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Abstract—A pressing issue in Visual Analytics is the question
of how to evaluate and compare the tools we create. If the
goal of visualization is to enable insight, it is natural to look
at how well the tools facilitate insight in their users; however,
with insight being a slippery concept to pin down, we instead
focus on a prerequisite to insight: complexity. Building on
the work by McNamara, Bauer, Haass, and Matzen, we have
developed a method for estimating the complexity reduction in an
analyst’s workspace [1]. Further, we show that using Shannon’s
entropy and self-information values to provide a measure of the
complexity reduction (resulting from an analyst’s actions while
sorting the information) can be linked to the knowledge gained
by the analyst.

Index Terms—Visual Analytics, Complexity Reduction, Insight,
Information Theory, HCI, Sensemaking

I. INTRODUCTION

The lack of a standard or baseline for comparing systems to
each other has been a lingering problem in Visual Analytics
(VA). This has been widely recognized, and attempts have
been made to create a standard; however, they are typically
time-consuming to use and plagued by potential validity issues
[2]. Compounding the problem is the tendency to create
evaluations that are geared towards specific visualization tools
rather than addressing underlying user behaviors.

There have been serious efforts made to address this prob-
lem; case studies, known solutions, qualitative feedback, longi-
tudinal studies, simple usability heuristics, and any number of
other techniques have been attempted [3] [4]. Creating metrics
for VA comes with a host of problems. Low-level tasks are
specific and easy to measure, but most analytic workflows do
not use the same set of tasks, or use them in a way that makes
comparison difficult. High-level tasks are, by definition, more
generalizable, but more difficult to measure. The process of
sense-making may involve many iterations of, as Scholtz puts
it, “onion peeling” or “pearl growing” the data, with only small
changes made over time [2]. At the same time, the act of
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analyzing data is a task that spans many higher-level areas of
activity.

This work builds on the paper by McNamara, Bauer,
Haass, and Matzen, applying their ideas to the specific case
of an intelligence analyst organizing documents during the
sensemaking process. Ultimately, we hope to contribute an
expanded understanding of how we can apply a semantically
meaningless engineering approach (information theory) to the
semantically-focused task of sensemaking and clustering, in a
way that links to the understanding users have of the data they
are investigating. Such a connection has potential applications
in both evaluation of new systems, and in supporting the
sensemaking process in real time by providing feedback on
how well a workspace has been organized into semantically
meaningful groups. In this research, we sought to establish a
link between entropy and knowledge gain. In doing so, we
hope to work toward a sensemaking baseline standard that
could help in designing and using future VA tools.

II. MOTIVATION AND CONTEXT

Our work is motivated by the question, Can we estimate
insight generation by measuring the reduction in complexity of
a workspace over time, using information theoretic measures
of entropy and self-information? As mentioned above, this
question stems directly from [1]. However, there are a few
other ideas that also form the basis of this paper.

A. The use of virtual space

At the intersection of technological advancement and the
distributed cognition notion of external representations is the
question of how people make use of virtual workspace. In
2010, [5] looked at how high-resolution displays affected
visual analysis tasks. They found that being able to simulta-
neously place documents in space (physical navigation) while
being able to see both the layout and details of the documents
resulted in very different strategies. The old visualization
mantra of “overview first, zoom and pan, details on demand”
was no longer as applicable—groups of documents were
positioned in clusters on the workspace to show collections
of evidence, and their relationships. This suggests that the
grouping of documents in space create a semantic layer that
adds meaning to the data, and also serves as a medium for



creating complex structures (like clusters). As for the actual
mechanisms involved, the authors note that the large display
became a sort of external, easily-accessible memory, in the
distributed cognition sense; users with the smaller, regular
display were forced to use paper diagrams and notes for the
same purpose.

In related work, [6] dug deeper into the meaning underlying
the user-created clusters in a large digital workspace. They
found that users organized the information into clusters (or
other structures) based on a combination of items within
the data (for example, entities: key people and places) and
their own intuition and external/prior knowledge. At the same
time, the follow-up interviews with participants found that the
clusters created didn’t usually have labels that describe entities
or specific features contained in the clusters—which suggests
users are pulling primarily from their external knowledge when
organizing the workspace. There was virtually no clustering
on the basis of a single term or entity; analysis of the clusters
revealed that the best way to understand why documents were
placed together was through “transitive terms”. These are
terms that occur in subsets of the documents within a cluster,
and act as bridges between seemingly unrelated information.

