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The influence of domain expertise in visual overviews of

spatiotemporal data

Overviews of spatial and spatiotemporal data are acknowledged to play an
important role in visualization in initiating and supporting geovisualization and
exploratory data analysis (EDA). However, relatively little research has focused
on the visual overviews themselves, and their potential impacts on EDA
outcomes. In a user study, we evaluated the influence of different levels of
domain knowledge on the usefulness of four distinct types of static visual
overview of spatiotemporal data. Beyond simply orienting users, our results
indicate that visual overviews can be important in gaining insights in a
spatiotemporal dataset, for example in learning about metadata. Although
subjects without domain knowledge struggled to judge the quality of their
findings, they were as successful at identifying interesting patterns in the data as
those with domain expertise. Finally, our visual overviews were generally of
more interest to novice, rather than expert users. Our results suggest that detailed
background knowledge of a dataset can actively hinder EDA, despite experts’
stated motivation to explore the data. Being already familiar with their own data
sets, our results highlight the tendency of data experts to disregard findings that
do not match their pre-existing domain knowledge. Based on these findings, our
conclusions identify a range of potential avenues for future work, including the
use of visual overviews that deliberately do not, from first view, reveal the
context of the data they show. This later approach could help in cases where
domain experts need to see their data with “fresh eyes,” and detect interesting
patterns in spatiotemporal data before relating the findings to specific knowledge

about the datasets and the domain.
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1. Introduction

Exploring a large spatiotemporal dataset to find salient patterns and identify new
information can be a daunting task. This may be especially true in cases where users
have limited domain knowledge about the data set or set out with ill-defined research
questions. Visual overviews are acknowledged to play an important role in supporting

geovisualization and exploratory data analysis (EDA), both in initiating exploration and



in orienting users throughout their investigations (Keim 2001; Few, 2009; Hornbak and
Hertzum, 2011). The visual information seeking mantra (Shneiderman, 1996), for
example, starts with an overview of the whole data set before offering tools for filtering

or selecting subsets of the data for answering specific questions.

While the information seeking mantra (Shneiderman, 1996) is often used as a guiding
principle for visualization design (Craft and Cairns, 2005) there is a paucity of literature
regarding the importance and perceived usefulness of using visual overviews for
generating ideas and hypotheses. Haroz and Whitney (2012) have highlighted the
difficulties humans face in making sense of large amounts of data displayed at once, but

do not address their effectiveness in triggering further questions for exploration.

The qualitative study presented in this paper focuses on the influence of varying levels
of domain knowledge on the perceived usefulness of four types of static visual
overviews of spatiotemporal data, as a prelude to EDA. The static visual overviews
present in its entirety a large ecological data set about the movement of hundreds of fish
over a period of years. Our focus is on the generation of hypotheses and ideas as a
starting point for further exploratory data analysis, which needs a certain purpose
(Andrienko and Andrienko, 2006) and thus initial hypotheses. The confirmation of
hypotheses (cf. so-called overview-plus-detail interfaces, Baudisch et al. 2002) would

be a natural next step of the data exploration process but is not part of this study.
Therefore, our goal in this paper is to address the following questions:

e What are the differences in usage of visual overviews by user groups with
varying domain knowledge?
e What can we learn from the differences in perceived usefulness in order to

benefit most from visual overviews?

1.1. Application domain and data set

Our analysis was conducted with a large spatiotemporal dataset about the movements of
fish in the Murray River, Australia (Bird et al. 2014). The Murray River is a river of

considerable economic and ecological significance, heavily used for irrigation purposes.



The data set concerned the movement of approximately 1100 radio-tagged fish moving
between 24 river zones between 2006 and 2011. The monitored area included several
tributaries and a dammed lake with a total length of more than 300km. Figure 1 shows a
schematic of the different river zones in the river system, labeled a—x, with the locations
of the 18 radio-telemetry logging towers that partition the river into zones indicated

with triangles.

The data itself consisted of tuples containing a letter indicating the river zone (or NA
before a fish was radio-tagged or after its radio-tag had ceased to respond) for each day
between 1 January 2006 and 31 December 2011 (2190 days) and for each radio-tagged
fish (1131 fish), a total of more than 2.5M records. The data set was originally collected
and analyzed in order to evaluate the effect on native fish populations of conservation
activities in certain river sections. However, it was expected that this data set could be a
rich source of further information and insights about fish behavior in the Murray River.
Thus, exploring this data holds the potential to reveal new knowledge about fish
behavior and to generate hypotheses for further analysis beyond the specific research

questions that the study set out to address.

2. Materials

In general, a visual overview “is constructed from, and represents, a collection of
objects of interest” (Greene et al. 2000). Visual overviews generally make no or
minimal assumptions about the specific exploration tasks. Craft and Cairns (2005) state
that visual overviews paint "a 'picture' of the whole data entity" and allow seeing
patterns "from a vantage point that comprises the whole view" (Craft and Cairns, 2005
p.111). Examples of different types of visual overviews surveyed in Hornbak and
Hertzum (2011) include tag clouds, tree maps, graph overviews, fisheyes. This selection
shows that visual overviews may include some form of aggregation. However,
aggregation or visibility of "major components" or "significant features" (Craft and
Cairns, 2005 p.111) can also be achieved using selected visual variables and data dense
displays. In this section we introduce the design and characteristics of the data graphics

used in our study to provide visual overviews.



