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Abstract
Long-term case studies are an essential tool to capture the adoption of visualiza-
tion techniques and systems, their usage patterns, and how these change over time.
They may provide essential insights that stimulate further research that is focused
on actual user needs. Long-term case studies typically involve a few users that use
an interactive system frequently and for a longer time at least a couple of weeks
[25]. This intense use of a system is analyzed with various techniques, such as
documentation including screenshots (diary of use), automated logging protocols,
regular interviews, and screen capture. They may elicit cognitive processes related
to decision-making and problem solving. This chapter explains the concept of long-
term case studies, its variants, and examples describing how it was realized in med-
ical visualization, information visualization, and visual analytics. We characterize
this evaluation technique with respect to the stages in a development process to
which they fit and with respect to scenarios in data visualization where they are
often used. The limitations of long-term case studies are also discussed leading to
recommendations when this type of evaluation is useful to accompany visualization
research.

9.1 Introduction

Many evaluation concepts have been employed to assess the value of individual vi-
sualization techniques or whole visualization systems. Isenberg et al. provided an
in-depth analysis of evaluation practice in visualization and considered eight major
variants [8]. Regarding their terminology, we focus on empirical evaluations that
include actual users, instead of hypothetical discussion of usage scenarios or formal
analysis based on quality metrics. As Isenberg et al. point out, most of the existing
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empirical evaluations relate to user preferences and other usability or user expe-
rience criteria but do not focus on how visualization systems are actually used to
solve complex problems. The case study type of empirical evaluation that we dis-
cuss in this chapter is considered as ”particularly strong form of evaluation for un-
derstanding work practices and visual data analysis" [8]. However, case study-based
visualizations are rare compared to the substantial portion of application-oriented
visualization research in the visualization community. In this chapter, we discuss
the potential and current practice of case study-based evaluation in visualization re-
search. We emphasize one aspect of expressive case study reports, namely the long-
term character. Today’s complex visualization systems may involve longer learning
periods and problem-solving activities that require substantial time. Thus, care is
necessary to provide enough time for experts to use the system and for visualization
researchers to observe and analyze the usage of the system.

Long term case studies have their roots in ethnographic research [4], e.g. in cul-
tural anthropology, where researchers live in a different culture, e.g. in an African
tribe, take part in the daily activities and carefully document their first-hand expe-
riences (diary of use). “The observer tries as much as possible to be unobtrusive”,
ideally not affecting what is being observed [3]. With ethnographic methods, a few
researchers gain insight and in-depth experiences over long time. Field tests and
workplace studies are alternative names used in human computer interaction (HCI)
[3][6].

Case study-based methods were introduced in HCI early. A survey by Hughes et
al. [7] documents success stories both in academic and commercial settings, where
time and budget constraints need to be considered as well. Figure 56 puts field stud-
ies in the context of other evaluation methods and highlights that they are particu-
larly realistic, but not very precise.

Putting long-term case studies in the context of empirical evaluation

Long-term case studies are a promising instrument of empirical evaluation and
“yields realistic and believable narratives” of real users interacting with a visual-
ization tool [5]. They are motivated by shortcomings of the more frequently used
controlled laboratory studies as stated by Shneiderman and Plaisant [25]: “labora-
tory studies became ever more distant from practical problems and broader goals.”
Carpendale adds that the use of very small datasets, students as test subjects, and
unrealistic tasks lead to the problem that the results of information visualization
evaluations are not believable and actually, that the developed techniques are not
adopted [3]. In particular, systems that require substantial learning effort and are
intended to be used for complex problem solving or discovery activities cannot be
adequately assessed within one or two hours in a lab experiment with well-defined
tasks. The simple fact that the evaluation takes place in a lab and not in a realistic
work context reduces ecological validity, that is the amount to which the results can
be translated to realistic settings.
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Fig. 56 Field studies, an alternative term for long-term case studies, are unobtrusive and yield
realistic observations (From: Carpendale et al. [3]).