B. Insight

Ultimately, the purpose behind studying the use of virtual
space is to understand how it facilitates insight. But, there
is disagreement on exactly what ‘insight’ really is. In fact,
[7] points out that insight is an overloaded term—referring to
either the event of understanding, or as a unit of information,
for Information Visualization (InfoVis) and VA practitioners;
alternatively, cognitive psychologists understand insight as the
“Aha!” moment of understanding. For our work, we opera-
tionalize the idea of insight according to [8]. In our view, then,
insight is the result of a deep understanding of complex data—
and, as described by [1], complexity reduction (“separating the
needle from the haystack™) plays a central role in generating
insights.

I1I. METHOD
A. Definitions

Before continuing, it is useful to provide definitions of the
calculations underpinning our metric. Here, we will provide a
brief description of how we are using ideas from Shannon’s
model of communication; for a more thorough explanation
see [9] or [10]. In addition, we provide pseudocode of our
technique, and a short description of metacognition and entity
extraction.

a) Information Theory: Information Theory is concerned
with the technical problem of transmitting messages through
a channel. Messages, in this engineering view of the transmis-
sion problem, can be deconstructed (encoded) into a series
of bits and sent to the receiver who will then reconstruct
(decode) the message. An important thing to understand is
that the encoding and decoding of the message is done using
the same background reference data—both sender and receiver
must have the same knowledge about the underlying data or

decoding will fail. Information theory quantifies information
in bits, and estimates the complexity of a dataset by how
many bits are needed to encode the symbols. For example,
if a message is always “X”, then the complexity is very low.
If instead the message can be any symbol from “A” to “Z”, all
with equal likelihood, the complexity of the message is much
higher. Information Theory (via the Source Coding Theorem)
is also the basis for our understanding of how much we can
compress a message before we start to lose information.

b) Symbol: A symbol is a representation of some piece
of knowledge. These symbols can be defined as anything:
words, individual characters, sets of pixels, or notes in a tune.
Symbols have some predetermined likelihood of appearing, in
the discrete context being examined. The set of symbols, then,
is tied to some specific probability distribution based on the
scope we choose to look at.

# of occurences of symbol x

b # of occurences of all symbols M

In our work, the probability of the word occurring is
calculated with respect to all the other words in the document,
or group of documents. Changes to scope (adding or removing
documents to the group) also changes the probabilities, so it is
not meaningful to say something like “Document Q adds 15
bits of information to the group” —because we’ve changed the
underlying probability distribution for all the symbols, we’ve
changed the information value of all the symbols. Put plainly,
the probability of the word “the” appearing depends on the
documents in the set—and if you add a new document to the
set, that probability will likely change.

c) Self-Information: The self-information (I5) of a sym-
bol ‘x’ is calculated from how often the symbol occurs in a
set. I, always refers to a symbol in a set.

I, for ‘x’ is calculated as:

1
I, = —logz(pz) = log2(p—) 2
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and can be understood as the amount of information, in
bits, needed to encode a single instance of this symbol in
a message. For example, if a message could be one of five
possible symbols, and all the symbols appear the same number
of times, then p, = 1/5 and the self-information of one
symbol is:

1 1
Iq = — ) = —_—
: 5092(%) loga( 75

) =loga(b) = 2.32 bits  (3)

d) Message: A message is a subset of symbols in a
given context. A message may not contain all the words in
a set, but an unknown message has a chance of containing
any of the symbols. Given that we don’t know the contents of
a possible message in advance, we need to be able to estimate
the expected length (in bits) of a message given the number
of symbols. We can do this with Shannon entropy.



e) Entropy: Entropy, denoted “H”, is a measure of the
average expected length, in bits, of the symbols that comprise
a message; to estimate the size of the message, we will need
to multiply by the number of symbols in the message. Entropy
always refers to a set of symbols. It can be understood as an
indication of the complexity of the vocabulary of a message—
“yes” and “no” are simple, but trying to transmit a chapter of
“Alice in Wonderland” would require much more complicated
vocabulary.