2.1. Defining visual overviews

For this study, the visual overviews are designed to show the complete data set in a
single two-dimensional display, through the use of different visual variables, such as
color, size, and layout. We do not hypothesize about the data and thus only use
aggregation or suppress aspects of the data set when otherwise it is impossible to show
all the data in the same view. We try to achieve visual overview and aggregation by
employing data dense representations. We also restricted our visual overviews to static
and two-dimensional views, on the grounds that any interactive, 3D, or animated
capabilities immediately move us away from overviews of the entire data set into
affording users capabilities to explore detail. Such further exploration of details is a
natural next step when the overviews have allowed generating hypotheses and ideas
about the data and when the iterative process of exploratory data analysis (Andrienko

and Andrienko, 2006) has started.

Thus, in achieving static two-dimensional visualizations of the space, time, and
attributes in our data set it was required to suppress certain aspects or characteristics of
the data in favor of others. No assumptions about the tasks to be fulfilled or the users
intentions when exploring the data were made, except that we focused on the primary
dimension of general interest: movement (i.e. moving fish is more interesting than
stationary fish). Thus in a functional view of the data set (Andrienko and Andrienko,
2006) fish movement is the characteristic while space and/or time serve as references

(cf. Table 1).

Besides this fundamental setting we adopted the following guidelines in designing our

visual overviews:

e reuse existing conventions, including color coding of existing data graphics
already in use by the data experts;

e ecmploy data aggregation only when necessary to construct static, 2D
representations of our movement data;

e keep the layouts simple and re-usable with minimal formatting of the data, to
avoid biases that might be introduced through specific optimization of the visual

overviews and to maximize the applicability of results to different data sets;



e minimize the use of labeling and legends, as the visual overviews will be
explained and used in an interactive setting where questions are encouraged; and

e aim for clear and legible display on A3 paper (taking into account the natures of
overview visualization where the single data point may not need to be clearly

visible but the users should gain a comprehensive view of the data set at once).

The last of these guidelines, format for A3 paper, was for both practical reasons (to
make it easy for subjects to discuss the visual overviews without needing any
specialized equipment) and to avoid any unnecessary confusion or unwarranted
expectation of interactivity by the users (e.g., no one expects paper to be able to zoom

or pan).

Table 1 gives an overview of the visual encodings of the data characteristics (fish ID or
movement) and the referential components (space and/or time). All visualizations show

the dimension of interest—fish movement—differently (see last column of Table 1).

Visual overview V1

Figure 2 (minimized to fit page width) shows the location of each fish during the
analyzed time span. The y-axis shows the randomly ordered fish ids. The x-axis shows
time. The colors indicate the different river zones, and reuse the color-coding employed
by the data collectors in their internal documents. Thus, following a single horizontal

line shows the whereabouts of a single fish over time through color-coded space.

Visual overview V2

Figure 3 (minimized to fit page width) emphasizes fish movement between river zones
over time. The y-axis shows simplified space as linear arrangement of the river zones
labeled a—x (Figure 1). The x-axis shows time as in visualization V1. Thus, the two
visualizations V1 and V2 can be vertically aligned and analyzed in comparison. In V2,
each fish is plotted as a transparent grey line as it moves between zones (vertical lines)
or stays in specific river zones (horizontal lines) over time. All fish paths over time are
plotted on top of each other. Thus, darker lines in a horizontal direction mean more fish
being stationary, while darker lines in the vertical direction mean more fish engaged in
changing between river zones. The visualization was inspired by plots of single fish

paths that were already being used by the domain experts to learn about the behavior of



selected fish.

Visual overview V3

Figure 4 (minimized to fit page width) uses a schematic map (i.e., not to scale) of the
river as background (cf. Figure 1). Each river zone is centrally marked by a colored dot
(using the same colors as in visualization V1). The movement of fish between river
zones is aggregated over the whole six year time period. For each river zone, a star plot
indicates how many fish have left that specific river zone and moved to any of the other
river zones (one star plot arm per “moved-to” river zone). The length of the star arms
relate to absolute numbers of fish moving out while the color of the arms show to which

river zone they moved to.

Visual overview V4

Figure 5 (minimized to fit page width) is an origin-destination (OD) matrix, typically
used by transport planners, for example, to analyze travel behaviors of people, moving
through a city. In the visual overview in Figure 5, the OD matrix shows the number of
fish moving from one river zone to another (numbers aggregated over the whole six-
year time period). The y-axis shows the linear arrangement of the river zone labels
where fish movement originated and the x-axis show the destination river zones. The
total numbers of fish moving are labeled in the cells of the origin-destination matrix and
additionally the cells are shaded in grey values relating to those numbers. The values
represented in V4 are the same as the values of the star plot arms in visualization V3
(cf. Figure 4). The linear arrangement of the Murray River allows employing an OD
matrix. For more complex river systems an origin-destination map (Wood et al. 2002)

could be used.

