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Semantic Interaction for Symmetrical Analysis and Automated
Foraging of Documents and Terms
Michelle V. Dowling

(ABSTRACT)

Sensemaking tasks, such as reading many news articles to determine the truthfulness of a
given claim, are difficult. These tasks require a series of iterative steps to first forage for
relevant information and then synthesize this information into a final hypothesis. To assist
with such tasks, visual analytics systems provide interactive visualizations of data to en-
able faster, more accurate, or more thorough analyses. For example, semantic interaction
techniques leverage natural or intuitive interactions, like highlighting text, to automatically
update the visualization parameters using machine learning. However, this process of using
machine learning based on user interaction is not yet well defined. We began our research
efforts by developing a computational pipeline that models and captures how a system pro-
cesses semantic interactions. We then expanded this model to denote specifically how each
component of the pipeline supports steps of the Sensemaking Process. Additionally, we rec-
ognized a cognitive symmetry in how analysts consider data items (like news articles) and
their attributes (such as terms that appear within the articles). To support this symmetry,
we also modeled how to visualize and interact with data items and their attributes simulta-
neously. We built a testbed system and conducted a user study to determine which analytic
tasks are best supported by such symmetry. Then, we augmented the testbed system to
scale up to large data using semantic interaction foraging, a method for automated foraging
based on user interaction. This experience enabled our development of design challenges
and a corresponding future research agenda centered on semantic interaction foraging. We
began investigating this research agenda by conducting a second user study on when to apply

semantic interaction foraging to better match the analyst’s Sensemaking Process.



Semantic Interaction for Symmetrical Analysis and Automated
Foraging of Documents and Terms
Michelle V. Dowling

(GENERAL AUDIENCE ABSTRACT)

Sensemaking tasks such as determining the truthfulness of a claim using news articles are
complex, requiring a series of steps in which the relevance of each piece of information
within the articles is first determined. Relevant pieces of information are then combined
together until a conclusion may be reached regarding the truthfulness of the claim. To help
with these tasks, interactive visualizations of data can make it easier or faster to find or
combine information together. In this research, we focus on leveraging natural or intuitive
interactions, such organizing documents in a 2-D space, which the system uses to perform
machine learning to automatically adjust the visualization to better support the given task.
We first model how systems perform such machine learning based on interaction as well as
model how each component of the system supports the user’s sensemaking task. Additionally,
we developed a model and accompanying testbed system for simultaneously evaluating both
data items (like news articles) and their attributes (such as terms within the articles) through
symmetrical visualization and interaction methods. With this testbed system, we devised
and conducted a user study to determine which types of tasks are supported or hindered by
such symmetry. We then combined these models to build an additional testbed system that
implemented a searching technique to automatically add previously unseen, relevant pieces
of information to the visualization. Using our experience in implementing this automated
searching technique, we defined design challenges to guide future implementations, along
with a research agenda to refine the technique. We also devised and conducted another user
study to determine when such automated searching should be triggered to best support the

user’s sensemaking task.
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Chapter 1

Introduction

The Sensemaking Process describes how people accomplish tasks by finding different
pieces of information and combining them together in a coherent manner. As such, the
Sensemaking Process, as defined by Pirolli and Card [90] and depicted in Figure 1.1, encom-
passes a series of iterative steps that represent the cognitive processes necessary to transform
raw data into a formalized hypothesis. The iteration between these steps reflects a notion of
incremental formalism [106], through which the analyst iteratively defines and refines their
hypothesis. Additionally, these steps can be divided between two main loops: the Foraging
Loop and the Synthesis Loop. The Foraging Loop describes how the analyst searches for
new information, whereas the Synthesis Loop identifies the steps to combine information

into a formalized hypothesis.

The Sensemaking Process can be used to describe a variety of tasks, from uncovering terrorist
plots from different pieces of information, to predicting civil unrest events by cross-referencing
news articles with social media, to journalism professionals determining the truthfulness of a
claim. As such, finding methods to support the Sensemaking Process has far-reaching impli-
cations. However, supporting the iterative nature of the Sensemaking Process as well as the
requirements of both the Foraging Loop and Synthesis Loop impose unique challenges. How
can such iteration and incremental formalism be supported? How can the Foraging Loop
and Synthesis Loop be facilitated? Can these loops be facilitated simultaneously? To put

these questions into context, we focus on the example of journalism professionals investigat-
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Figure 1.1: The Sensemaking Loop as defined by Pirolli and Card [90] is a series of iterative
steps that describe the analyst’s cognitive processes in transforming raw data into a formal-
ized hypothesis. This process is divided between two large loops: the Foraging Loop and the
Sensemaking Loop. To reduce confusion with the term “Sensemaking Process,” we use the
term “Synthesis Loop” to refer to the Sensemaking Loop. (Included under Fair Use, 2020.)

ing the truthfulness of a claim. What does the Sensemaking Process by which journalism
professionals make such truthfulness decisions look like? How can this process be supported?
Since this task involves foraging for information, making truthfulness and relevance deter-
minations about each piece of information, and synthesizing different pieces of information
together, how can each of these parts of their Sensemaking Process be facilitated? These
questions become even more complicated to answer when considering how every journalism

professional will complete their Sensemaking Process differently, mandating any potential



solution to be flexible enough to support many paths to completion.

We continue to use the example of journalism professionals determining the truthfulness
of a claim to help motivate our work. Looking at the broader impacts of supporting such
tasks, we find that riots, strikes, protests, and other instances of civil unrest in cities are
becoming more common in today’s political climate. These instances are fueled by the
media, which can perpetuate fake or unverified news or present news in an inflammatory
manner, thus further escalating such issues. Although efforts like the EMBERS project [91]
seek to predict instances of civil unrest, we can also research how best to support journalism
professionals in their analyses of claims as well as how they reach their decisions on how
truthful or trustworthy such claims are. Such research may reveal new understandings in
how these types of decisions are made. This understanding can then be extended to help
inform, educate, and cause reflection in non-professionals regarding how they themselves
determine the trustworthiness of various news stories. Such empowerment would hopefully
lead people to more accurately judge the trustworthiness of news stories, thus mitigating the

effects of fake, unverified, and inflammatory news.

To support such Sensemaking Processes, especially with large text datasets, the research
area of visual text analytics has uncovered effective methods for visualizing and in-
teracting with text datasets to enable thorough explorations and understanding of the
data [12, 13, 15, 16, 39, 51, 52, 63, 115, 132]. In particular, semantic interaction is
a technique that enables analysts to directly interact with visualizations of complex data
in a natural manner [40, 41]. To accomplish this, semantic interaction reflects notions of
Human-in-the-Loop analytics [42] by combining the computational power of machines with
the analytical and reasoning capabilities of the analyst [12, 37, 41, 102]. Towards this goal,
semantic interaction first captures interactions within the visualization and then interprets

them to determine what is interesting or relevant to the analyst. This interpretation is then
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reflected by learning model parameters through machine learning algorithms to produce an
updated visualization. Such learning is at the heart of semantic interaction; it abstracts the
algorithmic details behind the interaction to allow the analyst to interact with the visual-
ization in a natural manner, thereby enabling the analyst to remain within their cognitive

zone [106].

The inherent complexity of semantic interaction means that the designers of semantic inter-
action in visual analytics systems must determine which visualizations and interactions best
support the analyst’s Sensemaking Process as well as how the system should interpret the
interactions themselves. Such complexity hints at the many facets of semantic interaction
design to explore. Thorough exploration of semantic interaction design alternatives leads to
a natural question of how to model and express the complexity of semantic interaction. Such
a model must include the mathematical algorithms involved in learning new model parame-
ters based on user interest as well as when and how these algorithms are used. However, as
thoroughly described in Section 2.2, no such model or pipeline previously existed to properly

capture this level of detail or complexity.

One example of the many facets of semantic interaction to explore is which portions of
the data to involve in the visualization and interaction techniques. As described further in
Section 2.3, current visual analytics systems for high-dimensional data are either observation-
centric— enabling exploration that focuses on the observations— or attribute-centric— enabling
exploration that focuses on the attributes!. For text analytics, this means that it is either the
documents or their attributes (e.g., terms or topics) that dominate the visualization and are
the primary thing that analysts interact with. However, observations (including documents)

are understood based on their attributes, and the attributes are understood based on the

'In this work, we use the convention of referring to individual data items as “observations” and their
dimensions, features, or variables as “attributes.” A value that a given observation has for a specific attribute
is the observation’s “attribute value.”



observations. For example, how similar two documents are depends on the terms that appear
in them. Likewise, how similar two terms are depends on the documents in which they
appear. This concept indicates a cognitive symmetry between how observations and
attributes are understood. Such cognitive symmetry is also reflected in tasks, including
identifying how different attributes affect the perception of the overall trustworthiness of
news articles (which is a required task when determining the truthfulness of a given claim).
In this example, how similar two documents are in their “trustworthiness” is based on the
attributes of the documents, and how similar the attributes are in their “trustworthiness”
depends on the documents themselves. Thus, enabling simultaneous exploration of both
the observations and the attributes would support this symmetry. However, providing such
support implies a number of design considerations, including how to provide an accurate
projection of both observations and attributes as well as how to leverage a single interaction
to update both projections. Likewise, it is necessary to understand the impact that such
symmetry has on the performance of a variety of analytical tasks, such as the

complexity of insights gained and the speed at which analysts can gain such insights.

Although there are many such facets of semantic interaction to explore, it is equally impor-
tant to understand how different components of a given visual analytics system map
to the Sensemaking Process. Such an understanding would highlight how the analyst’s
Sensemaking Process is being supported and, therefore, how such support could be altered
or further improved. For example, Wenskovitch and North define semantic interaction
foraging for text analytics [125]. This technique is demonstrated in StarSPIRE [12, 37],
which leverages semantic interactions that enable analysts to express desired similarities/dis-
similarities between documents as well as denote information of interest. Based on these
interactions, the system then learns which terms the analyst is interested in. This new

information is used to reproject all documents in an updated visualization. Additionally,
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documents that contain these terms are then automatically foraged and added to the vi-
sualization. This semantic interaction foraging proved to be incredibly effective in helping
analysts uncover relevant information, even when the model for determining which new doc-
uments to recommend was relatively simplistic [125]. However, there were previously no
models that map computational components of a visual analytics system, like this semantic
interaction foraging, to the Sensemaking Process, making it difficult to determine precisely

how systems like StarSPIRE support the Sensemaking Process.

Additionally, no guidelines previously existed for implementing semantic interac-
tion foraging. This gap in the existing literature impedes research into how semantic in-
teraction foraging can be incorporated in visual analytics systems or how to further improve
implementations of semantic interaction foraging. For example, no previous research
explored when automated foraging should occur. Continuing with the example of
StarSPIRE, semantic interaction foraging always occurred after every semantic interaction;
the analyst had no control over this feature. However, the analyst may simply want to
explore the current space for the moment and forage later. In such scenarios, automated
foraging may result in too much information being displayed for the analyst’s current task.
Therefore, it is important to understand how and when the analyst would choose to use
automated foraging techniques in order to have the system better adapt to the analyst’s

Sensemaking Process.

Given these existing challenges, we define our research questions to be:

1. How can we model semantic interaction to capture the complexity of how algorithms

process and learn from the interactions?

2. How can we model symmetry in analytical tasks for both observations and attributes

in the context of semantic interaction?



3. How does such symmetry affect analysts’ time on task, accuracy, and their cognitive
cardinality and dimensionality when performing sensemaking tasks? Are there certain

tasks that symmetry best supports or hinders?

4. How can we model sensemaking in the context of semantic interaction for text analytics,

including the interactions between foraging and synthesis processes?

5. When integrating semantic interaction foraging with these three models to support
text analytics (e.g., journalism professionals determining the truthfulness of a claim),

what are the design challenges for implementing semantic interaction foraging?

6. In a symmetrical system that includes semantic interaction foraging, how and when do

analysts decide to use such automated foraging techniques?

Answering these research questions provides stepping stones towards the larger goal of un-
derstanding how to better support text analytic tasks, such as journalism professionals de-

termining the trustworthiness of a claim.

To explore these research questions, we include here a series of chapters that highlights
each research question in turn. First, we define a new, generalized computational pipeline
to model and capture the complex steps necessary for visual analytics systems to process
semantic interactions (Chapter 3). Then, we develop a mathematical model for symmetric vi-
sualization and interaction techniques to support symmetrical analyses of both observations
and attributes of high-dimensional data simultaneously (Chapter 4). Using a testbed system
developed directly from this model, we study the effect such symmetrical visualizations and
interactions have on analysts’ ability to perform a various analytic tasks, as measured by time

on task, accuracy, and cognitive cardinality and dimensionality? (Chapter 5). Additionally,

ZWe use the same definitions of cardinality and dimensionality as in [103], where cardinality refers to the
number of observations that an analyst uses in their analytical reasoning and dimensionality is the number
of attributes.
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we explore how to model semantic interactions in the context of the analyst’s Sensemaking
Process (Chapter 6). We demonstrate this model through a new visual analytics system for
big text data. The model for this system reflects how semantic interaction foraging for docu-
ments supports the Foraging Loop so that the analyst can remain focused on their Synthesis
Loop. We then combine these different research avenues to develop a visual analytics sys-
tem that encompasses both semantic interaction foraging as well as symmetric visualization
and interaction design to assist the Sensemaking Process when performing text analytics
tasks. This system is used to exemplify how design challenges for implementing semantic
interaction foraging may be addressed. We conclude by using this new system to evaluate
how and when analysts, such as journalism professionals who determine the trustworthiness

of claims, choose to use automated foraging in their analysis process (Chapter 7).



Chapter 2

Literature Review

Here, we focus on the underlying components to this research to identify existing literature
related to semantic interaction, modeling such interactions using pipeline representations,
modeling symmetric interface and interaction design, and modeling how semantic interac-
tions map to the Sensemaking Process. We also discuss notions of automated foraging, which

provides a foundation for semantic interaction foraging specifically.

2.1 Semantic Interaction

Endert defines semantic interaction by the following steps [40]:

1. Capture the interaction
2. Interpret the associated analytical reasoning

3. Update the underlying model

To exemplify semantic interaction, ForceSPIRE was introduced as a text analytics tool that
leverages natural or intuitive interactions, such as highlighting text, to iteratively build a
user interest model centered on terms within the corpus to drive the visualization [41]. Thus,
the system learns which terms are important to the analyst to then automatically update

the visualization. For the example of highlighting text, this interaction would lead to tighter
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clustering of documents based on the highlighted terms. As such, semantic interaction
abstracts model parameters to enable the analyst to remain in their cognitive zone [106],
thereby supporting the analyst’s Sensemaking Process [90]. Additionally, this abstraction
means that the analyst does not have to have a deep knowledge or understanding of the

underlying models in order to interact with the system.