Entropy is calculated as:

n n

H:_Zpi*ZOQQ(pi):Zpi*1092(l_) “4)

i=1 i=1 pi

where n is the number of different outcomes possible. To

estimate a message with N symbols, simply multiply entropy

by N: Hyessage = H * N. In our work, n is the number of
unique words in the set of documents in a cluster.

f) Self-Information of a Message: The self-information
of an entire message is, naturally, the sum of the self-
information for all the symbols it contains. The self-
information of a message is different from the entropy because
it is applied to messages where the contents are known.
For example, we would calculate the self-information for a
message that has 12 symbols from a larger set, and we know
what these symbols are; this would give the exact number of
bits required to code the message. Keep in mind, both entropy
and self-information require that we know the set of symbols
and their frequency.

Self-information of a message is calculated as:

n n 1
Iy == log(pi) = 21092(;1_)
i=1 i=1

where n is the number of words in the message.

As a side note: in these equations, there is the expectation
that the probability of the events occurring are independent.
While the frequency of words in English are not completely
independent, we are treating them as such in our work. Future
work could be done to understand how this impacts our metric.

g) Pseudocode for Metric: Our code for analyzing user-
generated clusters is fairly straightforward, but still most
easily explained with some pseudocode. The randomized score
used for comparison is determined by counting the number
of documents in a user-cluster, placing an equal number of
randomly chosen documents into an empty cluster, calculating
the entropy and self-info metrics (with some MetricValue
function, ‘MV”’) of this temporary cluster, and taking the
average of each metric over a large number of N runs. The
net change for users is the difference between the average of
the random clusters and the user-clusters.

This gives us the average entropy or self-information (de-
pending on the metric value function ‘M V" that we choose) of
a cluster, when the document set is spread randomly between
groups. Though it loops through many times, this only needs
to be done once for every document set—the average should
not change significantly if we choose a large enough number

&)

Algorithm 1 Random average metric value of a user-cluster
Input: UserCluster, DocumentSet

1: MetricSum =0

2: for i = 0; ¢ < N; i++ do

3:  create TempCluster

4:  for each document in UserCluster do

5: select random document from DocumentSet
6: copy document to TempCluster

7:  end for

8:  MetricSum+ = MV (TempCluster)

9: end for

10: Return MetricSum/TotalClusters

for N. With this, we can calculate the net change in a cluster
or set of clusters by simply subtracting the random average
from the MV of the cluster/set. Thus, improvement in our
metric will be shown as a net negative value for a cluster or
cluster set:

Q)

h) Metacognition: In psychology, there have been many
attempts to understand the processes that lead to insight.
Metcalfe and Weibe [11] introduce the ‘feeling of warmth’
and ‘feeling of knowing’ scores, and show that we are largely
unable to predict the “spontaneous” insights—but there was
some predictive power for more procedural proplem-solving.
Durso et al. [12] build on this work, and suggest that while the
flash of insight often occurs without conscious warning, there
is often a long trail of conceptual changes that take place.
While there is considerable variance in how successful we
are at predicting our insights, analysis done by Flemming
and Lau [13] indicates that measuring a simple high/low
confidence condition in repeated trials provides a reliable way
of characterizing individuals’ metacognitive efficiency (how
good they are at thinking about their thinking).

i) Stop Words and Entity Extraction: An important vari-
able that can be manipulated during this phase of our in-
vestigation is our ‘symbol set’, or what words we want to
include when calculating entropy and self-information. Many
visual analytics projects identify the ‘named entities’ found
in documents—things like people, places, dates, and so on—
that form the nodes in the narrative schemes people pull
together during their sensemaking process. With the basis of
our research being built on some notion of “transitive terms’
[6], we want to understand how these entities may relate to
our metrics. To automatically identify and extract the entities
we used the Named Entity Recognizer, part of the Stanford
Natural Language Processing software [14]. In our case, we
use the default model that comes with the Stanford NER
software, which is geared towards English-language person,
organization, and location recognition. As a sort of interme-
diate level between the full text and the extracted entities, we
created a third version of all the documents that has all of the
‘stop words’ removed—for example, ‘an’, ‘while’, ‘because’,
and so on. While this may seem like an unnecessary step

improvement = MYV (user-created) — randomized



when already looking at entity extraction, it has the advantage
of retaining relevant words like ‘explosive’ that might get
removed by the default Stanford NER, while still removing
some of the noise that might be present in the full text of
documents.