3. Methods

In his seminal book on exploratory data analysis, Tukey (1977) acknowledges the value
of domain knowledge. He compares EDA to detective work that is facilitated by
knowing the setting in which a crime takes place. For example, if you have no idea
where a subject is likely to have put his or her fingers then you may not find a single

fingerprint (Tukey 1977). Similarly, it is difficult to formulate findings using EDA



without domain knowledge. However, Tukey (1977) also states that pictures are of most
value when they force us to see what we did not expect to see. Thus, it seems likely that
people may gain an overview of a data set and begin to generate hypotheses using EDA
with only limited domain knowledge. While then the findings cannot be interpreted in
the specific subject-matter context, an open mind and an interest in the data set or the
application domain may still help learning and building knowledge from the
visualizations. Hartwig and Dearing (1979) argue that basic adherence to the two
principles “openness” and “skepticism” will maximize learning from data through EDA.
Thus, in this study, by comparing the exploratory visual data analysis pursued by users
with varying levels of domain knowledge, we set out to gain an understanding of the

influence of the context knowledge on exploratory visual data analysis.

3.1. Participants

In the user study reported here a total of 20 participants with four different levels of
domain knowledge participated in five focus group sessions. Such workshop sessions
with experts have been shown to be an effective way in eliciting feedback on data
visualization products, for example in exploring landscape and climate change land use
change scenarios (Wissen et al., 2008; Pettit et al. 2011). The four different groups

consisted of the following participants:

e DEI (Domain experts with data knowledge): One group of participants
consisted of the domain experts (three participants, aquatic ecologists) who
collected the data set used in this study. These participants had already analyzed
the data for its original specific purpose, but expressed a general interest in
learning more about what the data could tell them more broadly about common
or unusual fish behavior in the Murray River.

¢ DE2 (Domain experts without specific data knowledge): A second group
consisted of domain experts (three participants, aquatic ecologists) who were not
involved in the data collection process or any previous analysis of the data.
Their interest was in learning generally about fish behavior in rivers.

e NDI1 (PhD students): The third group of participants consisted of PhD students
(two times four participants in two separate focus group sessions) who did not
have specific domain knowledge in the field of river ecology, but did have an

interest in data analysis and/or visualization in general.



e ND2 (Senior researchers): Finally, a fourth group of participants consisted of
senior researchers (six participants) with expertise in data analysis and/or

visualizations in general, but without specific domain knowledge.

Two participants (one PhD student and one domain expert without data knowledge)
have impaired color-vision. The visualizations were not specifically optimized to

account for this.

3.2. Focus groups

Focus groups are small groups moderated to ensure specific topics being discussed by
the group (Grumbein and Lowe, 2010). The focus group methodology was used to
collect qualitative data about how the study participants worked with our four visual
overviews. The collection of data through focus groups has the advantage of being a
less formal setting than a one-to-one interview situation and participants have the

opportunity to build upon one another’s comments.

All participants from a single focus group session belonged to the same group of
participants in terms of level of their domain knowledge. All focus group meetings took
about 60 minutes and were structured as follows. First, the participants were introduced
to the data set, including data collection and original purpose of the data (cf. Section
1.2). The domain expert group was also introduced similarly, even though they
presumably already had this knowledge. Then the four visualizations were shown in
order V1 to V4 and explained (cf. Section 2.2). This introduction took about 10-12
minutes, the difference mainly being caused by the number of questions asked in some
groups during the introduction. For the rest of the time the participants were encouraged
to work with the visualizations, for example, to discuss the visualizations and the data
they showed, talk about any interesting patterns, report any hypotheses about the fish
behavior they would like to explore further, and any suggestions for different

visualizations or tools they would like to use to examine the data set.

During the group discussions any questions asked by the participants was answered by
the focus group moderator if the answer was known. This led to some groups learning
more about the data set than others. Further input included asking the group for

preferences or occasionally pointing them to specific parts of the visualizations to



encourage group discussions. Usually, asking for preferences was enough to keep the

discussions going.

With the participants’ consent, video recording (from a static camera on the table) was
used to capture the participants’ precise statements and to allow for reconstruction of
the knowledge built up through discussion and the use of the visualizations, i.e.,

including participants sketching on the paper printouts of the visualizations.