Visualizations related to isosurface and volume renderings are often evaluated
by means of task-based perceptual experiments typically involving a comparison of
methods with respect to shape and depth perception. In the terminology of Carpen-
dale [3], these are referred to as judgement studies (recall Fig. 56). Similar to (other)
lab experiments, they favor precision or realism. Although valid tasks and methods
are available, the evaluations only explain perceptual aspects at a rather low level
(see Preim et al. [19] for a survey and Saalfeld et al. [21] for a tutorial-like paper on
how to perform such experiments with a focus on medical visualization). In medical
visualization for example, the actual purpose is to support advanced diagnostics (Is
a muscle infiltrated by a tumor and to what extent?) and treatment planning (Is the
patient operable? How much tissue needs to be removed? And how to access the
pathology?). For understanding such cognitive activities involving problem solving,
decision making, and discovery perception-based experiments are not directly rele-
vant. Moreover, almost all these experiments relate to static rendered images, that is
the whole value of interactive exploration, e.g. rotation and clipping, for which 3D
visualization techniques are provided, is ignored.

Long-term case studies typically involve a few highly specialized professionals
that use a system in their familiar work environment for tasks that are relevant to
them, based on data that they have available [2]. The discovery in large scientific,
business or finance data, police analysis and medical research based on large and
heterogeneous data are examples of such situations. As we will see in this chapter,
there are a number of examples how long-term case studies were used for medical
visualization, information visualization, and visual analytics applications.
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9.2 Goals and Variants of Long-term Case Studies

Ethnographics-inspired evaluations were carried out in human-computer interaction
and software engineering as a research method for a deep understanding of pro-
cesses and the use of interactive products. A deep involvement in the users’ activities
can provide genuine insight into the processes and daily routines of the users.

These observational methods may be applied early in the development process to
analyze current work practices and establish initial requirements [7]. Here, we focus
instead on evaluative ethnography, that is the evaluation of innovative visualization
systems based on a working prototype. Evaluation ethnography includes an assess-
ment of the prototype, the deployment in particular contexts and workflows and the
extraction of ideas for redesign – three of the five stages of empirical evaluation as
discussed by Lam et al. [16].

9.2.1 Goals

Long-term case study evaluations last at least several weeks and are carefully doc-
umented by the users with both verbal notes and screenshots. Regular interviews,
logging protocols, screen capture and video analysis may be added to understand
differences [25]. They may reveal:

• patterns of use, e.g. typical problems as well as actions to tackle them,
• characteristic changes of these patterns over time,
• the social context of system use,
• engagement and motivation,
• the variety of data to be processed and tasks to be solved in practice, and
• unintended usage scenarios.

Such findings may have serious implications for further design which makes these
methods appropriate for formative evaluation where the major goal is to refine or
add requirements for the further development of a system. If for example, some
features are not used at all, they may be removed or at least “hidden” in submenus
or dialogs that rarely appear and thus do not distract.

If certain usage patterns become obvious, the system may be redesigned to pro-
vide guidance, e.g. to support the user along a certain analysis path. As a social
aspect it may become obvious that domain experts cooperate with others in the
analysis of data. As an example in medicine, the analysis of medical image data, is
a careful cooperation between radiology technicians and radiologists and the results
of the diagnostic report are presented to referring physicians from other medical
disciplines. If such a collaborative aspect is identified and analyzed, requirements
to directly support cooperation may arise. In fact, early uses of ethnographic meth-
ods were already focused on analyzing social aspects in office contexts or air-traffic
control [1].
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Long-term case studies may also reveal how engaged users are, often despite
struggling with the system, how motivated they are and how they (and perhaps their
colleagues) trust a system. These user experience (UX)-related properties and their
changes over time are essential for visualization systems to be used in research
and industrial practice. The understanding of actual data and tasks often leads to
requirements related to the support of more file formats or related to a better support
to convert data.