B. User Study

To investigate insight, we have conducted a user study.
Leaning on precedent ( [15] [16]), our investigation of insight
used a Think-Aloud approach, and also included a metacog-
nitive measure of participants’ confidence in each move of a
document. The document set is a modified version of an intel-
ligence analyst training dataset (“Sign of the Crescent”), with
distractors and junk documents removed. It also has a known
correct grouping of documents, making later comparisons to
confidence and think-aloud comments easier.

Our study was conducted in the spring of 2018, with a
total of 12 participants. Ten were pulled from undergraduate
computer science courses, and the other two were graduate
students who were passingly familiar with the dataset used
in the study. On average, each session lasted approximately
40 minutes, with 25 spent actually manipulating the groups
and the rest spent on introducing the task or explaining the
details of the uncovered plot. The sessions were filmed in
4K video, from the introduction of the documents to the
participants, until the end of the second round of refinements in
grouping—where participants explained, in as much detail as
they could, their understanding of the terrorist plot described
in the dataset. The setting, shown in Figure 1, consisted of
a small desk with 4 differently-colored folders on top; the
colored folders were chosen both to provide a visual cue to
participants while they organized the documents, and to be
visibly distinct while reviewing the recorded session at a later
time.

Participants were seated with the shuffled stack of 20
modified documents that comprise the dataset, and the 4
unlabeled folders that served as clusters. Each document is
a short intelligence report, listing the date and organization
it was gathered from (CIA, FBI, etc), and has a large num-
ber at the bottom for tracking group membership from the
recording. The documents were randomly ordered for each
participant, and were not readable until the initial session has
begun. Participants were asked to sort the documents into

groups based on their content, with the goal of explaining the
“who, what, when, where, and how” questions surrounding
the terrorist plots. In our prompt we encouraged them to
make use of all four folders in developing their groups, and
asked that with each move of a document between groups
they give some indication of their confidence that the current
document belonged with the existing documents in the group.
While working on this task, participants were asked to both
verbalize their thought process (Think Aloud), and provide
verbal feedback on their level of confidence (high, or low)
on the cluster membership after each move. To reduce the
subjectivity of “levels of confidence” to something that could
be roughly analyzed, participants were directed to use “high”
or “low” to indicate their confidence; in cases where users
habitually slipped into a percentage description, we considered
variations such as “90% confident”, or “pretty confident” to
also indicate high confidence.

The cluster memberships were tracked over time by man-
ual review of the recording, and at the end of the session
participants were asked to summarize the clusters and explain
why they chose the groupings they did. The sensemaking and
grouping process was broken into two time sessions: initially,
users were given 15 minutes to read and quickly cluster the
documents based on incomplete understanding of the entire
dataset. A second, 10 minute period was given to allow them
to refine their groupings based on their new understanding of
the document contents. In addition to the high/low confidence
ratings, these two time periods provide the opportunity to com-
pare our information-theoretic measures to the participants’
understanding over time—rather than relying on the high/low
scale, we can contrast their first-session answers (score) about
the plot to what they understood at the end of the second
session.

Both the initial and refinement sessions were scored, using
a scheme that requires increasing understanding of the plot de-
tails to earn more points. When used flexibly, the scoring sys-
tem allowed us to award points for plot details mentioned both
during the sessions, and during the summaries that followed.
As mentioned, this scheme increased the difficulty of each
point earned; trivial points were earned for correctly grouping
reports on a single plot together, where subsequent points
required explanation of general goals within each group—and
for the maximum of 20 points, very specific details must have
been understood and verbalized. For example, 1 point would
be given for grouping all of the reports related to Amsterdam,
another point for understanding that there was some plot to
bomb something related to shipping, and another point each
for recognizing that they were going to use a dirty bomb, and
were targeting Boston.