Bradel et al. built upon ForceSPIRE to create StarSPIRE [12], which includes the ability
to perform semantic interaction foraging [125]. Using this automated foraging technique,
analysts are able to see new, relevant documents appear on the screen based on the user
interest model formed. For example, highlighting text in StarSPIRE creates the same update
to the visualization as in ForceSPIRE with the addition of new documents being included

(i.e., foraged) in the visualization based on the highlighted terms.

This broader concept of semantic interaction — in which the system interprets the user in-
tent based on the interaction to then provide an updated visualization — has been used to
develop other interaction techniques applicable outside of text analytics systems. For ex-
ample, Endert et al. developed Observation-Level Interaction (OLI), in which an analyst
can directly manipulate a similarity-based spatialization of high-dimensional data to express
desired similarity and dissimilarity relationships between observations [37]. In response,
the system learns how to update the underlying model parameters to reflect these similari-
ty/dissimilarity relationships and ultimately produces an updated visualization to reflect this
learning. OLI was applied in a visual analytics system for quantitative high-dimensional data
called Andromeda [102]. Through this system, Self et al. demonstrated the power of such
interactions to enable more complex insights [103]. Throughout this work, we focus on these
types of examples of the broader concept of semantic interaction to incorporate related work
in areas outside of text analytics or aside from work that directly cites semantic interaction

techniques [6, 15, 16, 23, 30, 34, 62, 70, 78, 83, 87, 95, 121].
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2.2 Semantic Interaction Pipelines

To fully capture the complexity of semantic interactions, our first research question seeks
to define a new conceptual pipeline that depicts the structure of the feedback loop be-
tween the various data processing components of the semantic interaction-enabled visual
analytics pipeline. We justify the need for such a pipeline by surveying the current state
of commonly-referenced pipeline models in information visualization and visual analytics as

well as exploring the breadth of pipelines used to model existing visual analytics tools.

2.2.1 Existing Pipelines for Visual Analytics Processes

The fields of information visualization and visual analytics rely on computational and visual
pipelines to convert data into visual displays. For example, Figure 1.1 shows the Sensemaking
Process defined by Pirolli and Card. [90], which identifies the different mental processes
involved in transforming raw data into a presentation of a formalized hypothesis. Figure 2.1
depicts both the information visualization pipeline of Card et al. [19] and the visual analytics

task process of Keim et al. [61].

These pipelines model a high-level representation of how raw data is transformed to a final
visualization or presentation and are quite generalizable, but the resulting trade-off is that
these pipelines abstract any details of the mathematical model(s) and visualization(s) into
single nodes in the graph. For example, the emphasis on a high-level abstraction on visual
analytics task processes means that the pipeline defined by Keim et al. does not explic-
itly discuss interaction. Similarly, the focus on the mental processes in the Sensemaking
Process means that mathematical models are not considered in this pipeline. In contrast,
the interactions described in the pipeline from Card et al. represent methods to directly

manipulate parameters of mathematical models, such as slider interactions. While this is
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Figure 2.1: (top) The information visualization pipeline presented by Card et al. [19] does
not specifically model semantic interactions. (Copyright Elsevier 1999.) (bottom) The
visual analytics model provided by Keim et al. [61] provides a high-level overview of the
structure of visual analytics knowledge discovery, but lacks detail in defining how mathe-
matical models are used to interpret semantic interactions. In order to support semantic
interaction, a different pipeline structure is necessary. (Copyright © 2008, Springer-Verlag
Berlin Heidelberg)

interaction, we do not define this to be semantic interaction as no interpretation is necessary
by any model for this interaction; the value provided by the analyst is simply stored and
used. Thus, the precise mechanisms used to process and visualize the data or to interpret
semantic interactions are not adequately captured in either of these pipelines. Looking at
other pipeline representations, such as those presented in a survey of analytical pipelines by
Wang et al. [122], we find the same limitations for semantic interaction tool design. Thus,
these pipelines are insufficient for capturing how to support semantic interaction in visual

analytics systems.

In contrast to these pipelines, Virtual to Parametric Interaction (V2PI) [73] provides a
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Figure 2.2: V2PI [73] is a mathematical representation of semantic interaction. This frame-
work supports the creation of a visualization V. When the analyst U manipulates V' to form
V' via a semantic interaction, this triggers a manipulation of the parameters 6 that influence
model M. The parameterized feedback (F,) represents an inverse process similar to what
is described by the Sensemaking Loop, in which the interaction is interpreted as a set of
updates to model parameters. (Included under Fair Use, 2020.)

statistical semi-supervised machine learning methodology for realizing semantic interaction.
The V2PI pipeline (Figure 2.2) supports interactivity for visualizations and relies on both
proven statistical methods and the analyst’s judgment. In this pipeline, a visualization is
created by processing data and parameters through a mathematical model. This visual-
ization is presented to the analyst to evaluate. The analyst can directly manipulate the
visualization, referred to as cognitive feedback. This cognitive feedback is translated into
parameterized feedback, typically via machine learning, which updates the model through
newly learned parameter values. As a result, a new visualization is created based on the
analyst’s interaction. Given this definition of V2PI, we assert that V2PI appropriately cap-
tures the basics of semantic interaction. However, V2PI only permits the exploration of a
single mathematical model to accomplish such interactions. Thus, while V2PI may be able
to capture simple visual analytics tools which contain a single mathematical model, it is not

capable of representing tools with multiple models, such as StarSPIRE [12].
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2.2.2 System-Specific Pipelines

Semantic interaction tools have become increasingly varied in interaction methods and pur-
pose. To incorporate semantic interaction, some systems leverage the V2PI framework previ-
ously discussed, including ForceSPIRE [41], StarSPIRE [12], and Andromeda [101]. In each
of these systems, the analyst directly interacts with observations in a dimension-reduced
projection of data. These interactions drive a model that learns the relative importance of

the attributes in the high-dimensional data space.

Additional systems also support interacting with a projection, but were not explicitly created
with the V2PI framework in mind. Examples include the LAMP framework described by Joia
et al. [59] and the extension to iLAMP [30], the technique described by Mamani et al. [78],
Dis-Function [15], the technique defined by Paulovich et al. [87], and the system developed
by Molchanov et al. [83]. However, semantic interaction can extend beyond interactions
with projected observations to learn attribute weights. For example, both InterAxis [62] and
AxiSketcher [70] use interactions on observations in the projection to update the axes of the
projection. Intent Radar [95] introduces interactive intent modeling, allowing an analyst to
provide feedback by dragging or clicking keywords, increasing the relevance by moving the
keyword closer to the center or decreasing it by moving it outward in the radar interface.
Moving away from projection-based tools entirely, Podium [121] is a tabular ranking system
in which an analyst reorders rows (i.e., observations) in the table while the tool learns the
attributes important to the current ranking scheme. iCluster [34] provides analysts with the
ability to interactively move documents into clusters, learning the attributes important to
the current clustering scheme. Similarly, ReGroup [6] interactively learns a model of group

membership as an analyst adds members to groups.

Although each of these systems employ semantic interaction, few of the papers offer associ-
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Figure 2.3: A series of pipeline representations of existing systems, including from (A) An-
dromeda [102] (© 2016 ACM), (B) StarSPIRE [12] (© 2014 IEEE), and (C) Dis-Function [15]
(© 2012 IEEE), (D) Piecewise Laplacian Projection [87] (© 2011 The Author(s) Journal
compilation © 2011 The Eurographics Association and Blackwell Publishing Ltd.), and (C)
Mamani et al. [78] (© 2013 The Author(s) Computer Graphics Forum © 2013 The Euro-
graphics Association and Blackwell Publishing Ltd.). We revisit these pipelines in Chapter 3
(Figure 3.3).

ated pipelines to properly capture the complexity involved with the interaction. Moreover,
the pipeline representations are diverse, ranging from high-level abstractions to more detail-
oriented representations. In Figure 2.3, we show a subset of these pipeline representations,
including Andromeda [102], StarSPIRE [12], Dis-Function [15], Piecewise Laplacian Pro-
jection [87], and the pipeline provided by Mamani et al. [78] to describe their technique.
Although the pipelines for Andromeda and StarSPIRE arguably achieve the highest level of
detail to capture the semantic interaction therein, we feel that these pipelines can be im-
proved to focus even more on the mathematical models used to create the visualization and
interpret the semantic interactions therein (which is further explained in Section 3.4). In
contrast, the pipelines for Dis-Function, Piecewise Laplacian Projection, and the technique
by Mamani et al. are high-level pipelines which focus on the general concepts behind how
the associated tools and techniques work. The trade-off in these, just as with the pipelines
by Card et al. and Keim et al., is that the mathematical models used are abstracted away,
making it difficult to determine how the semantic interactions therein are accomplished.

Thus, we see a need for defining a new conceptual pipeline that can capture the complexity
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of semantic interaction in visual analytics systems.

2.3 Symmetric Interface and Interaction Design

Here, we provide a brief survey of interactive visual analytics techniques for exploratory data
analysis with high-dimensional data to highlight a lack of connection and symmetry between
observations and attributes. We directly address this limitation via SIRIUS, as described
in Chapter 4. In the following discussion, we refer to visualizations as simplistic if they do
not incorporate many dimensions, and interactions as simplistic if they result in a trivial

interpretation to change a mathematical model used to process or visualize the data.

2.3.1 Displaying and Interacting with Attributes

The attributes of high-dimensional data are visualized using a variety of techniques, rang-
ing from simplistic (e.g., a raw data table or data matrix [15]) to more complex and in-
formative (e.g., MDS projections [23, 117] or PCA (Principal Component Analysis) pro-
jections [16, 58, 76, 117, 138, 139]). In most cases, attribute visualizations implement a
more simplistic technique like visual encodings such as color [23, 54, 95, 99, 105, 137, 138],
size [4, 23, 95], or labels [4, 16, 63, 95]. Another method is to show the attribute values
for observations along a one-dimensional line [54, 102]. Individual axes in parallel coordi-
nates [54, 66, 133] create a similar visualization of attributes. As the complexity of the visu-
alizations grow, we begin to see visualizations capable of conveying more information, such as
scatterplots [118], histograms [104], heatmaps [15, 133], and polar coordinates [95, 134, 135].
Some visualizations implement a specific method for conveying information with this level

of complexity, such as the arrows used by Brown [16], representing attributes as “magnetic”
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nodes that pull on observation nodes [84, 137], and the “Axis Rainbow” in AxiSketcher [70].
The most complex examples of visualizations for attributes include the aforementioned MDS

and PCA projections.

Interactions with the attributes tend to also be more simplistic. For techniques that map an
individual attribute to an axis, the axis can be enlarged, shrunk, or rotated to alter how the
given attribute influences the visualization [54, 60, 102]. Another method for altering the
visualization of the attributes is to change the color mapping [4]. To see data associated with
a particular attribute, analysts can sometimes hover over or click on nodes [16, 23]. Brushing
and linking can also be used to highlight attributes [118, 138]. Searching mechanisms allow
new attributes to be added to the visualization [95], while sorting enables analysts to easily
find specific attributes [54]. Some techniques also support clustering of attributes [95, 138].
With respect to attributes, there are few examples of more complex interactions, such as
dragging the attribute nodes [84, 95, 137], the focus and context interactions described by
Turkay et al. [118], the update features described by Brown [16], and altering the attribute
values in the aster plot in AxiSketcher [70]. These types of interactions adjust the underlying

visualization mechanisms to update the visualization itself based on the analyst’s interaction.

2.3.2 Displaying and Interacting with Observations

Visualization techniques used to display the observations of high-dimensional data also range
widely in complexity, but they tend to be more complex in comparison to those used to
display the attributes. The least complex of these are raw data [15], color [23, 63, 104,
138], size [23], and lists [95]. Increasing in complexity, we again see visualizations like
heatmaps [104] as well as frequency plots [66], dendrograms [104], and scatterplots [54, 59, 70,

118]. Many visualizations for observations attempt to incorporate all the attributes explicitly
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in visualizations [54, 60, 66, 84, 133, 137]. Examples of implicitly including all attributes
can be seen in scatterplot-like projections of the data (e.g., MDS projections [23, 102], PCA
projections [15, 66, 118, 138], t-SNE [63], and force-directed layouts [4, 126]).

Similarly, the interactions on the observations tend towards more complex interactions.
Simplistic interactions include hovering or clicking on representations of observations to
see the associated data [15, 16, 23, 60, 66, 84, 102, 126] and altering how color is mapped
in the visualization [23, 99, 104]. Common, but still simple, interactions such as filter-
ing [60, 84, 104, 133, 138], searching [16, 133], and brushing and linking [15, 16, 104, 118, 13§]
are often included. However, many visualizations for the observations enable direct manipu-
lation of the visualization itself, such as how the attributes are used for the axes [54, 60, 104],
manipulating the projection to alter an underlying mathematical model [15, 59, 102], select-
ing the clustering algorithm used or at what level clustering occurs [104, 138], manipulating
how different attributes influence the visualization of the observations [4, 84, 102, 126, 137],
drawing lines through the visualization to redefine the axes [70], and using a lens to separate

groups of observations [63].

2.3.3 Projecting Attributes and Observations

Although at first glance it may appear that techniques such as the Data Context Map [23],
Dimension Projection Matrix/Tree [138], and the visualization defined by Turkay et al. [118]
provide symmetry in how observations and attributes are visualized and interacted with,
there are important differences in their visualization methods, interaction methods, or both.
In the Data Context Map [23], observations and attributes are plotted in the same MDS
projection. Such a projection enables insights regarding similarity-based relationships be-

tween observations and attributes while contextualizing the projection of the observations.
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However, the tradeoff is that this technique necessarily distorts either the projection of the
observations, the attributes, or both. This distortion is caused by the fact that each addi-
tional piece of data plotted in an MDS projection influences the projection of all other data.
Therefore, the observations and/or attributes can appear more or less similar than what
they actually are. Furthermore, the interactions for the Data Context Map focus on drawing
contours around observations based on ranges of attribute values; there is no interaction to

draw contours based on ranges of observations.

As for the Dimension Projection Matrix/Tree [138], both observations and attributes are
visualized using PCA projections. However, the observation projection can be split into
multiple projections based on specific subsets of attributes, whereas the attribute projection
always remains a single projection. Additionally, the projections of the observations are given
colored axes based on their corresponding subset of attributes; such information about the
observations is not provided in the attribute projection. Thus, while this visualization and
the interactions therein enable exploration of how attribute subspaces affect projections of
the observations, the obvious tradeoff in this technique is that such exploration of observation

subspaces is not supported.

Lastly, the visualization by Turkay et al. [118] provides three scatterplots: one for observa-
tions using one attribute for each axis, an observation projection using two principal com-
ponents, and one visualizing attributes using their mean and standard deviation. Despite
observations and attributes being displayed in separate scatterplots, the manner in which
each portrays information is inherently different, meaning these projections do not have a
strong symmetry. Additionally, interactions include brushing and linking between observa-
tions selected in the first scatterplot and associated data in the other two scatterplots, as well
as focus and context interactions based on selected attributes in the attribute scatterplot.