3.3. Quualitative data analysis

The video recordings of the five focus group sessions were transcribed and then
qualitatively analyzed looking for general comments and insights (i.e., a “nontrivial
discovery”, Plaisant, Fekete, and Grinstein, 2008). The concept of gaining insight
(North, 2006) can be used to measure usefulness. Reported insights can be compared in
relation to quantity, foci, depth, complexity, and relevance of the insights gained, as
suggested by North (2006). However, the collected data revealed that in-depth insights
were rarely reported. This is to be expected given that only static overview data
visualizations where used, rather than interactive exploratory visualization tools, which
would allow more in-depth analysis of data. Thus, a more diversified emerging coding
scheme (Stemler, 2001), inductively developed from the focus group transcripts, was
adopted. To identify the categories detailed below we segmented the transcripts in
statements and grouped them according to their characteristics. In an iterative review
process the categories where refined and condensed by combining similarities and
separating unique characteristics until we arrived at the following seven main

categories:

e Finding: The statements closest to insight were “findings” where people
reported something they saw in the visual overview. Although most findings did
not contain enough depth to be called insights, the ‘findings’ category includes

all findings from superficial ones to complex and unexpected insights.

e Questions: This category comprises two subcategories. One contains specific
questions about the visual overview, the data, and the data collection. Questions
were generally answered if the answer was known. The second subcategory

contains all statements that were phrased as questions but may also belong to



other categories such as findings or improvements (for example, “Do fish skip

zones?” is a finding phrased as question).

e Analysis: The analysis category includes all ideas and suggestions for further
analysis of the same data, for example, together with additional data, with other

visualizations, or other methods and techniques.

o Improvement: Suggestions for improvement of the visualization were often but

not always mentioned together with a problem (see below).

e Problem: Reports of something awry in the visual overview, the data, or with

potential interpretations as a problem.

e (Context: Statements about context information and knowledge. This category
included information provided about the participants’ background, their ability,

or the data set (especially by the experts).

e Preference: Statements formulated either as a positive or negative preference or

comparison for one or more of the visual overviews.

These categories do overlap in some instances, but all statements were only assigned
one category. For example, participants occasionally stated the same aspect as a finding
or as a question. However, even in these cases it was interesting to consider why one
group of participants framed the same idea as question while another stated them as
finding. Suggestions for improvement or further analysis could in some cases be an
indication of a finding. For example, it might represent a finding when a participant sees
a pattern in the visualizations and would like to explore that further by using additional

data or an improved visualization.

Additionally, the statements in the seven coding categories above were grouped as
either being general statements without specific reference to a visual overview; referring
specifically to one of the four visual overviews; or comparing at least two visual
overviews in one statement. The statements were also grouped topic-wise per
visualization and across visualizations. This facilitated the evaluation of which groups
commented on what topic and in what form (i.e., some groups reported findings in a

topic area or suggested improvements implicitly based on findings, while other groups



phrased their findings in the same topic area as questions). The categorized statements
were mainly analyzed qualitatively for their contents and meanings. Additionally, the
qualitative statements were also analyzed quantitatively to gain an understanding of the

approximate density of the discussions in the different participant groups.

3.4 Measuring and validating usefulness

Usability evaluation methods generally require defined tasks and goals based on which
the performance of a system can be measured (Tobon, 2005). Measuring usefulness
when the task is exploratory data analysis—to gain understanding and generate ideas,
with no predefined questions with known right/wrong answers—is more difficult. In
this case, standard measures such as task completion time and task accuracy (Chen and
Yu, 2000) cannot be used. In relation to the seven categories of statements identified in

section 2.5 we define the following analysis structure for usefulness.

e Most importantly, we want to gain an indication of the variety of findings that
were reported and whether participants stated ideas for further analysis. These

aspects can also be roughly grouped into deeper or more superficial thoughts.

e Additionally, we looked at the second question subcategory (findings phrased as
questions) and improvement suggestions. We presume that findings phrased as
questions suggest a lack of trust in one’s own findings. Potentially these indicate
missing context knowledge that would allow evaluation of the finding. The
suggestion of improvements to the visual overview may stem from a finding in
that participants would like to explore further. However, suggestions for
improvements can also be made purely based on preferences or features of
visualizations seen elsewhere (e.g., change colors or add interaction
possibilities) without a specific desire to follow up on a finding. Differentiation

between these two types of improvement suggestions can be difficult.

e Finally, problem, context, or preference statements can also indirectly include

findings and new ideas although this is more rare.

In analyzing and finally reporting the results in the following sections a “thick”
description approach (Geertz, 1973) has been employed. The statements were

aggregated per participant group and topic, but detail about the content of the statements



and the level of context knowledge of each participant group was maintained. The
framing of statements as belonging to one of the above-defined categories gives
information about how the context knowledge influenced the participants’ work with

the visualizations, and thus the reported results.

Most of the analysis was completed on the encoded participant statements. The
approach of using thick descriptions allowed as much context information as possible to
be kept and finally summarized in the results sections. However, the findings and
interpretations were then also cross-validated with the help of the original participants’
statements from the video transcripts. This ensures that the subtleties of the original

discussions and statements were not lost through the coding and summarizing process.

4. Data analysis and results

The following subsections summarize the results of the qualitative data analysis. We
have endeavored to retain as much content as possible. However, in the interests of
brevity, the reported content was selected with a view to minimizing repetition and in

the context of discussion depth and relevance to the participant groups.

4.1. General statements

The domain expert group with data knowledge (DE1) discussed the visualizations most
intensely (with on average most relevant statements per participant), followed by the
domain experts without specific data knowledge (DE2). The PhD students’ (ND1) and
the senior researchers’ (ND2) discussions of the visualizations resulted in a similar but
smaller numbers of statements. Figure 6 compares the average numbers of statements

per participant between the different participant groups.