Additionally, unintended usage scenarios are observed that typically involve cre-
ative workarounds to achieve a goal, the system was not meant to be used for. As
a consequence, a redesign should directly support these usage scenarios. As an ex-
ample, Whitaker [28] analysed e-mail use and found that mail systems are not only
used for communication (as intended) but also for reminding to activities and as an
archive of communication and knowledge.

9.2.2 Multi-dimensional In-depth Long-Term Case Studies

Multi-dimensional In-depth Long-Term Case Studies(MILCs) were introduced as
a special long-term evaluation technique particularly for InfoVis. This evaluation
concept by Shneiderman and Plaisant [25] was introduced to evaluate creativity
support tools. The major goal of MILC evaluations is to ”study the creative activ-
ities that users of information visualization systems engage in". Multi-dimensional
relates to the integrated use observations, interviews, logging protocols. Shneider-
man and Plaisant also explain what they consider as long-term: a system use in
different stages with a minimum duration of several weeks. The following stages
are discriminated:

• the training stage, where the users get familiar with the system, optionally a
written tutorial to assist independent use,

• an early use stage where the users are visited also with the goal of assisting
in using the system and identifying smaller problems that may be solved soon,
whereas

• in the mature use stage the system is no longer altered. Thus, changes in usage
patterns in the mature use stage are not due to changes in the system and may
reflect that usage patterns change over time.

• a final stage in which the documentation is summarized and a final review is
carried out.

The methods of data collection is the same, in the early and mature use stage. Only
the stable system state makes the difference between the two. Not all authors that
base their evaluations on the MILC principles follow all recommendations. Valiati
et al. [27] for example report on three MILC studies, where they have not discrim-
inated between early and mature use stage. The system was not improved at all
during the whole study. They employed most of the instruments recommended by
Shneiderman and Plaisant [25] but did not provide logging functions.
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Shneiderman and Plaisant discriminate basically two types of MILCs:

• a moderate MILC as part of a typical research project, where the early use and
mature use stage last approximately four weeks and

• long MILCs that may last up to several years where the evaluation is the core
activity of a research project.

Most MILC evaluations are moderate variants. In the examples discussed by Valiati
et al. [27], the study duration was between six weeks and four months, 5-8 meetings
with users were arranged and the overall time of observing users was between 12 and
18 hours. This example confirms the recommendations of Shneiderman and Plaisant
to combine different instruments, such as observation, interviews and thinking aloud
(recall [25]). They traced the problems identified in the long-term evaluation to the
instruments used to detect them: While some problems were explicitly described
by the analysts during interviews, a considerable portion were detected based on
observation.

9.3 An Overview of Long Term Evaluations in Visualization
Research

In the following, we briefly describe selected examples of long-term case study
evaluations. They were chosen, since they rigorously report on goals, preparation,
conduction, and analysis. The underlying papers do not introduce a visualization
framework, but focus on the evaluation of an already presented system. Thus, the
evaluation is not a minor part of a large paper. Among the seven scenarios from
Lam et al. [16], they all relate to visual data analysis. It seems that long-term case
studies are particularly important in this scenario. In the scientific literature, there
are more long-term case study evaluations of visualization, but they are described in
considerable less detail.

9.3.1 Evaluating the Rank-by-Feature Framework

Seo et al. have developed a comprehensive visual analytics framework that enables
the efficient analysis of high-dimensional data [23]. Many metrics (interestingness
measures) are involved to rank individual features and pairs of features to direct the
further analysis to potentially interesting aspects, e.g. features, where the distribu-
tion strongly deviates from a normal distribution or pairs of features where a strong
linear or quadratic correlation exists. As a general unsupervised learning method
hierarchical clustering method with an interactive dendogram visualization is pro-
vided. The system was primarily used for analyzing gene expression data and was
initially presented along with informal evaluations including feedback from domain
experts.
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Fig. 57 The Rank-by-feature framework with hierarchical clustering (top left), a matrix view de-
picting correlations between dimensions (bottom left), an ordered list with most interesting feature
combinations (bottom middle) as well as histograms and scatterplots for selected dimensions and
combinations thereof (From: [23]).