Thus, the interactions for observations are very different than those for attributes, creating
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further disparity between observations and attributes. Therefore, while this visualization
technique enables deep exploration of the observations, the tradeoff is that such exploration

for attributes is not well-supported.

Given the above discussion, attributes are generally treated very differently than observa-
tions, yet many tasks that analysts have regarding attributes are symmetrically similar to
those regarding observations. Therefore, there is an opportunity to explore a new part of the
design space of semantic interaction in visual analytics in which observations and attributes
are displayed and interacted with in a symmetric and interconnected manner. Thus, we pro-
pose a new, symmetric exploratory data analysis technique for visualizing and interacting
with both observations and attributes of high-dimensional data called SIRIUS, detailed in

Chapter 4.

2.4 Modeling the Sensemaking Process with Semantic

Interaction

Our approach for modeling the Sensemaking Process [90] with semantic interaction [40] is
designed from a synthesis of the following concepts from the literature and advances previous

work in this area [12, 41, 101, 126].

2.4.1 Information Synthesis

A variety of visual analytics systems incorporate various synthesis models, including network-
based synthesis [79, 115], entity profile synthesis [10], spatial synthesis [38, 62], and interac-
tive clustering [96]. We focus this discussion on spatial synthesis, in which space is used to

represent the cognitive model of the analyst. This often takes the form of a “proximity ~
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similarity” visual metaphor, in which similar documents and data points are displayed near

each other while dissimilar items are positioned at a distance.

Previous studies have shown that human analysts often make use of physical space to or-
ganize and synthesize text data [8, 38, 94]. Such synthesis techniques have been imple-
mented in a variety of systems. For example, Analyst’s Workspace [7] supports a manual
approach for spatial synthesis of documents, whereas ForceSPIRE [41], StarSPIRE [12], and
BigSPIRE [13] add computational support to assist with the spatial organization. However,
these methods were based on heuristics. Building on lessons learned from these existing
techniques, systems such as Andromeda [102], SIRIUS (from Chapter 4), and InterAxis [62]
use a semi-supervised machine learning approach for spatial synthesis. We leverage a sim-
ilar approach in Cosmos (described in Chapter 6) to enable the interactive positioning of

documents within a visual display in a statistically valid and data-supported fashion.

2.4.2 Information Foraging and Retrieval

Many foraging models have also been developed for information retrieval. These include
techniques such as simple keyword search foraging, creation of user interest models [12, 95],
data-based dynamic query expansion [91], query-by-example systems [9], and recommender
systems [92]. The foraging system used by Cosmos falls under the user interest model
category. We take a “content-based filtering” approach, in which documents are assigned a
score determined by profiles of the item in question and the analyst exploring the collection
of all items [17]. Past work has shown that these user models can both broaden queries and

help analysts to overcome bias in their foraging process [125].
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2.4.3 Learning through Interactive Visual Feedback

Both the synthesis and foraging processes described in the last two subsections can be learned
incrementally through iterative user feedback as part of a human-in-the-loop [42] process.
To achieve this incremental learning, some visual analytics systems incorporate semantic
interactions [39], emphasizing a contextualized feedback loop between the system and the
analyst. While methods implemented in past text analytics systems [12, 41] make use of
semantic interactions, the learning process implemented in those systems is heuristic. To

scale up the benefits of semantic interaction, more rigorous modeling is needed.

Visual analytics frameworks such as V2PI [73] and BaVA [56] offer a potential solution to
this modeling challenge. For example, Andromeda [102] provides analysts with the ability
to interactively steer weighted multidimensional scaling (WMDS) projections of quantitative
data. Analysts position a subset of the observations in the space to communicate desired
similarity relationships to the system. Andromeda uses those positions to learn a distance
metric that is applied to the full projection. This technique for manipulating projections
is referred to as observation-level interaction (OLI) [37, 101] and is characterized by the
learning step undertaken to generate the distance metric. In other words, the analyst’s
intent is inferred from his or her interactions, leading to a learned parameter change in the
system. This is in contrast to parametric interaction (PI), in which the analyst directly
communicates a desired parameter change to the system [101]. In Cosmos, we adapt these

methods to support text data.
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2.5 Supporting Automated Foraging

In this subsection, we describe how automated foraging techniques, such as semantic inter-

action foraging (SIF) [125], can benefit the analyst’s Sensemaking Process.

2.5.1 Supporting the Sensemaking Process

The Sensemaking Process [90] is a cognitive model that describes the process of incremen-
tally formalizing [20, 106] raw data into a supported hypothesis through a series of iterative
steps. This process is divided into two equal subcomponents: the Foraging Loop and the
Synthesis Loop. The Foraging Loop captures how the analyst finds relevant information,
whereas the Synthesis Loop reflects how the information is combined to develop a final

hypothesis.

In visual analytics, the Sensemaking Process is supported by providing an interactive visual
representation of the data that enables the analyst to explore the given data more quickly,
efficiently, or accurately. In particular, Semantic Interaction (SI) has proven useful in
achieving this goal [12, 37, 95, 102, 124, 126] by leveraging natural or intuitive interactions
to learn how to update underlying model parameters and help analysts in their task [40].
Thus, the analyst does not need to be an expert in any of the underlying models to use the
given visual analytics system, nor do they need to focus on manipulating individual param-
eters of the underlying models directly. As an example, Andromeda [102] affords projection
interactions (PrI)'. This interaction technique enables the analyst to directly manipulate a
similarity-based projection of high-dimensional data to denote desired similarity /dissimilar-

ity relationships between specific observations (i.e., individual data items) based on their

!The term used in [102] is observation-level interaction (OLI) [37, 102]. However, given our leveraging of
symmetrical system design in Chapter 4 and the associated re-terming of OLI to Prl, we follow the convention
of calling such interaction Prl instead.
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attribute values. In response, the system learns weights on the attributes (i.e., dimensions
or features of the data items) to apply on the attribute values of each observation to create
such similarity /dissimilarity relationships. This learning is crucial to performing semantic
interaction foraging (SIF), which acts as a recommender system that leverages the in-
formation learned from SI to automatically forage for new, relevant data on behalf of the
analyst [125]. To our knowledge, only Centaurus, StarSPIRE [12], and Cosmos (described

in Chapter 6) employ SIF.

As shown in Chapter 4, a notion of symmetrical visualization and interaction design
shows promise in assisting analyses of both the observations and the attributes simulta-
neously. Although this concept is applicable to any high-dimensional dataset, the clearest
example of the usefulness of symmetry can be seen in text analytics. For example, if a analyst
searches for the term “cat,” then documents that mention “cat” should be displayed to the
analyst. Understanding the relationships between these documents relies on their similarity,
which is ultimately defined by their common terms. Therefore, it is also useful to understand
what these common terms are between these “cat” documents (e.g., “cute” and “furry”) and
the relationships between these terms. However, relationships between terms are defined by
the documents in which they appear, highlighting a notion of cognitive symmetry between
observations and attributes. Thus, symmetrical visualization and interactions for both ob-
servations and attributes supports this cognitive symmetry and the desire to understand the

relationships between both observations and attributes.

This technique of enabling simultaneous and symmetric exploration of both observations
and attributes, called SIRIUS (described in Chapter 4), underlies Centaurus (detailed in
Chapter 7). However, Centaurus also incorporates SIF to forage for more documents (i.e.,
observations) and terms (i.e., attributes) based on the analyst’s interactions with the sys-

tem. With the addition of SIF, Centaurus is transformed into a system that performs both
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document and query space modifications that is iteratively constructed and manipulated
based on the analyst’s interactions. We describe how SIF is implemented in Centaurus in
Section 7.2, including by an example analysis in Section 7.2.2. We then use Centaurus to
exemplify how the design challenges for SIF might be addressed in Section 7.3. Additionally,

we begin to explore how to better refine these design challenges in Section 7.4.

2.5.2 Text Analytics Systems

In visual text analytics, a visual representation of the documents, terms, and/or topics is
provided to assist analysts in understanding their data and finding relevant information.
Spatial projections of documents, where the relative proximity of the documents denotes
their similarity, has proven to be a natural and intuitive method for understanding relation-
ships between documents [7], as reflected by the prevalence of such visualization techniques
for text [12, 25, 26, 47, 51, 52, 63, 93, 95, 109, 130]. However, other methods for visualizing
text data have also been leveraged, such as depicting the change in topics over time [67, 123],
similarity and relevance relationships between terms [95], or even categorical binning of doc-

uments [72, 111].

In order for analysts to understand the relevance of documents to their analysis, recommender
systems employ a ranking algorithm. While many ranking algorithms exist (e.g., those
listed by Yang [136]), a simplistic ranking algorithm first represents each document as a bag-
of-words (e.g., term frequency — inverse document frequency (TF-IDF) values) to then apply
a weight on each term within the bag-of-words, thereby creating a vector space model with
TF-IDF weights. As a result, terms that receive a higher weight will have a greater influence
in determining the relevance of a given document [65, 136]. For example, if an analyst

performs traditional keyword search foraging (KSF), the term(s) used in the query would



26 Chapter 2. Literature Review

receive a higher weight, directly resulting in documents containing those terms receiving a

higher estimated relevance.

In many text analytics systems (e.g., [12, 21, 72,95, 98, 111, 123]), only a subset of documents
or terms are displayed. This is because visualizing all documents or terms (e.g., as an
overview of the data [108]) becomes infeasible as the size of the data grows. Not only can
attempting to display big text data result in visual clutter, but it also becomes more difficult
for the analyst to focus only on data relevant to their investigation. Thus, a relevant subset
of such data must be selected to better assist the analyst’s task. Additionally, only displaying

a subset of data has the benefit of enabling a system to scale to larger datasets.

To determine such a subset of data, the same ranking algorithm may be used in conjunction
with thresholds, such as only the top n data may be added to the display or only documents
above a specified relevance threshold may be displayed. Using a top n threshold [12]
ensures that the analyst will not be overwhelmed by too many new data appearing in the
display. A relevance threshold [12] ensures that the analyst is not shown irrelevant or
distracting data. However, a tradeoff in implementing a such thresholds is that the analyst
may feel that not enough data was returned by the algorithm. This issue may be mitigated
by enabling the analyst to ask for more data if desired (e.g., by repeating the same interaction
or clicking a “Forage for More” button). As an alternative, these thresholds may dynamic,
adjusting to the analyst’s need either by enabling the analyst to directly provide input or

by automatically performing such adjustments based on the analyst’s interactions.

In Centaurus, we leverage the information learned from SI to apply a simplistic ranking
algorithm and employ both a top n threshold and a relevance threshold to use in SIF, as
described in Section 7.2. Both SI and SIF are demonstrated in Section 7.2.2. In so doing,
we assert the prowess of SIF in a symmetrically-designed system, even when such simplistic

methods are used, as described in Section 7.5.
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Modeling Semantic Interaction

3.1 Introduction

Semantic interaction is a powerful interaction methodology, allowing analysts to explore and
discover relationships in data [39]. For example, a number of semantic interaction systems
and techniques have been developed that make use of OLI-like interactions [12, 37, 41,
56, 73, 101]. These interactions allow an analyst to continue exploring and understanding
relationships in the data without pausing to manipulate model parameters manually. This
frees the analyst’s cognition to focus on high-level analysis concepts rather than low-level
parameter details [38]. As the analyst continues to perform such semantic interactions, the
system learns more about the analyst’s reasoning, and the visualization incrementally adjusts

to reflect the current data exploration [41].

Though a number of systems that use semantic interactions have been developed, each is
described in a distinct manner to highlight the purpose for which the system was built. Al-
though there are more generalized pipelines to model or describe the concepts behind such
visual analytics systems, such as those proposed by Card et al. for information visualiza-
tion [19] and Keim et al. [61] for visual analytics tasks, they do not incorporate sufficient
focus on the interactions to fully capture the power and complexity of semantic interac-
tion. Thus, it can be difficult to understand how semantic interactions affect the underlying

mathematical models and how these mathematical models work together in a single system.

27
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To address this need for capturing the complexity involved in semantic interactions for
visual analytics systems, we begin by exploring the characteristics of semantic interactions
in such systems. With these characteristics to guide us, we define a new pipeline that can
properly communicate how the visualization is created and how semantic interactions are
interpreted. We then demonstrate this new pipeline’s capabilities by discussing the pipeline
representations for a set of existing systems as well as a selection of new visual analytics
systems. Finally, we discuss other implications of using this new pipeline, such as the
ability to more thoroughly explore the design space of semantic interaction or enable rapid

prototyping, as well as the limitations.

Specifically, we note the following contributions:

1. A review of the necessary components to accomplish semantic interactions in visual
analytics systems (i.e., model composability, inverse computations, pipeline bidirec-

tionality);

2. A new conceptual pipeline that incorporates these necessary components to model

semantic interaction in visual analytics systems;

3. A set of examples demonstrating how this pipeline is capable of modeling semantic

interaction designs in both existing and new visual analytics systems.

3.2 Characteristics of Semantic Interaction in Visual

Analytics Systems

When comparing the characteristics of the visual analytics systems discussed in Section 2.2,

we note that there are several commonalities. Combined with the ideas from the Sensemaking
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Figure 3.1: A representation of our three characteristics for a new semantic interaction
pipeline: Model Composability, Bidirectionality, and Model Inversion. Model Composability
refers to how different mathematical models must work together to produce the desired
visualization. Bidirectionality allows interactions to drive updates to the underlying models.
Model Inversion refers to the pairs of a forward computation with an inverse computation.
The inverse computation supports the translation of semantic interactions into manipulations
of model parameters.
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Process [90], we define three properties as necessary for supporting semantic interaction in
visual analytics systems. Each of these properties map directly to structures required to
represent the complexity involved in modeling semantic interactions in a generalized pipeline

for visual analytics systems.

3.2.1 Model Composability

The first characteristic we identified is that each mathematical model used to process the
data as it works its way to the final visualization has specific input and output require-
ments. This hints at how these mathematical models must be composed to work together
within the pipeline in order to produce the desired visualization. For example, Principle

Component Analysis (PCA) requires numerical high-dimensional data as input to produce
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low-dimensional coordinates as output. Therefore, any models preceding PCA must pro-
duce these high-dimensional data, and any models after PCA must be able to work with
the low-dimensional coordinates as input. As another example, Weighted WMDS accepts
numerical high-dimensional data as well as a set of attribute weights as input to produce
low-dimensional coordinates as output. Thus, while the output is the same as with PCA, the
input requirements have changed. This change must be accounted for in either data prepro-
cessing steps or in a mathematical model that precedes the WMDS model. Therefore, model
composability is a fundamental characteristic of semantic interaction and is represented by

the top row of Figure 3.1.