DE1: The participants of group DE1 were most interested in the data analysis. This
interest was manifest in that they looked for out-of-the-ordinary movement in
environmental contexts, such as high water flow. Their stated aim was to learn more
from an already well-known data set. They tended to restate and reconsider their
knowledge about the data, the data collection process, and their previous analyses.
However, they often dismissed their findings and interesting aspects of the
visualizations they reported by, for example, belittling it or citing context information

that makes it seem unlikely.



DE2: The general statements of group DE2 were mainly questions about the
characteristics of the data. They commented on their difficulty in effectively working
with the visual overviews as they felt they did not have enough background knowledge
about the specific data set. However, they were generally interested and did see patterns
in the visual overview. They stated they would like to explore the patterns further, for

example, by linking them to ecological or biological facts.

ND1: The participants of group ND1 had very few questions or comments about the
data and data collection in general. As described in the sections below they queried and

discussed the data and its collection in relation to specific visual overviews.

ND2: The general statements of group ND2 were mainly questions targeted at learning
about the data, the data collection, environmental contexts, and the original purpose of
the data as well as specific research questions. Group ND2 wanted to add contextual
information, such as additional environmental data sets, to all the visual overviews
without giving specific information about how and why to do so. ND2 was the only
group stating that visual data mining is “hard work,” and especially so as no specific
questions needed to be answered. They remarked that it is difficult to show all the data

in one view and that there is always suppression of some aspects.

4.2. Visual overview V1

DE1: DEI participants did not see anything new in V1. They had worked with a similar
data layout already and could relate what they saw to their contextual knowledge about
the fish and the data capture. DE1 participants remarked on the arbitrariness of the
colors (which they had originally chosen). However, they did point out some interesting
aspects in the visualizations but again discarding it as not important or as a visual
artifact; for example, the thicker lines that may be visible when two fish are at the same

time in the same river zone.

DE2: The DE2 participants used V1 to learn about the data set and reported their
learning mostly as findings. They identified some problems, such as the line ordering,
the large number of zones, and the resulting surfeit of different colors. DE2 participants
argued that V1 was a dense display that is hard to follow and extract movement or

patterns. They misinterpreted that the number of fish increases over time.



ND1: The ND1 participants learned about the data set and the data collection. Their
findings were mostly framed as questions. They discussed extensively the problem of
visual impression, for example, the effect of different colors or the dense arrangement
of lines. The participants found that the encoding of space through colors was not

optimal, and found information about fish movement difficult to extract.

ND2: The ND2 participants used V1 to learn about the data and reported their process
either as findings or questions. ND2 was the only group reporting, based on V1, that
fish were mostly stationary, i.e., lines do not change color often. But the ND2
participants also reported that the colors were not ideal and that it was difficult to follow
the lines. They stated that the ordering of the lines could potentially cause problems
through resulting visual artifacts that could lead to misinterpretation. The participants
suggested several improvements, such as a more detailed time axis, ordering, zooming,
or highlighting, but cautioned that interaction may not be useful because data is

unstructured.

In summary, the participants across the groups reported the strengths of visualization
V1 as including: enabling learning about the data set (especially about the fish tagging
events), when batteries expire, the number of fish over time, and fish location; that it
contained the most dense data; and that it was easily understood. The main reported
weaknesses included: that the river was subdivided into too many zones; the color
encoding for those river zones was not optimized; and information about movement was
difficult to extract (to do so single horizontal lines needed to be followed and each

color-change noted).

4.3. Visual overview V2

DE1: DEI participants noted many findings about seasonal patterns and how these
relate to the knowledge they already had about fish and the data set. They questioned
patterns that to some degree contradicted their previous knowledge. DE1 participants
found new interesting patterns, but cautioned that they had not investigated those
previously, and that those patterns might also have been found using other methods.
DE]1 participants asked for improvements in relation to previously used visual
overviews (e.g., showing single fish or groups of fish) and proposed ideas for exploring

the data further (for example. overlaying environmental context data). This indicates it



could be advantageous to combine geographical visualization techniques with the visual

overviews developed in this research.

DE2: Participants of DE2 worked most intensively with V2 and reported many findings
in relation to seasons or specific events, such as floods. The participants stated they
would like to explore those findings further, for example, by overlaying additional data

or being able to highlight data or mark seasons.

ND1: ND1 participants identified patterns in V2 and tried to find some explanations for
these patterns based on their limited domain knowledge. The participants in ND1
suggested further explanations for the patterns, for example, calculating correlations for
seasonal patterns over the years. They expressed the view that it was not obvious what
might be a visual artifact and what might constitute an interesting fish movement
pattern. The group’s suggestions for improvement included the overlay of single or

group of fish and the encoding of the density of movements.

ND2: Participants of ND2 found some seasonal patterns in V2 but remarked that fish
are mostly stationary. They also tried to find some explanations based on their limited
context knowledge. The group did not suggest improvements, but did question the

usefulness of the visualization for showing interesting information.