IV. RESULTS

We calculate entropy and self-information of each user-
created cluster with equations 4 and 5, respectively. Our
expectation was that the information-theoretic measures will
decrease (show improvement) over time with respect to the
average of the randomly shuffled documents, as described in



Fig. 2. Users’ Score after 15 and 25 Minutes.
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section III-A. We also expected that the think-aloud feedback
and confidence scores would indicate increased understanding
of the document set as the users spend more time with
understanding the plot. However, initial analysis shows that the
metacognitive measure (high/low confidence scores) does not
correlate with the points the participants earn by stating their
understanding out loud. Additionally, reviewing the sessions
reveals that the metacognitive confidence scores also fail to
correspond with meaningful groupings of documents.

The goal of the user study is to determine if the complexity
reductions that we can detect in the workspace correspond
with increases in users’ insight, but with the failure of our fine-
grained measure of understanding, we will instead rely on the
coarse time periods of the initial and refinement sessions for
analysis. These coarse time periods are evaluated with a user
score, which we will compare to our information theoretic
metrics rather than the high:low confidence ratio originally
planned; this change will be discussed in more detail in section
V. These results do show improvement over time: after the
initial session, the average score is 2.3 points (out of 20
possible). After the refinement session the average score is
8.25 points. Figure 2 shows the scores for each participant,
between the two sessions. Two participants completed their
analysis of the documents in only one round, so their sessions
are considered part of the final session group.

As described in section III, there are three ways to treat
the document set—we can use the full text, or remove the
“stop words”, or use only the extracted entities. Here, we use
all three approaches on both the entropy and self-information
scores, and plot the net change in our metric to the score
earned with that configuration of groups.

Our metric values show a strong link between score and
entropy (Figures 3, 4, and 5). The self-information metric also
demonstrates the connection we were looking for (Figures 6,
7, and 8), and the relationship seems to grow stronger with the
better-targeted sets of symbols (no stop words, or just entities).
While the small sample and qualitative scoring system doesn’t
lend to a meaningful statistical analysis, we do consider these
results to support our hypothesis that decreased information-
theoretic metrics correspond to improved insight.

We also found that our method resulted in mutual improve-
ments between the entropy and self-information metrics. Com-
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Fig. 3. Full-Text Entropy Change vs. Score
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paring the net improvement across clusters, there is between a
2.5% to 6.4% reduction in entropy and self-information in the
sorted document groups (shown in Table I). This means, for
example, that the entities-only symbol set sorted into clusters
that were, on average, only 93.6% of the size of the un-sorted,
random clusters. Further, entropy and self-information scores
improve by approximately the same amount for each symbol
set used.

Finally, because we control for the number of documents
in each user-created cluster, we can use this method to plot
the net change in a user’s groups, move-by-move. Starting at
the first instance of a 4-cluster workspace (for consistency of
comparison), we calculate the size of the clusters and show
the net reduction as a percentage of the randomized average.
Our results, demonstrated in Figure 9 for a single participant,
indicate that as participants spend time making sense of the
documents, the entropy of their clusters decreased further with
respect to the randomized average. The large decreases at
the beginning of the process likely stem from the inclusion
of more documents to the workspace—as the users read and
place reports, there is both larger “random average” entropy

TABLE I
9% VS. RANDOM, ENTROPY AND SELF-INFORMATION

Symbol Set Entropy  Self-Info
Full Text 97.6 97.3
No Stop Words 96.4 96.1
Entities Only 93.6 94.9

Fig. 9. Single Participant Entropy Improvement by Move
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AND more similarity in symbols that could drive entropy
reduction. Review of the session video shows that, although
the participant did not verbally indicate strong connections,
there are some non-verbal cues that suggest moments of
insight (excited finger tapping, rapid scanning through other
documents) that happen in conjunction with the entropy-
reducing moves. This suggest that adding documents to the
workspace drives up the entropy, while the consecutive moves
that result from increased understanding drives the entropy
down. These moves also often move documents together in a
way that matches the known solution, so it is tempting to call
these “good” moves. This reinforces the results of the large-
time-step, initial-versus-refinement session analysis described
by Figures 3 through 8.