3.2.2 Forward and Inverse Computations

While the model composability characteristic may seem simple or intuitive, it has important
implications for the structure of a pipeline that captures semantic interaction. For example,
Andromeda [102] uses WMDS to produce low-dimensional coordinates given a set of attribute
weights. However, OLI expands the WMDS model by providing new low-dimensional coor-
dinates from which to learn a new set of attribute weights. Given that the dataset is treated

as a constant, this effectively inverts the WMDS computation.

We find this type of computation inversion common in systems with semantic interac-
tion [12, 15, 78, 87, 102, 126]; it is this inversion which defines the learning or interpretation
necessary to realize semantic interaction. Therefore, we propose that computation inversion
is a required characteristic for visual analytics systems that support semantic interaction.
Thus, our new pipeline must capture both forward and inverse computations for a given
model. This concept is represented by the bottom right of Figure 3.1. Combined with the

aforementioned model composability, this means that each mathematical model must fulfill



3.2. Characteristics of Semantic Interaction in Visual Analytics Systems 31

composability requirements for its inverse computation as well as its forward computation.

3.2.3 Looping Sensemaking via Bidirectionality

Taking the model composability and forward and inverse requirements a step further begins
to imply a required bidirectionality in how the models are used together. In other words,
each model must fulfill composability requirements for both its forward and inverse compu-
tations. Combine this with the fact that the forward computations help produce the given
visualization and the inverse computations help interpret an interaction, then the pipeline
must be bidirectional to support a looping structure. This bidirectional structure can be
seen in both StarSPIRE [12] and Andromeda [102], where each use inverse computations of
their models to interpret semantic interactions is followed by the forward computations to

generate updated visualizations.

Referring back to the Sensemaking Process [90], we see a similar structure between pairs of
processes that allow for information to be progressively transformed. These pairs of processes
allow the transformation to occur in both forward and inverse directions, implying that there
is a concept of looping between these collections of information. Thus, bidirectionality in
a pipeline to represent semantic interaction mimics this natural process of incrementally
building information to generate an output and then reassessing and refining information to
produce a better output. This approach captures the concept of incremental formalism [7,
8, 106] in the cognitive sensemaking processes, in which analysts incrementally improve their
mental models of the data through interaction, and represents that cognitive process formally

as a machine learning process.

However, the Sensemaking Process as well as existing semantic interaction systems [78, 87,

102, 126] also indicate that it is not always necessary to iterate through the entire pipeline
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and all models to generate the desired results. As an example, Andromeda [102] uses the
aformentioned semantic interaction of OLI. When this occurs, an inverse computation is
triggered that determines new attribute weights given a set of low-dimensional coordinates.
However, since all the observations are already visualized, there is no need to pull any
additional data into the pipeline. Thus, there is no need for any new data processing,
meaning processing can skip to immediately recalculating new low-dimensional coordinates
for all observations using the learned attribute weights. In the Sensemaking Process, a similar
concept is represented by the fact that the analyst does not have to go all the way back to
the external data sources every time he/she wishes to refine information. For instance, an
analyst refining an evidence file may only need to reread or perhaps read more of a file that

has already been accessed rather than foraging for a completely new file.

These examples reveal an important feature with respect to this bidirectionality character-
istic: the ability to short circuit the rest of the pipeline when appropriate. This is a key
new feature of a multi-model pipeline not found in earlier definitions [12]. Short circuiting
happens when the inverse computation of a model does not need to send the interaction any
further down the pipeline. Thus, instead of running the entire pipeline, we can short circuit
to skip over unnecessary components of the pipeline, executing the forward computations
beginning with the last model used to perform an inverse computation. From there, other
models that were also updated should also have their forward computations rerun to pro-
duce an updated visualization. While the bidirectionality characteristic is represented in the
lower-left of Figure 3.1, this short circuiting concept is depicted by the upward arrow between

the inverse computation and the forward computation in the lower-right of Figure 3.1.
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3.3 Components of a Semantic Interaction Pipeline for

Visual Analytics Systems

3.3.1 A New Semantic Interaction Pipeline

When evaluating traditional visual analytics models (e.g., Keim et al. [61]), we note that
there is rarely a distinction between different models that may be used in the pipeline. Thus,
model composability is not well-represented in these existing models. Furthermore, while
bidirectionality may be represented on some level, the manner in which the visual analytics
pipeline handles this bidirectionality is not discussed or represented in detail. Additionally,
there is no representation of inverse computations within the models. Therefore, there is a

need for a new pipeline for visual analytics systems that better captures these characteristics

Model, Model, Model,

Forward

| Computation
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Inverse
Computation

Forward Forward

of semantic interaction.
Computation o Computation
N A
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Data
Controller
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Figure 3.2: Our new pipeline for semantic interaction in visual analytics systems, created
from the combination of the three characteristics shown in Figure 3.1. Model composability is
shown through the chaining of a series of models horizontally in the pipeline. Bidirectionality
results from the separated forward (top) and inverse (bottom) paths through the models.
Model inversion is shown through the pairing of a forward computation and an inverse
computation in each of the models. This representation also shows short circuiting arrows
that connect the inverse and forward computations in the Models. The resulting structure
captures how data is transformed into a Visualization and how semantic interactions are
interpreted to update the parameters of the forward computations of the different Models.

Visualization

For our proposed new pipeline, we require properties of the pipeline to map back to the model

composability, model inversion, and bidirectionality characteristics discussed previously. To
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capture these characteristics, we define this new pipeline to consist of three components,
which are further described in the following subsections: a Data Controller, a set of Mod-
els, and the Visualization!. This new pipeline is shown in Figure 3.2. The forward and
inverse computation characteristic is addressed by having each Model represent a set of such
computations. Arrows between Models and other pipeline components indicate how the in-
put and outputs requirements for each component line up?, thereby addressing the model
composability characteristic. The bidirectionality of the overall pipeline is handled through
transitions between these computations, using the forward computations in the projection di-
rection and the inverse computations in the interaction direction to loop through the pipeline
in response to a semantic interaction. Upward arrows between inverse computations and
forward computations of a given Model show when the pipeline short-circuits rather than
iterating through the entire pipeline to interpret a semantic interaction. Thus, this proposed

structure accurately captures the power and complexity of semantic interactions.

3.3.2 Models

As is evident from our discussion thus far, the primary focal point of our proposed pipeline
is the Models. This is because the Models alone must encompass two of the three identified
characteristics of semantic interaction: model composability and model inversion. To cap-
ture the inversion characteristic, each Model consists of a set of computations: a forward
computation that is used to help produce the desired Visualization and at least one inverse
computation that is used to help interpret an interaction by updating the inputs to the for-

ward computation. These inverse computations can come in many forms, including precise

ITo differentiate common terms (e.g., a mathematical model) from pipeline components, we capitalize
pipeline components (e.g., Model).

2 As shown in the pipeline in Section 3.5.2, it is certainly possible to create non-linear pipelines that model
how subsets of models collaborate to handle different groups of semantic interactions.
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mathematical inverses [101], heuristic inverses [126], and probabilistic inverses [56].

The forward and inverse computations of the Model naturally have input and output require-
ments, hinting at the given Model’s composability with other pipeline components, whether
they be other Models in the pipeline, the Data Controller, or the Visualization itself. These
input and output requirements and how they are addressed is implied by how the Model
connects to these other components in the pipeline. In Figure 3.2, this connectivity between
a given Model and other pipeline components is represented by the arrows between these
pipeline components. These arrows therefore represent the process used to both create the
desired Visualization and interpret interactions within the Visualization. However, it is im-
portant to note that while these arrows provide an overview of how each Model is composed
within the pipeline, the specific details of how composability requirements are met are left
to the corresponding text accompanying the pipeline. To help provide more details for these
composability requirements through the pipeline itself, the pipeline can be further annotated.
For example, the arrows throughout the pipeline can be annotated with mathematical vari-
ables used to represent the inputs and outputs of each pipeline component. The trade-off in
doing so is that such annotations may lead to visual clutter or initial confusion as to what

these annotations mean.

Since these arrows represent the processes of Visualization production and interaction inter-
pretation, we begin to note how the bidirectionality requirement is also addressed through
this new pipeline. That is, there are a set of arrows that flow through each Model in the
pipeline in a forward direction to produce the given Visualization as well as a set of arrows
that flow in a backwards direction to interpret interactions within the Visualization. Thus,
the manner in which the Models are represented in the pipeline alongside the other pipeline
components denotes the pipeline’s bidirectionality, thereby capturing this final characteristic

of semantic interaction.
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However, there is an additional nuance of bidirectionality that is also captured within each
Model: being able to short-circuit the pipeline when no further computation is needed to
interpret the given interaction. This is represented by an arrow between the inverse com-
putation of a Model and its forward computation. Referring to our previous example with
Andromeda, OLI does not need to communicate with any other pipeline component. There-
fore, there is no need to send this interaction further down the pipeline, allowing the Model
to short-ciruit. This immediately triggers a recalculation of the low-dimensional coordinates
of the data using the newly calculated attribute weights, enabling the Visualization to update

as soon as possible.

3.3.3 Data Controller

Which Models are supported in a pipeline is highly dependent on the data being used.
Therefore, to better contextualize the Models in the pipeline, our pipeline necessitates a
Data Controller to serve as the main access point to the underlying data that is being
visualized. Its key purpose is to retrieve the raw data and any possible metadata as well as
to transform this data into a form usable to the Models through data preprocessing. Thus,
the Data Controller can enable analysts to view the raw data directly or allow the pipeline to
pull additional data to process and visualize. This means that a Data Controller is specific

to a particular type of data or dataset.

3.3.4 Visualization

Finally, it is difficult to understand or appreciate a Model without understanding the Visu-
alization being used and the interactions enabled therein. Therefore, our new pipeline also

requires a Visualization component. Firstly, the Visualization must define how the output
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Figure 3.3: Using the proposed semantic interaction pipeline shown in Figure 3.2, we can
now model the behavior of existing semantic interaction systems like (A) Andromeda [102]
(©2016 ACM), (B) StarSPIRE [12] (© 2014 IEEE), and (C) Dis-Function [15] (© 2012 IEEE),
(D) Piecewise Laplacian Projection [87] (© 2011 The Author(s) Journal compilation © 2011
The Eurographics Association and Blackwell Publishing Ltd.), and (E) Mamani et al. [78]
(© 2013 The Author(s) Computer Graphics Forum © 2013 The Eurographics Association
and Blackwell Publishing Ltd.).

from the Models is mapped to different visual elements in the Visualization. Additionally,
this pipeline component determines how the visual elements are interacted with and which
Model(s) should be used to interpret this interaction. Thus, an interaction within the Visu-
alization initiates inverse computations in the Models of the pipeline to interpret the given

interaction and produce an updated Visualization.

3.4 Using the Pipeline for Existing Visual Analytics

Systems

With this pipeline structure, we have the ability to well describe the complexity of semantic

interaction in existing visual analytics systems. To exemplify this, we focus on the same
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five visual analytics systems and techniques represented in Figure 2.3. Figure 3.3 shows a
side-by-side comparison of the pipelines provided in the perspective papers for each system
or technique and how to represent each using our newly proposed pipeline. From A to E in

Figure 3.3:

Andromeda [102] provides a scatterplot projection of numerical high-dimensional data us-
ing WMDS. In this projection, the analyst can perform OLI to provide new low-dimensional
coordinates for a subset of the observations. From these observations, new attribute weights
are learned, which are then used to update the low-dimensional coordinates of all the obser-
vations. Both these interactions manipulate the parameters for the WMDS mathematical
model. Therefore, three pipeline components are needed to represent Andromeda using our
new pipeline: a CSV Data Controller, a WMDS Model, and the Visualization. The CSV
Data Controller reads in a specified CSV file of numerical high-dimensional data and nor-
malizes each attribute using z-scores. It also initializes each attribute weight to be 1/p,
where p is the number of attributes in the dataset. Using this normalized data and attribute
weights, the forward computation of the WMDS Model determines the low-dimensional co-
ordinates for each observation. The Visualization component displays the low-dimensional
coordinates and the attribute weight values. The inverse computation then determines new
attribute weights based on the analyst-defined low-dimensional coordinates. At this point,
the pipeline always short-circuits to run the forward computation and determine (and then
display in the Visualization) new low-dimensional coordinates for all observations; the CSV
Data Controller is never needed beyond the data preprocessing steps since all observations

are always displayed, meaning no further computation from the Data Controller is needed.

StarSPIRE [12] provides a scatterplot-like projection for queried text data. Thus, the
analyst must perform a query followed by subsequent queries or interactions in order to pull

documents into the visualization. To represent this process in our new pipeline, four pipeline
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components are needed: a Text Data Controller, a Relevance Model, a Force-Directed Model,
and a Visualization. The Text Data Controller initializes a set of extracted entities from
the document set and ensures each document has an associated TF-IDF value for every
entity. After providing references to the locations of the documents themselves and a set
of entity weights (each initialized to 1/p) the forward computation of the Relevance Model
computes the relevance of all documents according to the current entity weights. Only
the top n documents above a given threshold will be added to the visualization. Thus,
the Relevance Model acts as a query filter for which documents are passed to the Force-
Directed Model. The forward computation of the Force-Directed Model determines the low-
dimensional coordinates of each document passed to it, using the same entity weights to place
similar documents near each other. The Visualization then uses both the low-dimensional
coordinates and the relevance (mapped to node sizes) to display the documents. Semantic
interactions in StarSPIRE can cause the Force-Directed Model and the Relevance Model to
learn new entity weights in their inverse computations. Thus, when the analyst manipulates
the document positions or relevance values, new entity weights representing the analyst’s
interest are learned and then used in the forward computation to update the visualization

accordingly.

Dis-Function [15] displays, among other views, a scatterplot of projected pairwise distances
using PCA. An analyst is able to perform semantic interactions by providing new low-
dimensional coordinates for observations, causing the system to learn new attribute weights
for PCA and reprojecting the observations using these new weights. This behavior is quite
similar to Andromeda, thereby using a PCA Model in place of Andromeda’s WMDS Model

in its pipeline.

Mamani et al. [78] propose a system similar to that of Paulovich et al., though the pro-

jection is based on local affine mappings rather than Laplacian. Still, the basic process of
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sample first and project second remains the same in the forward computations. This means
that the pipeline representation of this system uses a Local Affine Force Scheme Model in
place of the Neighborhood Graph Model described above. However, the process of respond-
ing to semantic interaction also incorporates the inclusion of a new set of samples, thereby
incorporating an inverse computation in both the Local Affine Force Scheme Model and the

Random Sampling Model.