In summary, the subjects reported as strengths of visualization V2: that it focused on
movement; and it allowed the analysis of movement patterns over time, for example,
seasonally. By contrast, the subjects reported as the primary weaknesses of V2: that the
visualization was missing information about the direction of movement; that the linear
arrangement of river sections did not exactly correspond to the tree-like structure of the
river, potentially leading to visual artifacts; that the density of moving fish was difficult

to judge; and that additional layers of contextual data could be useful in enabling EDA.

4.4. Visual overview V3

DE1: DEI participants, influenced by previous research questions, examined the bars to
learn about net gain/loss of fish in the river zones. They stated they would like to see net
gain/loss directly and also to see proportions of fish represented. The group identified
that movement to adjacent zones was prevalent, as would be expected, and thus did not

examine this information further. The participants said that the visualization looked



easy to understand, but matching the colors was tricky (they suggested that a flow chart
might help). They also observed that the different colors together with bar length

evoked different impressions of importance.

DE2: DE2 participants mainly identified problems or had questions, especially in
connection with the color usage, the suppression of time, and the direction of the bars.

The participants suggested adding time and changing the visual encoding of the data.

ND1: ND1 participants reported that fish movement was mainly between adjacent zones
and interpreted the bar directions as indicating movement direction. The ND1
participants also suggested adding time to see seasonal or yearly patterns and to
generally avoid color. Using the visual overviews, the participants made the finding that

some fish were skipping zones.

ND2: The ND2 participants asked for the visual overview to include net gain/loss or
proportions of fish. The participants in ND2 thought that the color choice was
problematic as some colors were too prominent or could be misinterpreted. They
commented that time was suppressed, bar angles did not indicate movement direction,
and the river layout was not to scale. ND2 participants also found that fish skip zones
and remarked that they did not have enough context knowledge to analyze the data

represented.

In summary, the groups identified the following strengths in visualization V3: that it
offered information about spatial location even though it was schematic and not to
scale; that it was easy to understand and made fish skipping zones visible; and that it
suppressed time. The main weaknesses identified by the groups included: that it seemed
too simple; did not contain enough information for in-depth analysis; and that it

suppressed time.

4.5. Visual overview V4

DE1: DEI participants took some time to understand this visualization but then worked
intensively with it. In particular, the group identified the symmetry of up and
downstream movements and the patterns of fish movement beyond an adjacent zone as
interesting. The participants stated that they would like to filter the fish data, zoom in, to

add time, and to add additional environmental data in order to learn what may be the



cause of long distance movement. The participants also found the visualization

somewhat difficult to read, as the river system is not completely linear.

DE2: Participants in DE2 also remarked on the symmetry of up and downstream
movement. They remarked that there seemed to be progressively darker shading (more
fish) towards the center of the visualization, something that they argued should be
explored further. The participants found that the visualization easily showed the whole
data set and allowed exploration of fish movement between zones. They also identified

that time was suppressed and that the river system was not completely linear.

ND1: ND1 participants found a balance between up and downstream movement. They

suggested adding proportions or calculating the correlation of the symmetry.

ND2: Group ND2 looked at this visualization but did not discuss it. They spent most
time discussing the other visualizations. ND2 participants only remarked upon the

suppressed time in V4.

In summary, the groups’ comments on visualization V4 highlighted the following
strengths: that the visualization focused on movement from one river zone to another;
and it allowed judgments about net gains/losses through the a/symmetry of the display.
On the other hand, the groups identified the following weaknesses: that the tree-like
structure of the river system was mapped to a linear structure; and that time was

suppressed.

4.6. Misinterpretations

A prominent issue discovered in the groups’ statements was the lasting impression of
misinterpretations of the visual overviews. For example, in visual overviews V1 two
groups, domain experts without data knowledge (DE2) and PhD students (ND1),
initially reported that it looked as if there were more fish tagged towards the end of the
six-year monitoring period. In fact, as the participants were informed in response to this
observation, the number of tagged fish was lower in the first year; but was similarly
high for all the following years with some seasonal variation. However, the idea
persisted and came up again in the discussion of visualization V2 as well as
occasionally for V3 and V4. Additionally, the two color-vision impaired participants

became interested in the idea of the bar directions in visualization V3 being meaningful,



even though bar directions did not indicate direction of movement. Since those
participants have difficulties interpreting color, their reaction of assuming meaning in
another encoding is sensible. However, it is problematic if false interpretations persist
with the user. It remains an open question as to how to follow up on findings to

overcome such apparently valid but incorrect impressions.

4.7. Summary and preferences

Comparing the relative numbers of relevant statements (as per coding scheme, cf.
Section 2.5) per visual overview type and participant group (see Figure 7) we found that
the four groups used the different visual overviews with varying intensities. DE1
participants made only minimal use of V1, a visual overview similar to one they were
already using. But the two groups without domain knowledge (ND1 and ND2) more
heavily used V1. These participants reported that it helped them in getting to know and
understand the data set better. V2 seemed most popular with the data and domain
experts (DE1 and DE2). These participants saw patterns in the fish behavior and either
related them to their knowledge (DE1) or suggested further analysis (DE2). V3 was
similarly popular with all groups, with the spatial layout of the visualization being
commented upon especially positively. DE1 made most use of V4 while ND2 almost
completely ignored it. It should be noted, that all groups were introduced to the visual
overviews in the same order (V1 first, then V2, V3 and V4 last) and often, but not

necessarily, discussed the visual overviews in this order as well.