To get a deeper understanding, if and how the rank- by-feature framework change
the researchers exploration process, a MILC evaluation was performed [24]. Six par-
ticipants were recruited that had used the framework and published scientific results
obtained with it. These researchers were from different fields (including statisti-
cians, biologists, metereologists) and were not involved in the design and develop-
ment of the tool.

9.3.2 Evaluating the Social Action Tool

Few users employed a social network analysis tool with graph-based visualizations
and statistics related to graph-based data [18]. The long term case study was per-
formed according to the MILC variant (recall [25]), where the early and mature use
stages lasted four weeks. The evaluation was started with a 2 hour training session
and a documentation was provided to further support the autonomous use of the
system.
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Fig. 58 The Jigsaw system used with a multi-monitor setup. The top view provides a list visu-
alization with connections between people where selected people are highlighted (From: [26]).

9.3.3 Evaluating the Jigsaw Analysis Tool

Another prominent visual analytics tool analyzed with ethnographic methods is JIG-
SAW, a tool that enables the analysis of large document collections [26, 14]. Clus-
tering is provided where the similarity of documents is analyzed depending on the
co-occurrence of words. Documents may be also sorted according to different cri-
teria. Thus, document views, list views, and cluster views are essential components
of the systems (see Fig. 58).

The evaluations with three intelligence analysis experts (two from academia, one
from industry) lasted between two and fourteen months. Interviews (45-60 min.)
were audio-recorded, fully transcribed and carefully analyzed with specialized soft-
ware to understand core themes [15]. The prepared questions of the semi-structured
interviews relate to specific tasks for which Jigsaw is used, the goals of the analysis,
the data to be used, features considered essential or superfluous. The analysis with
one expert revealed that he employed mostly documents related to a narrow time
frame since otherwise the resulting visualizations are overwhelming. It turned out
that a feature was missing that allowed users to select/deselect documents for the
current analysis. Mostly, the analysis of documents served to understand whether
there are relations between two persons and, if so, to better understand what type of
relation they have. Graph views that provide a visual interpretation of the data were
new to them and appreciated.

The long-term case study provided many insights in the learning process required
to use the Jigsaw system and in unexpected pattern of system use.
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Fig. 59 A figure showing context (EEG electrodes) around the position of the surgical instrument.
(From: [13]).

9.3.4 Evaluating the Impact of a Medical Visualization tool

Working in the medical domain requires long-term immersion into a medical fa-
cility that frequently leads to a deeper understanding of the primary pipeline for the
treatment of a patient. This includes the processes followed at the facility as well
as all the individuals involved in the processes. In previous work, Joshi et al. [13]
worked closely with neurosurgeons to understand challenges with respect to image-
guided surgery. Neurosurgeons, radiologists, neurologists, and technicians are all
involved in process of surgical planning and the actual surgery. The researchers
identified challenges associated with data representation of all the modalities be-
ing used for image-guided surgery such as CT, MRI, EEG electrode strips, and in
some cases, PET scans, and DTI imagery. They developed a system that allows
contextual-representation of the data during surgery and evaluated it with neurosur-
geons and residents [13, 12].

Due to the embedded nature of the researchers involved in the project, other
problems related to occlusion in vascular neurosurgery too were identified and
addressed [10]. These techniques were incorporated into existing image-guided
surgery software and were evaluated over a long-period of time for ease-of-use and
adoption. Technicians and surgeons continued to use the technique via the image-
guided navigation system.

Expert analysis provided crucial insight into use cases and usability of the sys-
tem. As the research team continued to work with the surgeons and operating room
technicians, other challenges with respect to the ambient lighting in the operating
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room were identified and light-sensitive solutions [9] were designed and deployed
in the operating room.

These solutions to their problems were identified, resolved, deployed, and evalu-
ated over a two-year period to iteratively improve the image-guided surgery system.