Paulovich et al. [87] present a Piecewise Laplacian projection system in which samples are
drawn from a full dataset, control points are created for each sample, and a neighborhood
graph is constructed for the full dataset. As an analyst manipulates the projection through
semantic interactions, these control points and neighborhood graphs dynamically update.
Using our new pipeline, we can model this process using a Sampling Model to perform the
sampling step and a Neighborhood Graph Model to perform the projection. In the Sampling
Model, the forward computation performs the initial sampling step, which then feeds into
the forward computation of the Neighborhood Graph Model to specify the control points
and project the data. Semantic interactions can be performed by directly manipulating the
projection, causing the Neighborhood Graph Model to learn a new projection through its
inverse computation and short-circuiting to rerun its forward computation. Since there is no
semantic interaction defined that alters the Sampling Model, this model effectively has no
inverse computation defined, highlighting the possibility for additional semantic interactions

to be included in this type of system.
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3.5 Using the Pipeline for New Visual Analytics Sys-

tems

In this section, we illustrate three visual analytics prototypes that have been developed using
our new visual analytics pipeline to further explore the design space for semantic interaction.
These prototypes handle different types of data (numerical and text) and alter similar Models
to create distinct Visualizations and semantic interactions therein. Each of the prototypes

are discussed in the following format:

o Motivation: We begin by motivating the creation of the prototype, describing why

such a system is useful and what we could learn from it.

e Visualization and Semantic Interactions: We describe the Visualization devel-
oped and the semantic interactions enabled therein to provide context for the various

pipeline components.

o Pipeline: We discuss how the given Visualization and semantic interactions are ac-
complished mathematically through our new visual analytics pipeline. Since we define
the Visualization previously, we effectively separate the discussion of this pipeline com-

ponent from the others to improve clarity.

3.5.1 Cosmos
Motivation

The Cosmos pipeline was created to explore how to incorporate the Relevance Model from
StarSPIRE [12] with a stricter notion of similarity than a force-directed layout, such as is

accomplished in Andromeda’s WMDS Model [102]. With these two models, analysts can
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query for specific terms or documents in the dataset, view the raw text from a document,
manipulate a document’s relevance, and directly manipulate the projection of the documents.
Further details on a version of Cosmos that includes a third Model as well as a different Data

Controller are provided in Chapter 6.

Visualization and Semantic Interactions

As shown at the bottom of Figure 3.4, the Cosmos Visualization consists of two panels.
While the left panel is an interactive WMDS projection of the documents, the right panel
displays the details for a single selected document. Unlike in Andromeda, the WMDS pro-
jection is initially empty, requiring the analyst to perform a search to bring documents into
the Visualization. After documents are placed on the screen, their relevance calculations are
mapped to the sizes of the projected observations. The analyst can then use an array of
interactions to manipulate the Visualization. For example, double-clicking an observation
populates the panel to the right of this projection with information specific to the corre-
sponding document. This includes an interactive relevance slider, the label of the projected
observation, and the raw text of a document and associated notes. The analyst also has the

ability to remove a document from the Visualization by clicking a button on this panel.

As in Andromeda, the analyst can perform the semantic interaction of OLI in Cosmos by
clicking and dragging documents of interest in specific locations (to denote their desired sim-
ilarity /dissimilarity) and clicking an “Update Layout” button. This triggers a recalculation
of attribute weights using only the low-dimensional observations the analyst interacted with.
However, Andromeda stops there and reprojects the entire dataset to create a new Visual-
ization; Cosmos continues its interpretation of this interaction by automatically performing
a query for more documents on behalf of the analyst, guided by these new attribute weights.

After combining the new documents with the old documents, the relevance of each document
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Figure 3.4: (top) Our pipeline representation of Cosmos consists of a Text Data Controller,
Relevance Model, WMDS Model, and a Visualization. The Relevance and Similarity models
each handle a different component of manipulating the data to create the Visualization.
(bottom) The Cosmos interface allows analysts to interact with documents, manipulating
their similarity and relevance throughout the exploration of the dataset.

is recalculated, and the data is reprojected to generate a new Visualization.

In addition to OLI, Cosmos affords an additional semantic interaction through its “Rele-
vance” slider. This slider is available for a selected document, as seen in the details panel
at the bottom of Figure 3.4. When this slider is manipulated by the analyst, new attribute
weights are calculated which best estimate the analyst-defined relevance for the given doc-
ument. If the relevance for the document is increased, then this interaction is interpreted

as reflecting a document that the analysts likes and would want to see more of. Therefore,
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this interaction also triggers an automatic query for more documents, which uses these new
attribute weights. Otherwise, the pipeline simply continues its process by recalculating all

document relevancies and reprojecting all documents to create a new Visualization.

Pipeline

The Cosmos pipeline is shown at the top of Figure 3.4. Note that this pipeline is similar
to the StarSPIRE pipeline. In addition to replacing the Display Similarity Model with
the WMDS Model, we have modified the Data Controller and Visualization as well. Each

component of this pipeline is described below:

Text Data Controller: For this pipeline, we modified the Data Controller from Andromeda
to work with text documents. To do so, we first assume that the uploaded CSV file contains
the TF-IDF values for entities extracted from the document set. This assumption allows us
to skip additional preprocessing steps to focus instead on the Models themselves and their

influence on the Visualization.

Once uploaded, this Text Data Controller reads the data from the CSV file and preprocesses
the data in the same manner as Andromeda’s Data Controller to ensure each entity is treated
equally by the Models. This is accomplished by normalizing each entity’s TF-IDF values to
be within a standard deviation of 1. Additionally, this Text Data Controller adds references

to the flat files for each document, which are assumed to be in a single directory.

The final role of the Text Data Controller is to initialize a set of entity weights for the
Relevance Model and Similarity Model to use, thus fulfilling the composability requirements
for the forward computations in these Models. We initialize these weights to be 1/p, where
p is the number of extracted entities in the uploaded CSV file. These weights, along with

the other document-related data, are sent along the pipeline to the Models.
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Relevance Model: We drew inspiration from StarSPIRE [12] to create our Relevance
Model. The Relevance Model uses the same set of attribute weights that the WMDS Model
does (which is described next), but in a different manner. In the forward computation, this
model computes the relevance of a document given a set of attribute weights as a linear
combination of those weights and the document’s TF-IDF values. This simple relevance
calculation combined with a threshold determines which documents are passed on to the
WMDS Model. That is, the Relevance Model acts as a filter that determines which doc-
uments are visualized. The forward computation has a matching inverse computation to

calculate the entity weights that produce a relevance value for a given document.

Additionally, the Relevance Model is responsible for querying for new documents to display,
whether the query was initiated by the analyst by searching for a term or automatically by
Cosmos itself (e.g., after OLI or increasing a document’s relevance). Using the entity weights,
the Relevance Model finds the top n most relevant documents that are above the relevance
threshold. This ensures that only highly relevant documents are displayed while also guar-
anteeing that the analyst will not be overwhelmed by too many documents appearing in the
Visualization at once. If querying is not necessary to interpret the given interaction (e.g.,
when the relevance value for a document is decreased), then the Relevance Model simply
short-circuits, allowing for immediate recalculation of the relevance values of all documents

currently being displayed.

WMDS Model: The role of the WMDS Model is to spatialize documents according to
their similarity based on a given set of attribute weights, just as is accomplished in An-
dromeda [102]. However, Cosmos relies on data passed from the Relevance Model to define
which documents should be used as well as the entity weights. The forward computation

uses these weights to project the high-dimensional data in the Visualization.

The WMDS Model also uses the same inverse computation defined by Andromeda, enabling
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OLI interactions. This calculates the entity weights based on low-dimensional coordinates
of documents in the Visualization. However, Cosmos also performs an automatic query
based on these new entity weights. Since this automatic query always occurs after OLI and
because the Relevance Model is responsible for such querying, the WMDS Model never short-
circuits. After the Relevance Model recalculates document relevance values, the WMDS
forward computation is run to determine new low-dimensional coordinates for all documents

to be displayed in the Visualization.

3.5.2 A SIRIUS-Based System

Motivation

In Chapter 1, we noted that analysts often think about the observations and attributes
in similar manners. In other words, there is a symmetry between how analysts analyze
attributes and observations of a dataset. Therefore, there is a need to develop visual an-
alytics systems that afford this symmetric thought process, leading us to develop SIRIUS
(Symmetric Interactive Representations In a Unified System), a technique for symmetric
visualizations and interactions for both observations and attributes. While further details
of SIRIUS are described in Chapter 4, we focus on its pipeline representation of a prototype

system using SIRIUS here.

Visualization and Semantic Interactions

The SIRIUS-based Visualization in Figure 3.5 consists of two main panels: a left panel for
a projection of the observations and a right panel for the projection of the attributes. Both
projections are WMDS projections, with node sizes and opacities reflecting the importance of

the given observation or attribute. Both of these panels enable the same semantic interaction
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of OLI previously described. However, instead of only updating one projection, this semantic

interaction updates both projections in the Visualization.

Below these two main panels is a third panel that provides an interactive “Importance”
slider that allows the analyst to define the importance of a selected observation or attribute.
The associated raw data is also provided in the text field in this panel for the analyst’s
convenience. Manipulation of this “Importance” slider is a semantic interaction that triggers
a recalculation of attribute weights and observation weights, thereby resulting in updates to

both projections in the Visualization.

Pipeline

CSV Data Controller: The Data Controller used in this SIRIUS-based prototype is virtu-
ally the same as the one used in Andromeda. The main difference is that the Data Controller
in this prototype must normalize both the original data as well as its transpose separately.
This enables the projections to represent all observations and attributes without an artificial
emphasis placed on any one attribute or observation due to naturally higher values (e.g.,

height vs. weight of a person).

Importance Model: We again drew inspiration from StarSPIRE’s Relevance Model as
it provides a simple method for the forward computation to calculate the importance (i.e.,
relevance) for any one observation or attribute using a linear combination of attribute or ob-
servation weights and the associated data for the given observation or attribute (respectively).
However, these calculations also make it easy to translate the importance of attributes to
the importance of observations and vice versa by expanding the importance calculation for a
single observation or attribute to calculate the importance of all observations or all attributes

at once. Thus, these importance calculations enable a recalculation of observation weights
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Figure 3.5: (top) Our pipeline representation of how our SIRIUS-based prototype produces
the observation and attribute WMDS projections and how this system interprets semantic
interactions therein using our new proposed pipeline. This is accomplished using a CSV
Data Controller, Importance Model, two WMDS Models, and a Visualization. (bottom)
This Visualization consists of two interconnected, interactive WMDS projections: one for
the observations and one for the attributes of a high-dimensional dataset.

based on entity weights and vice versa. Since the WMDS Models (discussed next) use the

same set of weights, this means that both projections update based on a single interaction

in either projection.

To enable semantic interactions, the Importance Model’s inverse computations begin when

the analyst manipulates the “Importance” slider. This triggers an inverse calculation of the

weights that produce the analyst-defined “importance” value using equations similar to those

used in the Relevance Model’s inverse computation from Cosmos. For example, if the analyst
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manipulates the “importance” value for an attribute, then the observation weights to produce
that “importance” value are calculated using one of these inverse computations. However,
these new weights are then used to determine new attribute weights. To enable more insights
for attribute similarities/correlations, these attribute weights from the inverse computation
are then used to recalculate new observation weights in the forward computation. These final

sets of weights are then used in the WMDS Models to reproject the data in the Visualization.

The Importance Model performs a similar set of calculations on OLI. For example, if OLI is
performed in the observation panel, then a new set of attribute weights are determined in
the WMDS Model. However, to translate this change to changes in the attribute projection
as well, new observation weights must be determined. As a result, both new sets of weights

are passed to the WMDS Models to determine the new positions of the nodes in both panels.

It is important to note that just as with Andromeda, this prototype assumes that all ob-
servations and attributes are used from the beginning. Since no querying for new data is
performed, this system never needs to communicate with the CSV Data Controller again,

causing the Importance Model to always short-circuit.

WMDS Models: As seen in Figure 3.5, this SIRIUS-based prototype consists of two
WMDS Models: one for the projection of observations and one for the projection of at-
tributes. The Observation WMDS Model uses the normalized form of the original dataset and
the same attribute weights used by the Relevance Model to determine the low-dimensional
coordinates for each observation using the same WMDS equation from Andromeda and Cos-
mos. Similarly, the Attribute WMDS Model uses the normalized form of the transposed
dataset and the same observation weights used by the Relevance Model to determine the

low-dimensional coordinates for each attribute.

Each of these WMDS Models enable OLI separately. That is, OLI can only be performed
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on one panel at a time. Then, an inverse WMDS computation similar to the computation
described in [102] is used to calculate a new set of weights. These weights are then passed

to the Importance Model to enable updates in both panels.

3.5.3 A Cluster-Based Visualization

Motivation

We have also begun investigating how the introduction of explicit clustering assignments
affect the ways in which analysts perceive and interact with projections [126]. The tech-
nique itself can make use of a variety of layout and clustering techniques, but the following
implementation describes an instantiation using a force-directed layout for similarity projec-
tion and k-means clustering on the projection to automatically group similar observations.
Analysts directly interact with the projection using semantic interactions to alter clustering

assignments of the observations in order to manipulate the underlying mathematical models.

Visualization and Semantic Interactions

The Visualization for this system (bottom of Figure 3.6) simply consists of a large projec-
tion space accompanied by a column of attribute weights. Individual observations are still
rendered as labeled nodes in the display, but are grouped by saturated convex hulls. The
distance between pairs of observations is a weighted dissimilarity computation, in which the
resting length of each link corresponds to the difference between the observation endpoints

across all attributes.

Once again, analysts can perform OLI interactions on the observations. However, these

semantic interactions only affect the mathematical models when an observation has been
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reclassified into a new cluster (i.e., manipulating the distance between observations within
a cluster has no effect on the learned weights). When an analyst adds an observation to
a cluster or removes an observation from a cluster (or both), the attribute weights are
recalculated based on a dissimilarity measurement between the relocated observation and
the centroid(s) of the involved cluster(s). After this computation, the resting length of each
link is recalculated based on the new attribute weights. As a result, additional observations
may reclassify themselves as the force-directed layout repositions the observations in the

projection.

Pipeline

CSV Data Controller: The Data Controller used in this system is identical to that used
in Andromeda: numerical high-dimensional data is simply read in from a CSV file and

normalized, and attribute weights are initialized to equal values.

Dissimilarity Model: The forward computation of the Dissimilarity Model computes a
distance between each pair of observations, taking into account both the differences between
the attributes values and the weights that have been learned for those attributes. This
dissimilarity matrix is then passed to the Force-Directed Model to be rendered. The inverse
computation aims to understand why the analyst decided that this observation does not
belong to its original assigned cluster and/or better belongs to its analyst-assigned cluster.
This is accomplished by computing a distance between the observation and the involved
cluster centroid(s), ranking the attributes based on dissimilarity, and then updating the

attribute weights accordingly.