The differences in usage were to some degree also reflected in the participant groups’
preference statements, but were also contradicted in some cases. DEI participants
commented that V2 was easier to read than V1 and that movements from/to river zones
were better grasped from V3 (easy, quick overview based on spatial layout) than from

V4. However, they stated a strong positive preference especially for V2 and V4.

Group DE2 found V3 and V4 easier to read and follow than the others but also stated
that the usefulness depends on the questions being asked, as those visualizations
suppress time. The results indicated that V1 was only moderately useful for general
information. The participants identified that V1 was the only visualization that did not
focus on the most interesting information (the movement of fish). This movement

information was regarded as most useful for answering biological questions. DE2



participants stated they would use V1 for getting an overview, but then work with V2
and V4. But V3 was positively commented upon for its potential use for communication

purposes to a wider audience.

Participants of ND1 had similarly strong preferences for V1 (quick overview, most data,
but somewhat difficult to read and potentially not so useful), V2 (focus on movement),
and V3 (spatial layout, easy to read). V4 got mixed preference statements from ND1
participants, interestingly the visualization was easy to understand, but did not help to

identify patterns.

Group ND2 had mixed preferences for V1. These participants argued that V2 was
useful as a starting point to learn about the data and its density, but it was
overwhelming. The ND2 participants had a strong negative preference for V2 (seemed
complex and not useful). They also tended to judge V3 negatively as easy to use, but
not containing much information. The participants thought the impression of movement
evoked by V3 was not reflected in V2, where most fish seemed stationary. ND2 stated
they would like to use other means to explore and explain the data further (without

giving more details about specifically what means).

As described in section 2.1 the visual overviews were not specifically optimized. The
results suggest that the importance of the different data encodings used in the four
visualizations varies between the groups. While, for example, the PhD students (ND1)
discussed problems with the colors in V1 and V3 extensively, the data experts (DE1)
only mentioned that they were familiar with those colors, although other colors could be
used. Similarly, for other visual encodings, including the bar length and direction in V3
and partial linear ordering of river zones in V2 and V4, some participants commented

on them, others did not appear perturbed.

5. Discussion and conclusions

All the visual overviews received strongly positive preference statements from at least
one group: each type is apparently useful for answering some questions, learning about,
and interpreting different aspects of the fish data set. However, we interpreted from our
results that visual overviews are different in their usefulness according to degree of

expertise found. More specifically:



Visual overviews were especially useful for the domain experts without specific
data knowledge (DE2). This group reported hypotheses, engaged strongly with

the visual overviews, and proposed ideas for further analysis of the data.

Visual overviews were also useful for the PhD students (ND1) albeit for slightly
different reasons. Some of their “findings” related to the specific characteristics
of the data set or the data collection that they did not previously know about.
However, they also reported findings about fish behavior (the same or very

similar as the ones reported by the domain expert groups).

The visual overviews were to a lesser degree useful for the data experts (DE1).
Although this group was highly motivated to learn more about the data, engaged
with and discussed the visual overviews most intensively (cf. Figure 6), they
always instantly compared everything they identified with their existing context
knowledge. DE1 participants seemed to have difficulties in accepting or
exploring aspects of the data that did not directly relate to their current context
knowledge even if that exploration might potentially extend their knowledge —
an explicit goal of EDA.

The visual overviews were least useful for the senior researchers in this study
(ND2) in terms of gaining insight into fish behavior. However, ND2 participants
engaged with the visual overviews to learn more about the specific data set, the

data collection, and potential questions that should be answered.

From these results, we concluded that visual overviews have two distinct areas of
usefulness: 1. insight and hypothesis formulation, and 2. learning about the data itself

and data collection.

5.1 Insight, hypothesis formulation, and expertise

Thus, contrary to the expectations as raised by Tukey's (1977) proposition of the
importance of domain knowledge in EDA, the results of the data experts (DE1)
indicated that detailed knowledge about a specific data set can limit a participants’
openness to visual exploration. Even though the data experts were explicitly interested
in learning more about the data set, they were either hindered by what they already

know about the data or were not convinced in using visualizations to support EDA.



By contrast, the domain experts without data knowledge (DE2), as well as to a lesser
extent the PhD students (ND1), used the visual overviews to gain insight into fish
behavior and to develop hypotheses for further analysis of the data set. The levels of
context knowledge for these two groups were markedly different. The domain experts
were certainly more confident in their findings, since they could relate them to domain
knowledge. However, the PhD students reported many similar hypotheses and ideas for
further analysis. Both groups frequently commented upon patterns and distinctive
features in the visual overviews. The PhD students used these comments to ask

questions, while the domain experts brought in their context knowledge.