9.3.5 Generalized Experiences

A common result of all long-term evaluations was that experts always started their
analysis with clear analytical questions in mind. The visualization researchers have
not observed pure exploration activities without any hypothesis. The initial use of
the system for the selected data may lead, of course, to interesting or even surprising
situations, that stimulate follow-up questions, e.g. to understand a phenomenon in
more detail or to confirm a pattern. The analytical questions are very specific for the
particular domain but as Valiati et al. [27] point out, most of them can be mapped
to rather general visualization tasks, such as gaining an overview, searching for a
particular configuration and comparison that were performed at different abstraction
levels. This generalization may help to translate the experiences to other areas and
enable other researchers to reproduce these experiences or find out that the results
cannot be confirmed eventually leading to more reliable knowledge about analytical
patterns and appropriate computer support. All long-term case studies discussed in
this section relied on very few experts. The three evaluations described by Valiati et
al. had one expert only. The Rank-by-feature evaluation had six experts, the largest
number, we found in such an evaluation.

The overall assessment of long-term evaluations revealed a number of tasks that
were not supported well at least by early information visualization systems [27].
Users want to:

• document and record (intermediate) results for themselves or discussion with
others,

• emphasize or comment on items, groups of items or relations,
• to verify observations derived from data visualizations with statistical methods

9.4 Planning, Conducting, and Reporting

A long-term case study obviously requires careful planning and sufficient time. It
is likely that we rarely see this type of evaluation since it does not nicely fit in the
tight schedule of paper publishing where the implementation is often finished only
a few weeks before the deadline. The most important aspect is the recruiting of ex-
perts to use the system for a longer time. These experts need to either be the target
users or be representative, in particular they should have approximately the qual-
ification and experience, of the target users. Sometimes, the few top level experts
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for a special domain are not available and are replaced by users with a little lower
experience. However, if the system is intended for users with long term experience
and responsibility to make decisions, students or junior researchers in this area are
not representative enough.

Once the users are selected, the evaluation and documentation procedures orga-
nizational issues should be discussed (see hints in [25]). The software needs to be
prepared carefully, including a short tutorial/documentation to enable autonomous
use, logging capabilities, and testing. Since realistic tasks should be investigated, the
selection of specific goals, tasks and data is the responsibility of the domain expert.
However, discussions between visualization researcher and the domain expert are
required to ensure that the data and tasks are representative.

This involves a considerable effort on the side of the domain expert and conse-
quently, publications in their scientific domain are a typical result [11, 9].

9.4.1 Reporting

Reporting on a case study requires considerable thoughts as well as. According
to Isenberg et al [8] the following aspects are crucial in any type of reporting on
empirical evaluation:

• be specific about your domain experts (age, gender, qualification, experience in
the domain and with similar software, . . . ),

• be specific about the nature of your relation to them, e.g. Are they co-authors of
the paper? Are they independent or part of the same institution/project?

• be careful with definitive statements and try to include proper statements of un-
certainty when justified.

In addition, we recommend additional components for reporting based on Valiati et
al. [27] who described three MILC evaluations in a standardized manner.

• description of the data used by the experts, e.g. number of dimensions, number
of datasets, size of a document collection

• analytics questions that the experts tried to answer
• severe usability problems that may have avoided that experts could analyze the

data in the way they originally wanted to perform

9.5 Challenges and Limitations

A major challenge of long-term evaluations is that very self-disciplined users are
needed that are willing and able to document over a longer time why they used the
system, what they considered satisfying, surprising or frustrating. Users often stop
the evaluation earlier than expected [2][17]. Participants of long-term evaluations
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are not only few, but often also more tech-savvy than average users leading to a
selection bias that further reduces the generalizability of the results.

Another limitation is that due to the small number of test persons, there is more
randomness involved than in a lab study, i.e. it is a bit by chance how the system is
actually used and which data are used. The environment in which case study work
is performed is realistic, but not controllable. Thus, statistical analysis is typically
not meaningful. ”The outcomes should not be too generalized" as Elmqvist et al.
argue [5]. Since only few users are involved, long term case studies do not help to
characterize the use of system for a diverse set of users that differ e.g. in their spatial
ability.