Force-Directed Model: After a distance has been computed for every observation pair,

these distances are loaded into a force-directed node-link visualization. The force-directed
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Figure 3.6: (top) Our pipeline representation for how the cluster-based visualization by Wen-
skovitch and North [126] is created and semantic interactions therein are interpreted. This
is accomplished using a CSV Data Controller, Dissimilarity Model, Force-Directed Model,
k-Means Model, and Visualization. (bottom) The clustering interface allows analysts to
explore related groups of observations depending on the learned attribute weights.

graph then stabilizes to a low-energy layout. There is no inverse computation for this model.

k-Means Model: Clusters are computed continuously using a modified k-means algorithm
in the forward computation of the k-Means Model. This computation has been altered from
traditional k-means to include a maximum cluster radius that allows some nodes to exist
external to all clusters. As the force-directed graph reaches a stable layout, individual obser-
vations may transition into and out of clusters as they move closer to and further from each

cluster centroid. The inverse computation of this model detects analyst-initiated changes in
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observation clustering assignments, and it passes the old and new cluster information to the

next inverse computation.

3.6 Discussion

In this section, we discuss the implications of our new pipeline that is capable of capturing
the complexity of semantic interactions in visual analytics systems. This discussion includes
how this pipeline highlights the various semantic interaction possibilities in any given vi-
sual analytics system, the ability to leverage this pipeline for rapid prototyping, and the

limitations of this pipeline.

3.6.1 Exploring the Design Space of Semantic Interaction

With the greater emphasis placed on the mathematical models in our proposed new pipeline
for visual analytics systems, opportunities for semantic interaction are highlighted. This is
due to the fact that every Model should have both a forward computation and an inverse
computation. If a given pipeline does not have an inverse computation for a Model, such as
in the Sampling Model in the Piecewise Laplacian projection system [87], then perhaps there
is a missed opportunity for implementing a semantic interaction. Even for those that already
have inverse computations, there may still be the potential to implement an additional or

alternative inverse computation for the same Model.

For example, the forward computation in Andromeda’s WMDS Model uses two parame-
ters (the high-dimensional data and a set of attribute weights) to produce a single output
(low-dimensional coordinates). However, the “inverse WMDS” computation described only

computes new attribute weights given new low-dimensional coordinates, thereby assuming
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the high-dimensional data is static. However, what if instead the assumption was that the
attribute weights were static and new high-dimensional data for an undefined observation
was desired? Such an interaction may be triggered by the analyst clicking in an empty space
of the projection not already occupied by an observation, effectively interpolating what at-

tributes a high-dimensional observation would have if it were projected in that location.

Additionally, our previous research has identified a variety of ways to combine a similarity-
based Model with a clustering Model to create different types of projections [127]. With this
multitude of pipelines possible, there are naturally many methods of enabling semantic inter-
actions with just two Models. Thus, in cases such as these, our newly-proposed pipeline can
help further explore the design space of semantic interaction by highlighting the numerous

possibilities, even when there are few Models involved.

3.6.2 Rapid Prototyping to Explore Design Trade-Offs

To quickly and efficiently explore the design space of semantic interaction, the ability to
rapidly prototype several techniques from the visual analytics literature, and augment them
with semantic interaction, would be immensely helpful. Trade-offs in different implemen-
tations may imply different Models being used or perhaps the same ones being altered to
produce different results. For example, Cosmos is very similar in appearance to Andromeda,
yet functions more like StarSPIRE (as evidenced by the similarities in their pipeline represen-
tations). The SIRIUS-based prototype and the visualization by Wenskovitch and North are
both similar to Cosmos in their own manners as well, yet these systems operate in distinctly

different manners by adding additional Models to the pipeline.

However, the current issue in experimenting with these kinds of trade-offs is that many

visual analytics systems are created such that changing one Model for another is difficult;



3.6. Discussion 55

too often, the program structure for the given system is heavily reliant on the specific Models
being used. By defining the pipeline components and creating a pipeline such as the ones
that we present here, we assert that our new visual analytics pipeline can help promote more
modularized code. This is because every pipeline component has composability requirements,
which are described by the arrows between the pipeline components. By structuring the
program for the system in this manner, the composability requirements help enforce modular
code design. This modularity then makes interchanging different Models— and even different
Visualizations and Data Controllers— trivial, thereby making exploring different areas of the

design space of semantic interaction even easier.

For example, it may be apparent from Figure 3.4 and Figure 3.5 that Cosmos and the
SIRIUS-based prototype have very similar-looking Visualizations. This is because the Cos-
mos pipeline— including its Models and Visualization— were all leveraged and adapted to
enable the SIRIUS-based prototype. In fact, we have been able to separate each pipeline
component to the point that we are able to interchange Cosmos and the SIRIUS-based

prototype at will.

3.6.3 Limitations

Despite the power and flexibility of our proposed new visual analytics pipeline for semantic

interaction, it is not without limitations. We briefly address several of these limitations here.

Requirements Limitations

The primary limitation of our semantic interaction pipeline lies in the requirement of pro-
viding an inverse computation for each forward computation. We assert this requirement as

essential for enabling semantic interaction, yet we provide no guidance for how to determine
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what such an inverse computation should be. That is, the inverse computation can be math-
ematically rigorous, heuristic, or probabilistic, but the creation of the inverse computation

lies with the Model creator.

Similarly, the pipeline requires Models to be composable with other pipeline components, but
we provide limited instructions for defining this composability. For example, if the Text Data
Controller for Cosmos were altered to use dynamic document sets, then at some point before
any of the data preprocessing steps could be performed, the TF-IDF values would need to be
computed on the fly. This would allow the other pipeline components to remain unchanged.
If instead the TF-IDF values were not computed and no data preprocessing steps occurred
in the Data Controller, the responsibility for doing so (to maintain data composability with
the WMDS Model) would either fall to the Relevance Model or to a new Model that would
rest between the Data Controller and Relevance Model. How such an alteration might be

accomplished is described in the version of Comsos described in Chapter 6.

Limitations of Pipeline Components

Another potential limitation is that we define a Model to be comprised of any forward
computation and at least one accompanying inverse computation. It may very well be that
there are only a few different categories or types of such Models (e.g., data manipulation
Models that work the raw data into a form usable to the Visualization, projection Models
that determine the overall type of projection used in the Visualization, and other Models that
seek to augment the Visualization with additional information). Such a categorization may
be useful to define the nuanced differences between how Models may be used and which ones
definitely should have inverse computations to interpret semantic interactions. However, we
do not attempt to make any such categorization; instead, we focus on the overall pipeline

structure to generate discussion and critical thinking regarding which Models should be
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included, how the Models fit together to realize an interactive visual analytics system, and

the various manners in which semantic interaction can be realized.

Limitations of the New Visual Analytics Systems

Rather than creating fully-featured systems, we use this pipeline to quickly and efficiently
prototype visual analytics systems to explore the semantic interaction design space. As a
result of this design decision, the prototypes that we implemented in Section 3.5 only support
a limited number of semantic interactions. However, we argue that each of our prototypes
can support additional semantic interactions with the addition of more Models or alterations

of existing Models in each pipeline.

3.7 Conclusion

In this work, influenced by the Sensemaking Process described by Pirolli and Card [90] as
well as the growing body of visual analytics systems that implement semantic interaction,
we proposed three characteristics shared by semantic interaction applications: model com-
posability, model inversion, and pipeline bidirectionality. From these characteristics, we
proposed a new visual analytics pipeline that enables proper representation of the complex-
ity involved in semantic interactions. This new pipeline is comprised of three main types of
components: Data Controllers, Models (containing forward and inverse computations), and

Visualizations.

We demonstrated the ability of our new pipeline to capture semantic interactions by provid-
ing pipeline representations of existing visual analytics systems. Then, we discussed pipeline

representations for new visual analytics systmes, highlighting the extensibility of this new
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pipeline new research in this area.

We also briefly discussed how this new pipeline may help further the exploration of the design
space of semantic interaction and enable rapid prototyping of new visual analytics systems
with semantic interaction. By rapidly prototyping such systems, researchers will be able to
quickly create and study many alternative methods of semantic interaction. We intend to
continue expanding on our own prototypes and conduct user studies to study how analysts
perceive and use different visualizations and interactions. Such research may uncover which
methods best support the analyst’s sensemaking process and how to develop better visual

analytics systems in the future.



Chapter 4

Modeling Symmetric Visualizations

and Interactions

4.1 Introduction

Visualizing and interacting with high-dimensional data for exploratory data analysis is an
open research area with many facets to explore. In this chapter, we focus on visual analytics
techniques for high-dimensional data exploration that use dimension reduction to project
2D scatterplots of the data. Many existing techniques and interactions therein focus on
observation-centric tasks that reveal relationships between observations as defined by
their attributes, such as clustering tasks [5]. For example, with the animal dataset used
throughout this chapter [71], analysts could investigate questions such as “Which attributes
separate the Tiger and Wolf from the Blue Whale and Dolphin?” or “What other animals are
similar to those animal groups?” Projection methods often define weight parameters on the
attributes that enable analysts to assign different levels of importance to each attribute,

thus enabling exploration of alternative observation projections [15, 102].

Likewise, there are complementary attribute-centric tasks that reveal relationships be-
tween attributes as defined by their observations, such as correlation tasks [5]. For example,
a follow-up question might be “What other attributes are correlated with the attributes that

separate these two groups?” This question is more difficult to answer with observation-
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centric projections. Thus, other kinds of visualizations are often used, such as linked distri-
bution plots and dynamic queries [3, 74, 77, 107, 113] or correlation matrices [104], creating

asymmetry in how observation-centric and attribute-centric tasks are supported.

A natural symmetry between observation-centric and attribute-centric tasks in high-

dimensional data can be defined as equivalent tasks on the data table or data matrix and its
transpose (which swaps the observations and attributes). For example, this symmetry often
arises in visualizations for text analytics. With a vector space model matrix, documents
can be projected in terms of their word usage [4, 24, 41]. Alternatively, with the matrix

transpose, words can be projected in terms of their usage in documents [16, 28, 86, 95].

We propose that this task symmetry between observations and attributes reflects a symmetry
in the cognition of multidimensional data, and therefore is better supported by a symmetry
between how the observations and attributes are visualized and interacted with. Such a sym-
metry would give analysts equal power to investigate both observations and attributes, using
the same visual representations and interactions for both. Additionally, previous work has
shown cognitive bias towards symmetric stimuli, as well as an association between asymme-
try and disgust [43]. Based on this, we assert that asymmetric visualization and interaction
design should increase cognitive load in comparison to symmetric designs as they require

analysts to simultaneously interpret different approaches to observations and attributes.

To address this need for symmetry, we define a symmetric dual projection technique
in which the projection of observations is defined by the attributes, and the projection of
attributes is defined by the observations. We further define interactions that connect
the observations and attributes between the symmetric projections, resulting in a manipu-
lation of the projection of observations influencing the projection of the attributes and vice
versa. These interactions reflect a notion of a deep connection between the observations

and the attributes that mirrors the analyst’s notion of how observations and attributes are



4.1. Introduction 61

Update Layout Observation Panel Update Layout Attribute Panel

Dolphi
Beaver 'ngm.)ebm

i Iker
Seal Kill| eangeuﬁ’rset? Stripes

Walrus
squirrel @Spider MRS REy 1618 Claws

Rabbi Speed
Chimpanzee

Nocflirheae

Hibemrt%nds
Agility Lean: . Cave A ArElys
Mouse Active @ Muscle Solitary Fish

Paw.

" i uadrup@7hil Pads @scavenger __ @\Fwiens
Sigwis, P PO RiarcGan weftMole Grizzly Bear ..lFurrv B Foragemountains inpastal & Qeear o
HamSg¥EoDb cat Gorilla @Ground ALy Bush estspot Tou hskines n %
Hirser Cow Buffalo ® Olgworld Smeuhini U9 ’Hﬂ.éﬂﬂ Sks
pf®Siamese Cat  @Llorg p; alks Fo@sthewteeth " BYEKtegth noneck
GefanIshRRRLTA 12" 3 i St i
Heasard Polar BeafGiant, ngsopmamus ren@Newworld Group Long|!§ipFeI§I3d|s Spots @Horns
Rhinoceros Butbmikatches H
@Tiger OSNRIE  @Giraffe Jungle Domestic @ Grazer® °°'eS

Elephant Size

Zebra

Figure 4.1: The initial, interactive symmetric dual projections of a multidimensional dataset
using SIRIUS. Observations (animals) are projected in the left panel, while attributes (animal
characteristics) are projected in the right panel. Both panels project similar items closer
together based on a weighted high-dimensional distance function in which the weights reflect
a conceptual notion of “importance.” These weights are reflected by the node sizes and
opacities in the opposing panel. For example, Quadrupedal has a higher weight in the left
projection of animals, and Tiger has a slightly higher weight in the right projection of
characteristics.

interconnected.

Specifically, our contributions in this work are:

1. Defining a technique called SIRIUS (Symmetric Interactive Representations in a Uni-
fied System) that models symmetric, interconnected projections of observations and
attributes to directly address the lack of symmetry in current visual analytics tech-

niques (detailed in Section 4.2).

2. Creating an implemented instantiation of SIRIUS using WMDS, as represented in

Figure 4.1 (described in Section 4.3).

3. Demonstrating how SIRIUS allows analysts to gain insight on both observation-centric

and attribute-centric tasks (shown in Section 4.4).
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Table 4.1: A description of the commonly used variables and functions in the equations
throughout this paper.

O A The original data matrix (observations; O) and its transpose (attributes; A = OT), with the columns
for each matrix normalized
n P The number of observations n or attributes p, as represented by the number of rows in O or A,
respectively
O; A; The high-dimensional data for the " observation (O;) or i*" attribute (A;), as represented by the
i*h row of O or A, respectively
o) A The dimensionally reduced matrices derived from O and A. In SIRIUS, the dimensionally reduced
space is 2D, enabling easy projection onto a computer screen
Wo Wa The observation weights (Wp) or attribute weights (W), each represented as a single vector
Wo, Wa, The i*! observation weight (Wo,) or attribute weight (Wa,)

wDisto | wDista | A matrix of high-dimensional pairwise weighted distances between observations (wDistp) or at-
tributes (wDist 4)

hDisto hDist4 | The weighted high-dimensional distance function to calculate similarities between observations
(hDisto) or attributes (hDist4). In SIRIUS, we use weighted Euclidean distance for each of these
distance functions

[Dist The low-dimensional distance function to calculate the pairwise distances between rows of a dimen-
sionally reduced matrix. The same function is used for both observations and attributes, which
further promotes symmetry in the presentation, interaction, and interpretation of both projections.
In SIRIUS, we use 2D Euclidean distance.

4.2 A Symmetric, Interactive Projection Technique

To enable exploratory data analysis with high-dimensional data using symmetric visualiza-
tion and interaction techniques between the attributes and observations, we designed a new

technique called SIRIUS. We assert that in SIRIUS the analyst must be able to:

Goal 1: View similarity-based relationships between observations and similarity-based rela-

tionships between attributes of high-dimensional data.

Goal 2: Explore different projections of the data by altering the importance of specific ob-

servations or attributes.

Goal 3: Understand how importances of observations affect the importances of attributes

and vice versa.