This raises further research questions into what visualization tools, if any, best support
data experts in EDA. It might be helpful to data experts to design visual overviews that
are richer in content, possibly interactive and multi-layered. Another approach would be
to not make it immediately clear that the experts are viewing their own data. In this
way, the experts would need to look for patterns or distinctive features in the
visualizations first in a “context free” fashion. Only later would visualizations then
promote experts bringing in their context knowledge. The observation, that the data
experts discussed most findings and suggestions with V4, potentially supports this later
idea. The data experts took some time to understand the visual overview, as it was
completely new to them. But after familiarization the data experts started looking at

patterns and discussing different explanations.

In short, we believe there may be value in visual representations of data that enable
experts to approach their own data with naive, fresh eyes and visualization techniques
which allow a richer exploration of the data should be further investigated. As reported
by Cartwright et al., (2007) different visualizations may suite different users so it is
perhaps not surprising that visual overviews are not equally preferred by all

participating groups.

5.2 Learning about the data itself

Additionally, the PhD students (ND1) and especially the senior researchers (ND2) used
the visual overviews intensively to learn about the data itself and the data collection
process. The visual overviews seemed to provide them with an engaging means to learn

about metadata.



However, the visual overview’s usefulness for effective metadata communication in
different application settings needs further research. The apparent usefulness in this
study could have been facilitated by the focus group methodology where the group

moderator answered questions regarding the data and data collection.

5.3 Future work

Our results indicate that analysis by non-experts has the potential to result in new
insights into the data. It is a matter for further research to ascertain whether in-fact these
insights would only educate naive users in trends that the data experts already know

about, or would lead to truly new knowledge.

Additionally, we conclude that data experts may require either more sophisticated
visualizations that include interactivity and contextual information such as geography
and environment layers or visualization designs that initially hide the data context to

allow them to see their data with fresh eyes.

Another option would be to use a larger number of visual overviews with randomized
visual encodings based on the structure of the data. This may lead to increased visual
artifacts in visual overviews, and thus require strong adherence to the “skepticism”
principle of EDA (Hartwig and Dearing, 1979). However, over the course of using
several visualizations and re-checking findings, such an approach may help data experts
gaining insights from their data. Importantly, it may also provide a means to overcome

the problem of lasting impressions of misinterpretations (cf. Section 4.6).

The visualizations tested in this study were all static. Additionally, after hypotheses
generation the testing of those with further visualizations and interfaces would be a
natural next step. Some participants noted the need for further exploration of the data
especially also by using interactive and connected visualizations. Interactive displays
including overview and detail visualizations offer a variety of opportunities for further

research regarding the usefulness of them.
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Table 1: Visual encodings of the data set dimensions (time, space and fish id) in the four

visual overviews (V1 to V4). The data characteristic — fish movement - is encoded

differently in all visualizations (see last column).

Data Dimension of interest /
data characteristic
Time Space Fish (ID) Fish movement
Vi X-axis Color-coded y-axis Color-changes along
horizontal lines
V2 X-axis Linear Line through Vertical lines
arrangement of space and time
zones on y-axis
V3 Suppressed  Schematic, notto Grouped and Star plot arms
scale map; x-and aggregated, bar
y-axis for relative  length
locations
V4 Suppressed  Linear Grouped and Cell shading/values

arrangement of
zones on y-axis
(origin) and x-axis
(destination)

aggregated, cell
shading/value
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Figure 1. Schematic map of the monitored part of the Murray River and its tributaries.
The river is partitioned into 24 different river zones (a—x) by 18 logging towers

(triangles). Zone n is the dammed Lake Mulwala.



Figure 2. Visualization V1 (minimized to fit page width, zoomed-in inset) showing
location (color-coded river zones) of all fish (randomly ordered fish ids on y-axis)

through time (x-axis)
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Figure 3. Visualization V2 (minimized to fit page width, zoomed-in inset) showing fish

movement (transparent grey lines) between river zones (y-axis) over time (x-axis).



Figure 4. Visualization V3 (minimized to fit page width, zoomed-in inset) shows the
number of fish (aggregated over time) moving from a specific river zone to any of the
other river zones through star plots. The arm lengths of the star plots indicate numbers

of fish while the colors relate to the river zone fish are moving to.
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Figure 5. Visualization V4 (minimized to fit page width) shows number of fish
(aggregated over time) moving from a specific river zone to any of the other river zones
in an origin-destination matrix. The y-axis labels the river zones where fish movement

originates from, the x-axis shows the destination river zones.
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Figure 6. Indication of the average numbers of relevant statements per participant in

each participant group (DE1 to ND2) to gauge discussion intensity. The data experts
(DE1) discussed the visualizations most intensely, followed by the domain experts
(DE2). The PhD students (ND1) and senior researchers (ND2) discussed least intensely

in terms of average number of statements.



40%
30% m Gl

0% | G2
m G3
10%
I G4
0%
V1 V2 V3 v4

Figure 7. Comparison of relative numbers of statements per visualization type (V1 to
V4) and participant group (DE1 to ND2). The differences between the number of
statements of the different participant groups is significant at 99% confidence level (X?

=75.73, df = 12, p-value < 0.001).



