information at their own pace and with their own focus.
This trend, when adopted by stakeholders, may require us to be more
transparent about the data we collect, as demand for raw data increases.
This particular prediction about transparency is already becoming a reality
in the government sector, where the United States has funded and established data.gov, which aims to create a comprehensive repository of data
that can be accessed, downloaded, and analyzed by any concerned citizen
interested in issues that range from health care to environmental policy.
The United Nations has also supported this trend by releasing large databases (http://data.un.org/) to help increase access and transparency, driven
by their desire to be more open and accountable as well as the need to
make sense of large amounts of information. Transparency has become
more urgent as funding has tightened and the need for accountability
increased. As such, data sharing is viewed as one approach to involve the
public and show them the work being done by organizations. The second
motivator for this trend is the need to understand what the data are saying.
Many organizations collect large quantities of data without the capacity to
analyze all of it. The hope is that members of the public will use these data
to conduct their own analysis and generate knowledge that would otherwise
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be missed if the data remained cloistered. We believe that this trend will be
a strong driver of future data policies and will lead to increased demands on
openness of the data we collect.
Interactivity is also part of this trend, and we believe that it will increase
in future importance. If data visualizations are designed to draw attention,
software will need to incorporate methods to keep that attention. The ability
to drill down into data and customize reporting appears to be the next step
in data visualization. For example, when a client hovers on a peak data
point, he or she should be one click away from seeing that data disaggregated by subgroups. Some software programs, Tableau, Spotfire, and SAS’s
J.M.P., for example, already allow such visualization. However, the learning
curve for manipulating new software programs can be steep and expensive.
In the struggle between familiarity and customizability, we believe the most
useful data displays will be those that include both characteristics.
Challenges
Evaluators and end users of data visualizations should also bear in mind
what data visualization cannot do. There are several limitations or cautions
to be considered when employing data visualization techniques. The first
limitation of data displays concerns issues related to causality. One of the
main purposes of data visualization is to illustrate relationships pointedly.
However, visualizations can easily mislead readers into thinking that relationships or patterns exist when in reality they do not. If seeing is believing, then visualizing data can exacerbate the fallacies perpetuated by
questionable statistics such as spurious correlations (Figure 1.16).
Relatedly, the second caution we heed in developing data displays is the
reliability of data and information. The foundation of any visualization is
the data used to create it. Visualizations can actually highlight the garbage in–
garbage out problem. If data contain issues such as missing values, unrepresentative samples, or other problems, then it is the evaluator’s responsibility to
acknowledge those limitations clearly through the use of footnotes or other
indicators to avoid misleading stakeholders. Although lengthier narrative
reporting can more easily integrate caveats, explanations of confidence levels,
and declarations of significance levels, such important statements of uncertainty
are not as easily rendered in a data visualization. As Ware (2013) noted, “The
problem is that once data is [sic] represented as a visual object, it attains a kind
of literal concrete quality that makes the viewer think it is accurate” (p. 28).
The third caution of data visualization is related to introducing new or
unfamiliar visualizations to stakeholders. Tufte (2006) says that much of
the trouble with poor graphics is due to the fact that most professional artists have little familiarity or skill with quantitative data, given that their
primary study was fine art. The opposite also may be true: most researchers
and evaluators have little familiarity or skill with graphic design and art.
Technology has made developing visuals more accessible for those of us
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Figure 1.16. Causation Warning
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Note: Created by Vali Chandrasekaran;
source: http://www.businessweek.com/magazine/correlation-or-causation-12012011-gfx.html

without formal graphic design or fine art training. Evaluators are wise to be
thoughtful about audience frustration levels when introducing new types of
graphic displays and should consider whether directly training stakeholders on display interpretation may also be needed to reduce audience frustration and misinterpretation.
The fourth limitation of our current use of data visualization is about
understanding the connection between the visualization and the evaluation
purpose/question. Evaluations often contain multiple data sources and
analyses; however, not every analysis requires a visualization. In selecting
which visualizations to create, the evaluator needs to keep in mind the
main evaluation questions and design visualizations that can clearly support the answer to those questions. As we discuss in Part 2, it is important
to highlight the most important information when designing visualizations
so as not to obscure the most relevant evaluation findings.

Final Thoughts
Our intention in the issue is to introduce the evaluation community to visualization developments that have the potential to change or improve how we
evaluate. But, as with any new idea or approach, we are likely to encounter
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VISIBILITY

Figure 1.17. Depiction of the Hype Cycle
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setbacks as we adjust to the capabilities of these new approaches. This process of learning, struggle, and development has been described in the technology arena as the Hype Cycle (Fenn & Time, 2008; Figure 1.17). The
five-phase Hype Cycle begins with the technological trigger, when the new
idea or concept is introduced. This is followed by mass excitement and overestimation of its relevance and benefit—the peak of inflated expectations.
Next, as we begin to recognize the limitations associated with the technology,
we enter the trough of disillusionment, followed by a slow but steady progression to understanding its actual potential as we climb the slope of enlightenment. Finally we reach the plateau of productivity, characterized by acceptance
and wide adoption of the technology by the communities it serves.
We anticipate that some of the ideas and concepts introduced in this
chapter and issue will follow the Hype Cycle trajectory, beginning with
increased expectations as the tools and approaches are implemented across
various evaluation projects and with multiple evaluation stakeholders that
may or may not be well suited. As time progresses, the limitations and
drawbacks of different visualizations will become more apparent
and heightened expectations will become more tempered. Ultimately we
believe that our community will progress along the slope of enlightenment
and move toward the plateau of productivity. During these last two stages,
the appropriate use of visualizations in evaluation will become more evident, many of the limitations will be acknowledged, and some may even be
solved. The key is to remain focused on the core purposes for creating a
NEW DIRECTIONS FOR EVALUATION • DOI: 10.1002/ev
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visualization, which are to offer stakeholders an opportunity to explore,
reflect, and generate knowledge from the data collected during the evaluation process.
By the time this manuscript is published, important new data visualization software packages and techniques will be on the market and some
of the ones we have mentioned here will be out of business or, worse, passé.
Regardless of the rise or fall of specific visualization platforms and strategies, we believe that data visualization is here to stay. It will continue to
evolve and will increasingly play a critical role in the evaluation process.
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