Each of these goals are further described in the following subsections. To clearly exemplify

these concepts, we use a subset of the animal dataset from Lampert et al. [71] containing 13
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observations and 13 attributes. These observations and attributes were selected to provide
a clear and intuitive example (e.g., by excluding attributes like Newworld) while ensuring
variance (e.g., by only including Horse and not Zebra). More complex examples are presented

in Section 4.4. Variables and functions are defined in Table 4.1.

4.2.1 Goal 1: Visualize Similarity-Based Relationships

This first goal combines the tasks of seeing similarities between observations and seeing
similarities between attributes. For example, in the animal dataset where the observations
are animals, the German Shepherd is similar to the Wolf but not very similar to the Elephant.
These similarities between the observations can be visually represented via a projection
method. There are many different methods of doing so, including but not limited to PCA [58,
89, 131], t-SNE [120], and MDS [68, 69, 116]. We generalize the lower-dimension projection

of the observations to be the output of the function projecto:

~

O = projecto(wDisto)

Similarly, an additional projection method should enable analysts to see similarities between
attributes. For example, in the animal dataset, the attribute Strength is more similar to the
attribute Size than to Grazer. We generalize the lower-dimension projection of the attributes

to be the output of a function, project 4, as follows:

A

A = project s(wDist y)

As noted in our evaluation of the Data Context Map [23] in Section 2.3.3, visualizing the

observations and the attributes in a single projection necessarily distorts the projection
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of the similarities between observations, attributes, or both. Thus, the observations and
attributes must be projected into separate spaces to maintain an accurate representation of
their similarities. This means we need two similarity-based projections: one for observations

(projecto) and one for attributes (projecty).

Furthermore, to reduce confusion between the two projections, we propose that projecto and
project 4 should produce projections that are understood in the same manner by the analyst.
This is best reflected by a symmetry in the manner in which observations and attributes are
visualized (and later interacted with). The easiest way to accomplish this is to use the same
projection method for both projecto and projects (e.g., MDS), but they can differ if the

analyst perceives them in the same manner (e.g., MDS and PCA).

4.2.2 Goal 2: Explore Different Projections

Exploring different projections stems from the need to gain new insights based on domain
knowledge or a hypothesis, or for general exploratory analysis. These insights can be gained
by redefining the similarity between observations or attributes, which implies interaction that
alters at least one projection. Such interaction can be accomplished by either altering the
parameters that generate the high-dimensional pairwise distances or by directly manipulating

the projection.

Explore Projections of Observations

To exemplify what is meant by each of these interaction methods, we first focus on projecto.
From a projection of the observations, the analyst may want to understand how placing
more importance on different attributes affects the similarities between the observations.

For example, the analyst may want to investigate how animals differ based on their Water
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attribute. By placing more importance on this one attribute, animals like Otter should be
reprojected much closer to the Dolphin and Blue Whale and farther away from the Siamese

Cat.

Alternatively, the analyst may want to see how altering similarities between observations
influences the level of importance that should be placed on each attribute. For example, if
the analyst drags nodes for Dolphin and Blue Whale in one corner of the animal projection
(to denote their desired similarity) and Elephant to the opposite corner (to denote its de-
sired difference from the other two animals), the technique should reflect a higher level of
importance for attributes that describe the differences between these two groups. In this
case, the Walks and Grazer attributes describe the differences between these two groups,

implying they should be given higher levels of importance.

In both of these types of interactions within the observation projection, the importances of
attributes are altered. This reflects the fact that observations are understood based on their
attributes. Given that the importance of attributes can be represented by weights on the
attributes, the similarity between two observations, O; and Oj, can be generalized with the

following weighted high-dimensional distance function:

’LUDZ‘StOiyj = hDiSto(WA, Oi, O])

There are many weighted distance functions that could be used here, such as weighted
variants of Euclidean distance, Manhattan distance, cosine distance, Gower distance [50],
Pearson coefficient [88], and Bray-Curtis dissimilarity metric [14, 16]. Which distance func-
tion to use is often determined by the tasks supported and data used, however it must be
compatible with the chosen projection method and desired outcome of the projection itself.

For example, while PCA can be used to accomplish Goal 1, it emphasizes variance rather
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than strictly pairwise distances. Thus, using a weighted FEuclidean distance with PCA may

not produce the desired results.

Explore Projections of Attributes

To maintain the desired symmetry with the observations, the same interactions are enabled
in the projection of the attributes. Thus, the analyst can alter the importance of a specific
observation to understand how this affects the similarities between attributes. For example,
increasing the importance for Cow should result in attributes like Walks, Size, and Strength
being placed closer together but far away from Stripes. Additionally, the analyst can alter
the similarities between attributes to understand how the importances of observations are
affected. For instance, if the analyst drags nodes for Grazer and Size to one corner of the
projection and Water to another, Horse describes the differences between these two groups

of attributes and should therefore receive a higher weight to denote its increased importance.

In both of these types of interactions within the attribute projection, the importances of
observations are altered. This reflects the fact that attributes are understood based on the
observations. Since the importance of observations can be represented by weights on the
observations, the similarity between two attributes, A; and A;, can be generalized with the

following weighted high-dimensional distance function:

wDZ'StAm. = hDiStA(Wo, Ai, AJ)

Note the symmetry between this equation and the equation for weighted high-dimensional

distances between observations.
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4.2.3 Goal 3: Relate Importances to Each Other

As stated previously, the analyst understands the observations based on their attributes
and vice versa. This hints at a connectedness between the observations and the attributes
themselves. In the equations in the previous subsection, this connectedness is initiated by
the importance of the attributes affecting the similarity of the observations and the impor-
tance of the observations affecting the similarity of the attributes. However, the notion of
interconnectedness goes beyond these equations: attributes that are given more importance

indicate which observations should be given more importance and vice versa.

As a common example of this, a keyword search for relevant documents results in those
keywords (i.e., attributes of documents) being given a high level of importance. This means
that documents that are better described by those keywords are, in turn, more important
as well, and hence should be returned in the query results. This example implies that
observations that have higher values (e.g., keyword frequencies) for an attribute are more

important, and vice versa.

Using the animal dataset again to exemplify this, increasing the importance of the Water
attribute should result in animals like Dolphin, Blue Whale, and Otter also being given a
high level of importance in addition to reprojecting their nodes closer together. Siamese Cat,
on the other hand, should have a low level of importance as it is not well described by the
Water attribute. However, these updated importances for the different animals also denote
which attributes should be considered important, beyond the single Water attribute that was
interacted with. This means that given important animals like Dolphin, Blue Whale, and
Otter, attributes like Speed, Active, and Smart are also more important than other attributes

that do not describe these animals as well.

Therefore, the importance of attributes should affect the importance of observations and vice
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versa to reflect the analyst’s notion of the interconnectedness between the attributes and the
observations. This can be accomplished with the following equations, where I'mportanceo

and I'mportance, compute the importance for one observation or attribute, respectively:

Wo, = Importanceo(O;, Wy)

W4, = Importances(A;, Wo)

This interconnectedness between the importances of the observations and the importances of
the attributes enables a new visual analytics technique that treats the observations and the

attributes in a symmetric manner while enabling rich interaction between both projections.

Given this interconnectedness in SIRIUS, the weights that reflect the importances of obser-
vations and attributes are crucial components of the technique. They are used to project the
data via weighted high-dimensional distance functions to explore different projections and
to relate the importances of observations and attributes to each other. We demonstrate how

this can be accomplished in Section 4.3.

4.3 An Implementation of SIRIUS

The generalized SIRIUS technique above supports a design space of possible projection
methods, distance functions, and interaction methods that can be inserted. We present a
particular implementation of SIRIUS that addresses the goals of Section 4.2 in the following

manner:

1. Using WMDS for both projecto and projects, and weighted Euclidean distance for

hDisto and hDist 4, to create both a projection of the observations and a projection
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of the attributes.

2. Using the notions of parametric interactions (which we call Pal) and OLI as described
by Self et al. [102] to manipulate the weights Wy and W4 of the weighted Euclidean
distance function. Since we use the concept of OLI in both the observation projection
and the attribute projection, we have renamed OLI as projection interactions (Prl) to

reduce any potential confusion®.

3. Relating the importances of observations and attributes to each other by defining
Importanceo and Importance, as a dot product between the original data matrix
or its transpose and a set of attribute weights or observations weights (respectively).
Ultimately, these equations for importance result in interconnecting both projections

by using an interaction in one projection to alter both projections.

We made these particular design choices based on previous research in visualizing and in-
teracting with high-dimensional data [12, 37, 41, 102, 126]. However, these are not strict
constraints; any distance function, projection method, or interaction method that properly

addresses the goals defined in Section 4.2 may be used in place of our choices here.

The following subsections describe how we accomplished each goal in detail, using the same

subset of the animal dataset from the previous section to exemplify each concept.

! Briefly, Pal refers to direct alteration of a model parameter via some control mechanism, such as a slider
or textbox. An analyst may update that parameter with a precise value. In contrast, Prl learns a set of
model parameters based on an interpretation of analyst alteration of the projection itself.
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Figure 4.2: An initial projection of a subset of the animal dataset using SIRIUS, which maps
“importance” to node size and opacity to provide a deeper semantic connection between
observations and attributes. This allows analysts to determine at a glance which animals
best describe the attribute projection (from the observation panel) and which attributes best
describe the animal projection (from the attribute panel).

4.3.1 Goal 1: Visualize Similarity-Based Relationships
Observation Projection

Using SIRIUS, we designed the left projection to depict similarities between observations.
To visualize these similarities, we use weighted Euclidean distance in WMDS [37], as defined

by the following equation:

n—1 n
. R 2
O = arg minz Z (lDz'st(Oi, 0O,) — hDisto(Wa, O;, Oj)> (4.1)
O1,0n i=1 j>i
Before the data can be projected, some preprocessing must occur. To overcome any potential

distortions in the projection caused by attribute values on different scales, O is z-score

normalized prior to visualization.

Additionally, a set of attribute weights, W4, that reflect the importances of each of the
attributes must be defined before the high-dimensional distance matrix can be calculated.

W4 has two constraints: 0 < Wy, < 1 and >, Wy, = 1. Thus, weights are interpreted
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as proportions of the analyst’s interest in each attribute (i.e., its level of importance). Al-
though this is a minor point in the initialization of our implementation, it greatly affects
the interaction methods, as discussed in the following subsections. For now, we will say that
Wy is initialized by determining the importances of the attributes, with details discussed
in Section 4.3.3. The initial observation projection is shown in the left panel in Figure 4.2,
which accurately shows that German Shepherd and Wolf are more similar to each other than

to the Elephant as desired.

Attribute Projection

Given the desire for symmetry between the observations and the attributes, a second projec-
tion is used to depict the similarities between the attributes. It also uses weighted Euclidean

distance in WMDS, as defined in the following equation:

. p—1 p o 9
A =arg minz Z (lDist(Ai, A;) — hDist,(Wo, A, Aj)) (4.2)

AvesAp =1 j>i
Again, the data must be preprocessed before it can be projected. This includes z-score
normalizing A, as well as initializing an observation weight vector, Wy. These weights reflect
the importances of each observation and must hold to the same two constraints as W4. We
again leave detailed discussion for how we initialize this set of weights for Section 4.3.3. This

initial projection is shown in the right panel of Figure 4.2, which demonstrates that Strength

and Size are more similar to each other than to Grazer, as desired.
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Figure 4.3: The results of two examples of Pal and two examples of Prl described in Sec-
tion 4.3 with Figure 4.2 as the initial projection of the data and continuing to map “impor-
tance” to node size and opacity: A Pal performed on the Water attribute; B Pal performed
on the Cow observation; C Prl performed by dragging the Dolphin and Blue Whale ob-
servations into one corner and the FElephant observation into the opposite corner; and D
PrI performed by dragging the Grazer and Size attributes into one corner and the Water
attribute into the opposite corner.

4.3.2 Goal 2: Explore Different Projections

In our implementation of SIRIUS, we use weighted Euclidean distance to define both the
similarities between observations and the similarities between attributes. Thus, exploration
of different projections is accomplished by manipulating the associated weights, thereby

allowing the use of Pal and Prl as described by Self et al. [102] to enable rich interactions.

Parametric Interaction (Pal)

To explore how attribute importances affect similarities between observations, Pal is enabled
via an “Importance” slider, which is accessible by clicking a node in the attribute projection.
The analyst can alter the attribute weight (i.e., importance) by manipulating the slider.
During this interaction, all attribute weights are re-normalized to adhere to the previously

described sum-to-1 and 0-to-1 constraints. The change in attribute weights is reflected in up-
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dates to the size and opacity of the attribute nodes, which visually reflects their importance.
All observations are then reprojected using Equation 4.1 with the updated attribute weights
to show the effect of the analyst’s interaction. An example of Pal on the Water attribute is
depicted in Figure 4.3-A, which pulls Otter closer to the Dolphin and Blue Whale than to

the Siamese Cat.

Symmetrically, Pal is also used to explore how observation importance affects similarities
between attributes via the same “Importance” slider. The analyst can click an observation
and adjust the slider to alter the weight (i.e., importance) for the given observation, and all
observation weights are re-normalized. The size and opacity of the observation nodes are
updated to reflect their new weights. All attributes are then reprojected using the updated
observation weights in Equation 4.2. An example of Pal on the Cow observation is shown
in Figure 4.3-B, which correctly results in the Walks, Size, and Strength attributes being
placed close together but far apart from the Stripes attribute to reflect their similarity in

“cow-ness.”

Projection Interaction (PrI)

To explore how observation similarities affect attribute importances, analysts can use Prl in
the observation projection. This is accomplished by directly manipulating the observation
projection via clicking and dragging observation nodes of interest to redefine their relative
similarities. Once the analyst is done manipulating the projection, an “Update Layout”
button above the observation panel is clicked. This triggers a semi-supervised re-learning of

the attribute weights using only the observation nodes the analyst interacted with, O*, in
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the following optimization, essentially inverting the WMDS process in Equation 4.1:

Wy = argmln Z Z (lDzst (Or O*) hDisto(WA,Oi,Oj)>2 (4.3)

W 90y
A Wap . FeO*

This optimization must also adhere to the sum to 1 and 0 to 1 constraints for W,4. From
the new attribute weights, the attribute node sizes and opacities are updated to reflect these
new levels of importance, and Equation 4.1 is re-executed to reproject all observations. For
example, as depicted in Figure 4.3-C, dragging the nodes for Dolphin and Blue Whale to
one corner of the projection and Elephant to the opposite corner, results in an increase in
the importances of the Walks and Grazer attributes, which distinguish these two groups of

animals.