V. DISCUSSION

Our results demonstrate that the entropy of a user’s clusters
decreases as they group the documents, and that improved
sensemaking scores correspond to lower entropy. This supports
our hypothesis that the measures are linked to understanding,
but it comes with some qualifications. First, we focus on a text-
based sensemaking task, in a workspace with some inherent
affordance of spatial grouping; applications to other domains
need further investigation. More critically, our initial goal was
to link insight, not simply understanding. There is doubtless
a great amount of overlap between these two ideas, but to
actually pinpoint instances of insight is more difficult with
the failure of our metacognitive measure—we must use the
think-aloud results, and hope that participants verbalized their
thought processes well enough that we can identify those
‘Aha!l” moments. Reviewing the sessions, it seems that the
weakness of our metacognitive measure was in the open-ended
nature of our task; users were creating a semantic structure for
the documents, then assigning confidence based on how well
each document fit into their own structure, rather than how
well the grouping helps understand the plot. This means that,
for example, someone may put 15 of the 20 documents into
one pile with high confidence, because they are all FBI reports.

The fact that unusually low net entropy scores can be
achieved by very low-scoring participants (as seen in Figure
3, for example) suggests that our approach must be interpreted
with respect to the semantic meaning created during the



process; an automated system may manage to minimize the
net entropy, but without a human in the loop there may be
no meaning to be gleaned from the groups. This also touches
on the issue of useful truths versus useless truths: a person
might group documents together in a way that is technically
correct, according to a scheme that does nothing to help them
make sense of the information. An example would be grouping
documents by month—it’s correct, but possibly not useful.

There is still much more that can be investigated or im-
plemented. Our intent, when starting this exploration, was
to uncover a method for evaluating visual analytics tools
that could be compared across systems; our research hints
at a solution, but much more implementation and testing is
required before we could claim progress in this area—most
notably, a user study with a much larger set of documents. A
potential application is using cluster compressiblity (entropy)
indicators as a feedback tool for analysts in real time, perhaps
encoded as a visual indication of how well a document might
relate to the existing contents of a group—added to systems
like those by Wenskovitch and North [17] or Endert et al.
[6]. For example, in an interactive VA system like StarSPIRE
[18] or Jigsaw [19], some color coding might be shown
while interacting with objects in the spatial/graph layouts;
moving an object near others could provide an indication of
the relative improvement in complexity achieved by grouping
the objects together. Alternatively, understanding how regions
of a workspace with spatial layouts have their entropy or
self-information change as a person works might be used to
provide feedback to the machine—perhaps suggesting what
documents a user does, or doesn’t, find useful. Or, perhaps
these values can be adapted for use as a weighting metric, to
directly manipulate the layout of the workspace.

Finally, it is worth emphasizing that this work focused
on a fairly narrow range of the visual analytics problem
space. Text-based intelligence analysis is far from the only
task that VA is called on to support, and we feel that there
are potential applications of information theory beyond this
task. As we know, almost anything that can be represented
in a digital format can be compressed and transmitted—to
apply this metric to a domain other than text-based analytics,
we will need to give some thought to what the meaningful
atoms are in a particular representation. Where we use words
as symbols in this exploration, perhaps genes would work
as symbols in another application; in yet another situation,
maybe various color palettes would be appropriate as symbols.
Where we use explicit groupings in folders to define what
constitutes a cluster, maybe the pattern of access would be a
more appropriate delineation in another application. It seems
like a topic full of potential for further exploration.

VI. CONCLUSION

Measuring complexity means analyzing the documents that
an analyst is working to understand, and assigning value to
the contents in such a way that grouping related information
together produces a detectable change. Shannon’s information-
theoretic notions of entropy and self-information provide just

such measures of complexity. We’ve shown that these mea-
sures do change as users sort and semantically structure their
workspace, and we’ve shown a link between the measures and
the users’ performance on a sensemaking task.

Complications with our approach to tracking insight means
we were not able to get the fine-grained look at how a
user’s “aha!” moments (described in [7]) correspond with
our information-theoretic measures. However, if we consider
insight to be the more gradual, knowledge-building process
described by North [8] we show that increases in insight
do correspond with improvements in our measures. Taken
collectively, our work suggests that we can potentially quantify
insight generation via Shannon entropy and self-information
measures.

Put concisely, we demonstrate that the entropy and self-
information values of clusters in a workspace improve as
documents are put into semantically meaningful groups by
users.
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