To ease the burden on the target users of the system, developers could consider
automating the data collection process through system logs and infrequent face-to-
face meetings with the users. This would provide insight into whether a deployed
system is being used as well as identify pain points for users that may be preventing
them from using the system.

9.5.1 Combinations with Other Methods

Long-term case studies have a number of advantages that were stated in the intro-
duction and motivate this chapter. However, as Carpendale [3] points out, no single
evaluation method can fully characterize the value of interactive visualization sys-
tems. Long-term case studies enable realistic observations, but they are not precise.
Even the MILC variant (recall [25]) that combines a number of methods within a
case study evaluation remains limited. Therefore, combinations with other methods
are relevant.

Instead of discussing all possible combinations, we will focus on one combi-
nation that is particularly relevant for visual analytics systems that often aim at
discovery processes. The combination with an explicit recording of insights is a nat-
ural choice and provides a clear focus for long-term case studies. The number and
quality of such insights, e.g. whether insights are surprising and can be verified, is
considered as an evaluation measure in insight-based evaluations [22]. The original
insight-based evaluations were lab experiments where analysts should freely use
the system (after appropriate training) to find interesting relations. Seo et al. [24]
combined the MILC evaluation with insight-based analysis of the rank-by-feature
framework. This combination is promising since discovery processes often are not
very effective when restricted to a limited amount of time. This combination, how-
ever, does not solve the major problem of long-term case studies, namely that they
comprise only a very few participants. Therefore, Seo et al. [24] added a broader
survey where they asked a larger number of users, again authors of publications that
employ their tool, to take part in an interview [24]. This interview cannot provide
such a rich description of system use as in the long-term evaluation, but since much
more participants are involved, more reliable and generalizable statements about
usage patterns and usefulness can be derived.
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The conduction of insight-based long-term case study evaluations has to con-
sider many aspects (see [3] for a discussion). A crucial question is when analysts
are interviewed with respect to what they have learned about the domain using a
visual analytics system and a selection of datasets. Insights may occur suddenly, but
also hours or even days after a system was used. Of course, the insights that were
gained strongly depend on the domain knowledge of the analyst, her motivation and
creativity. Preim et al. [20] provide a discussion of the evaluation practice in med-
ical visualization, where long-term case studies and their combination with other
methods are discussed.

9.6 Conclusions

Long-term case study is a viable empirical evaluation method for visualization sys-
tems that enables an understanding of cognitive activities, such as problem-solving
and decision making. Long-term case studies in visualization research has some
unique aspects compared to applications in human computer interaction, e.g. dis-
covery processes in visual analytics applications. Thus, we discussed primarily such
visualization examples and hope to stimulate further attempts in this direction.This
qualitative and observational evaluation method overcomes many limitations of lab-
based studies and enables a deep understanding of system use. It can be adapted
to different time-frames and budgets ranging from several weeks to a few years.
The observation of users doing real work in their familiar (work) context is a key
aspect. The MILC variant described by Shneiderman and Plaisant [25] provides
guidance how to perform such evaluations in an informative manner. Since only a
few users are involved and the working environment cannot be controlled, long term
case studies are limited. A combination with other evaluation methods, e.g. ques-
tionnaires, allows to derive quantitative assessments. Long-term case studies were
successfully used in a number of InfoVis and visual analytics applications. In other
areas, particularly, in scientific visualization applications, the method is underuti-
lized but promising as well.

Long-term case studies evolve into continuous use of a deployed system only
if the researchers are immersed and have clearly addressed an existing problem in
the workflow of the target users. The maintenance and iterative development of the
system in conjunction with the end users results in successful outcomes. If you
would like your system to be used for a long period of time, you have to be willing
to maintain and support it for that same duration as well.
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