Symmetrically, the projection of the attributes permits exploring how attribute similarities
affect observation importances. This is accomplished via Prl by dragging attribute nodes
and clicking the “Update Layout” button above the attribute panel. This triggers a very
similar algorithm that effectively inverts the WMDS process in Equation 4.2 using only the
attribute nodes the analyst interacted with, A*, and following the same 0 to 1 and sum to 1

constraints for Wo:

Wo = argmln Z Z (lDzst (A: A*) hDiStA(Wo,Ai,Aj))Q (4.4)

W PARRS ]
01 r->Won i€ A* je Ax

Using the new observation weights, the observation node sizes and opacities are updated
to reflect these new levels of importance, and Equation 4.2 is re-executed to reproject all
attributes. To demonstrate, Figure 4.3-D shows that dragging the nodes for Grazer and Size

far away from Water results in an increase in the importance for Horse.
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4.3.3 Goal 3: Relate Importances to Each Other

As our SIRIUS-based implementation has been described thus far, it is somewhat similar to
Andromeda [102]. The main difference is that instead of listing the attributes, an attribute
projection is provided alongside the observation projection. However, we now introduce two
equations to interconnect observation importances and attribute importances: Wy, = O;0W 4

and W4, = A; @ Wy. These equations can be more generally expressed as:

WO = O L] WA (45)

WA =Ae WO (46)

Both of these equations are used in initializing the projections as well as both Pal and
Prl, as shown in Figure 4.4, thereby interconnecting the projections of the observations and
attributes together. This interconnectedness between observation importances and attribute
importances has crucial implications in revealing new relationships and affording additional
insights by providing methods to alter node size, opacity, and position for both observations
and attributes after any interaction. Thus, analysts are afforded insights such as correlations

between observations or between attributes at a glance during any point of analysis.

Our use of these equations is loosely based on simple approaches to relevance computations
in information retrieval and recommender systems, such as the HITS (Hubs and Authorities
on the Internet) Algorithm [64], which underlies Google’s PageRank query technique [85].
However, a major difference is that HI'TS iterates over these two equations until convergence,
whereas our implementation of SIRIUS only iterates once to enable explorations of alternative
projections via Pal and Prl. However, it might be interesting to iterate until convergence

during initialization.
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Figure 4.4: A flowchart depicting how Equation 4.5 and Equation 4.6 are used in conjunction
with Equations 4.1-4.4 on initialization or when Pal or Prl occur. Arrows and their associ-
ated equation numbers are colored based on whether they are used for the observation panel
(purple), attribute panel (green), or both (black). Note that Equation 4.5 and Equation 4.6
are both used in Pal, whereas only one of these equations is used in Prl.

Interconnecting the observation importances and the attribute importances is first seen when
initializing each of the projections. For the projection of the observations, an observation
weight vector is first initialized so that each observation has a weight of 1/n. This reflects
an equal level of importance for each observation while maintaining the sum to 1 and 0 to
1 constraints for the weight vector. Then, Equation 4.6 is used to determine the attribute
importances. However, this equation is not constrained as the attribute weights are. There-

fore, to use these attribute importance values for the attribute weights in Equation 4.1, they
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are normalized to sum to 1. Similarly, the projection of the attributes is initialized by first
generating a set of attribute weights in which each weight is 1/p. Then, Equation 4.5 is used

and normalized to sum to 1 to generate the observation weights for Equation 4.2.

After projecting the data using Equation 4.1 and Equation 4.2, as depicted in Figure 4.2,
the node sizes and opacities can be interpreted as visualizations of (left) which observations
are most important or best describe the differences between the attributes and (right) which
attributes are most important or best describe the differences between the observations. For
this initial projection, the manner in which the importances of the observations and attributes
are determined result in emphasizing items that are most “popular” (i.e., have the highest
sum across the dataset, as explained in Section 4.4.1). Additionally, these projections show

similarities (i.e., correlations) between attributes or similarities between observations.

These equations for importances are also used during each interaction. For example, when
the analyst performs Pal on an attribute, a new set of observation importances is calculated
using Equation 4.5. These importance values are used to update observation node size and
opacity. Then, the observation importances are used to calculate a new set of attribute im-
portances using Equation 4.6. This results in an update to attribute node size and opacity.
Additionally, both observations and attributes are reprojected via Equation 4.1 and Equa-
tion 4.2 (respectively) after normalizing both new sets of importances to sum to 1. Thus,
Pal results in node size, opacity, and position being updated in both projections. This effect

is demonstrated in Figure 4.3-A and Figure 4.3-B.

Similarly, PrI in the observation panel produces a new set of attribute weights. These weights
are used in Equation 4.1 to reproject the observations and in Equation 4.5 to determine new
sizes and opacities for the observation nodes. Then, the new observation importances are
used in Equation 4.6 to update the attribute node size and opacity. To update the attribute

node positions, the new observation importances are normalized to sum to 1 and used in
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Equation 4.2. Thus, Prl also results in node size, opacity, and position being updated in

both projections. This effect is depicted in Figure 4.3-C and Figure 4.3-D.

In the above use of dot products to relate observation importances to attribute importances
and vice versa, there is an implied assumption that higher data values represent more impor-
tance. For example, we assume that a higher importance for the Water attribute indicates
that animals that have a high value for the Water attribute are more important than animals
with a low value. While this assumption is appropriate for some applications, such as in text
analytics where values represent word occurrences, it may be less appropriate in other ap-
plications, such as wanting to emphasize both extrema. However, the technique for relating
observation and attribute importances as described in Section 4.2 is purposefully generic to
support a variety of mathematical definitions for relating importances, including one which
might generate higher importance values for animals with extreme low Water values as well

as those with extreme high Water values.

When interpreting the dual projections, it is important to understand that, while the node
sizes and opacities in one projection describe the spatial layout of the other projection, the
projections themselves do not map onto each other. That is, since the projections represent
separate high-dimensional spaces, the spatial positions of nodes in one projection do not
specifically relate to the node positions in the other. Attempting to align all spatial positions
would create a projection similar to the Data Context Map [23], which necessarily distorts
the similarities between the observations, attributes, or both, as discussed in Section 2.3.3.
Although one of the projections can be rotated and reflected to better match the layout in
the other projection (e.g., rotate the attribute panel so that the Water and Grazer attributes
are roughly in the same positions as the animals that are higher in those attributes), the
potential tradeoff is that this may lead analysts to conclude that the two projections can

be mapped onto each other. An inaccurate conclusion such as this can lead to significant
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misinterpretations of how the projections relate to each other. For these reasons, we do not

attempt any such alignment between the two projections.

4.4 Examples of Data Analysis with SIRIUS

To demonstrate how Equations 4.1-4.6 coalesce to enable exploratory data analysis with
diverse high-dimensional datasets, we provide examples of animal data, intelligence analy-
sis data, and breast cancer data in our implementation of SIRIUS. These examples show
that SIRIUS can be used to explore quantitative data, textual data, and large datasets,
respectively. A demonstration video for each of these examples is available at https:

//youtu.be/TzBjImkrbDU.

Since Equations 4.1-4.6 rely on strictly numerical data, some of the example datasets had
to be altered to change categorical attributes to numerical representations. Additionally,
any rows that contained missing data were removed. Such issues could be better addressed

through the use of alternative distance functions, such as Gower distance [50].

As we move away from more intuitive datasets like the one by Lampert et al. [71], it is
important to note that raw data for a selected observation or attribute is displayed alongside
the “Importance” slider. For numerical datasets, this raw data is expressed as a simple list
of key-value pairs. For text datasets, selecting a document instead displays the associated
raw text. Thus, analysts can readily explore the entire dataset without having to reference

spreadsheets or outside tools to interpret the projections.


https://youtu.be/TzBjImkrbDU
https://youtu.be/TzBjImkrbDU
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4.4.1 An Animal Dataset

The Full Dataset

Given the initial projection of the entire animal dataset by Lampert et al. [71] depicted in
Figure 4.1, we can already begin gaining insights about the dataset. For example, while there
are no strongly distinguished groups or clusters of animals, more water-dwelling animals
appear in the upper right whereas more land-dwelling animals appear in the lower left.
Despite the hypothesis that the differences between animals are best described by their Water
attribute, the size and opacity of the attribute nodes indicate that Quadrupedal is the correct
answer. Since this is the initial projection of the attributes, this also means more animals
have a high value for Quadrupedal than for any other attribute. Therefore, many animals in
the dataset are Quadrupedal and that this attribute is the most “popular” attribute in the
dataset. In addition to these insights, the projection of the attributes shows that there are
strong correlations between certain attributes, such as Quadrupedal and Furry, since they are
projected closely together. Thus, an animal that has a high value for Quadrupedal is likely to
also have a high value for Furry. Similarly, Grazer and Hooves are somewhat correlated, but
since they are projected on the opposite side of the attribute panel, they are not correlated

with Quadrupedal and Furry.

Analysis on a Subset of the Dataset

Using the same subset of the animal dataset as in Figure 4.2 and Figure 4.3 for clarity,
consider an analyst who wants to gain insights based on the three related questions mentioned

in Section 4.1 using this dataset:

1. What attributes separate the Tiger and Wolf from the Blue Whale and Dolphin as
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Figure 4.5: Given the initial projection shown in Figure 4.2, (Top) the analyst can move
animals to express their desired similarities or differences to begin investigating their three
questions about this animal dataset. (Bottom) After clicking “Update Layout,” the data
is reprojected with new attribute weights and observation weights. The analyst can now
use node position, size, and opacity to determine the answers to all three questions without
performing any further interactions.

well as from the Cow and Sheep?

2. What other animals are similar to those three groups?

3. What other attributes are correlated with the attributes that separate these three

groups?

To answer these questions, after the data is initially projected (as shown in Figure 4.2), the

analyst would begin by using Prl to move the nodes for the animals of interest into three
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groups, as depicted in the top row of Figure 4.5. Clicking “Update Layout” results in the

final projection shown in the bottom row of Figure 4.5.

Following this reprojection, the analyst can answer Question 1 by observing that the at-
tributes Water, Hunter, and Grazer are large and opaque, thus leading to the insight that
they describe the differences between the three groups of animals. Additionally, this projec-
tion gives the analyst the insight that Horse, Deer, Elephant, and Squirrel are similar to the
Cow and Sheep; the Siamese Cat and German Shepherd are most like the Tiger and Wolf;
and the Otter is similar to the Dolphin and Blue Whale. Thus, Question 2 is also answered

from this projection.

However, Question 1 and Question 2 can be answered by existing techniques such as An-
dromeda [102]. What makes SIRIUS unique is that Question 3 can also be determined at
a glance via the relative node positions in the attribute panel; more similar (or correlated)
items will appear closer together in the projections. Thus, analysts can easily gain the insight
that Furry, Active, Speed, Smart, Strength, and Size are all more correlated with Hunter than
with Grazer or Water. Similarly, Stripes, Walks, Forager, and Spots are most correlated with
Grazer. The Water attribute, in comparison to Hunter and Grazer, is not correlated with

any other attributes.

Connecting these answers for Question 3 back to the animals, this means that the animals
that have a high value in Hunter are more likely to have higher values for Furry, Active,
Speed, Smart, Strength, and Size than animals that have a high value in Grazer or Water.
Inspection of the animals in the observation panel (or domain knowledge) provides the insight
that animals that are high in Hunter are animals like Tiger and Wolf. Similarly, animals
that have a high value in Grazer (like the Cow and Sheep) are more likely to have higher
values for Stripes, Walks, Forager, and Spots than animals that have a high value in Hunter

or Water. Animals that have a high value in Water (like the Dolphin and Blue Whale) are
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not as likely as animals that have a high value in Hunter or Grazer to have higher values in

any of the other attributes.

4.4.2 A Text-Based Dataset

As mentioned in Section 4.3.3, our notion of importance, defined by Equations 4.5-4.6,
results in a high importance for observations that have high values for important attributes
and vice versa. This definition of importance is well-suited for text-based datasets in which a
higher value for an attribute (e.g., an extracted entity) denotes that the associated extracted

entity appears more often in that document (observation).

TF-IDF Data vs. Topic Modeled Data

To demonstrate how SIRIUS can be used to explore textual data, we extracted entities
from a synthetic intelligence analysis dataset [57] and created a TF-IDF matrix in data
preprocessing steps. Using SIRIUS to visualize this data (depicted in Figure 4.6-A), we can
immediately see that Charlottesville is greatly emphasized over other attributes. Given this
is the initial projection, the emphasis on Charlottesville indicates that this entity has the
highest sum of TF-IDF values across the entire dataset, hinting that there may be something
nefarious occurring there. Since Charlottesville is the entity that has the largest influence
on the documents in the observation panel, documents that mention Charlottesville (the
5 documents towards the top of the observation panel) are separated from the ones that
don’t (in the middle of the observation panel). Inspecting these Charlottesville documents

provides insight on a terrorist plot in Charlottesville involving several individuals.

However, Figure 4.6-A has many of the observations and attributes overlapping with each

other, making them harder to distinguish from each other. Although the attribute node
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Figure 4.6: The panels labeled A show an initial projection using SIRIUS with all extracted
entities as attributes of a textual dataset, which immediately emphasizes Charlottesville as
an important entity. The panels labeled B show an initial projection with topics learned
through topic modeling as the attributes of the dataset. While this makes both the projection
of the observations and the projections of the attributes clearer, the initial insight about
Charlottesville is lost.

labels have been removed to improve clarity in the projection, these labels are still accessible
by hovering over a node.? However, this issue can also be alleviated using topic modeling
to essentially group attributes together (and thus better separate the documents) during an
additional preprocessing step. Visualizing the topics in place of the extracted entities results
in the much clearer initial projections shown in Figure 4.6-B. The tradeoff in doing so is that

the previous initial insight that Charlottesville may be the center of some nefarious activity

2There are many methods for improving the display of labels in scatterplot-like visualizations [27, 44].
However, this is not the main focus of this paper; we instead focus on new interactive projection techniques
for displaying both observations and attributes of high-dimensional data and highlight the insights that can
be gained.
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is lost.

Example Analysis

To show analysis on text data with SIRIUS, we use the topic modeled data to improve clarity.
A reasonable starting point with a dataset like this is to pick out attributes (i.e., topics) that
seem more indicative of nefarious activity than others. Examining the topics shown in the at-
tribute panel of Figure 4.6-B uncovers a number of such topics, including one that focuses on
passport information (dates/passport/address), another on police activity (polic/truck/two),
and a third on explosions (report/driver/explos). In contrast, topics like <number> /cia/date
seem perhaps generic or less useful to the initial investigation. Performing Prl by dragging
the three attributes of interest into one corner to and <number> /cia/date into the opposite
corner to expresses their desired similarities/dissimilarities (depicted in the top row of Fig-
ure 4.7) and clicking “Update Layout” above the attribute panel results in the visualization
depicted in the bottom row of Figure 4.7. This visualization gives the insight that the top-
ics <number> /report/phone and april/ave/report are very closely correlated with the three
topics of interest that were moved. These new topics, along with fbi/list/<number> (which

is now the most emphasized topic), are all worthy of further investigation.

However, most notably, this interaction resulted in the document fbi11 being highly empha-
sized in the observation panel, giving insight on its strong association with the emphasized
topics in the attribute panel. Reading the contents of this document reveals information that
happens to be central to one of the three main terr<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>