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Abstract

Predicate Induction and Visual Analytics: Bridging

Human and Automated Reasoning

Brian Montambault

ADVISOR: Remco Chang

While data-driven decision making has garnered increased interest across a wide
range of domains, real-world analysis tasks continue to pose significant challenges.
These tasks are often characterized by loosely defined goals and shaped by informa-
tion that is incomplete, ambiguous, or dependent on domain-specific context. Vi-
sual Analytics (VA) seeks to address these challenges by integrating automated data
analysis and human reasoning through interactive visual interfaces. However, this
approach can fall short when users struggle to align analysis results with their own
understanding of the data and task. In this thesis, I introduce predicate induction
for visual analytics as a technique to help bridge the gap between human and au-
tomated reasoning. Predicate induction produces concise, interpretable statements
describing relevant subsets of the data. By representing both concrete subsets and
abstract logical concepts, predicates serve as a shared medium for automated and
human reasoning. I demonstrate the flexibility and effectiveness of this approach
through the design of three systems for three distinct analysis use-cases: PIXAL
for anomaly reasoning, DimBridge for explainable dimensionality reduction, and
VIGOR for graph visualization recommendation. For each system, I demonstrate
how the predicate induction engine and visual interface are designed to address the

nuances of the particular analysis use-case. Then, I discuss our initial steps to-
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wards generalizing this approach beyond our three use-cases, presenting a formal

framework for predicate induction in visual analytics.
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Chapter 1

Introduction

Recent advances in data management and analysis technologies have made data-
driven decision making increasingly accessible across a wide range of domains. As
the value of extracting insights from data continues to become more widely recog-
nized, a growing proportion of analysis tasks are characterized by loosely defined
hypotheses, domain-specific objectives, and incomplete information. For example,
anomaly detection, the problem of identifying data points that deviate significantly
from expected patterns, has become widely accessible through both open source
libraries [PVG™11] and commercial tools [tab]. However, leveraging anomaly de-
tection results for data-driven decision making remains a challenge [CBK09]. What
constitutes an “anomaly” is highly dependent on context, making it difficult to apply
a uniform approach across diverse use-cases. Furthermore, the process of extract-
ing insights that are applicable to decision making is similarly context dependent,
requiring an additional layer of reasoning beyond simply identifying unusual data
points. At the same time, the size and complexity of datasets available for analysis
continue to grow rapidly, fueled by advances in infrastructure for data collection and
storage [KKKGI14]. These trends underscore the need for new analysis tools capa-
ble of supporting users in navigating complex, ill-defined problems, while processing
and extracting insights from vast quantities of data at scale.

Visual Analytics (VA) addresses this need by combining the computational

power of automated analysis techniques with the flexibility of human reasoning



through the use of interactive visual interfaces [TC06, [KMS™08]. While purely auto-
mated methods require strict assumptions and a rigid interpretation of results, data
visualizations are flexible representations that, when combined with users’ back-
ground knowledge, can provide insights into multiple facets of the data. The power
of data visualization is exemplified by Anscombe’s Quartet, which describes four
datasets characterized by dramatically different relationships that share identical
summary statistics [Ans73]. While these distinctions are immediately recognizable
when the data is visualized, they are obscured by the fixed assumptions imposed
by the choice of summary statistics. Interaction provides further benefits beyond
static data visualizations, allowing users to filter data, adjust the parameters of un-
derlying algorithms, and manipulate visual encodings to focus on specific aspects of
the broader analysis task. This process facilitates a sense-making loop that allows
users to iteratively explore, refine, and test hypotheses [PC05]. Over the course of
an analysis, users are able to sharpen their understanding of both the data and the
analysis problem, while incorporating domain-specific knowledge that may not be
apparent from the raw data alone. While VA offers advantages over purely auto-
mated approaches, users may still struggle to interpret analysis results. Outputs
from complex algorithms can be difficult to relate to domain-specific concepts, mak-
ing it unclear how the results support decision-making. Moreover, the process by
which raw data is transformed into results is frequently opaque, leaving users un-
certain about why a particular output was produced, and which facets of the data
were the most influential. This is especially true for tools geared towards domain
experts, who bring rich domain knowledge to the analysis but may lack expertise
in data science and statistics. This disconnect can break the sense-making loop,
leaving users frustrated and unable to extract further insights.

If VA systems are to be widely adopted as a tool for large-scale data analy-
sis, their underlying analysis processes must produce results that are interpretable
and transparent to users from diverse backgrounds and varying levels of technical
expertise. In this thesis, I introduce predicate induction as one such automated

analysis technique that can be broadly applied in VA systems. Predicate induction



is an automated analysis technique that produces predicates - concise logical state-
ments that describe subsets of the data relevant given a particular use-case. For
example, consider a tabular sales dataset where each row represents a transaction
by an online retailer, and each column corresponds to attributes such as customer
demographics, product category, and financial metrics. Suppose the retailer seeks
to identify customer segments where total sales are lower than forecasted. Using
predicate induction, a sales analyst can identify subsets of the data that fit this
criteria - e.g., “customerAge > 65 AND Region = Midwest”, describing only the
sales records where the customer was over 65 years old and located in the Midwest
region. While other automated analysis techniques may produce results that are
difficult for users to conceptualize in the relevant domain context, predicates are
directly interpretable. A predicate is composed of a set of conditions that each
specify a data attribute and a set of values that can be interpreted independently
of the data (e.g., customers in a particular age bracket of from a particular region).
Predicates are understood not just as results derived from the data, but as a mean-
ingful concept within the context of their use-case. Furthermore, data points that
are relevant to the result and those that are not are defined explicitly, leaving no
ambiguity as to how that result was derived from the data. By representing both
an abstract explanation and a concrete subset of the data, predicates address the
two major limitations of results generated by other automated analysis techniques:
understanding the meaning of results in terms of their use-case, and understanding
the reasoning process leading from the raw data to the results.

In addition to facilitating interpretation of results generated automatically,
predicates are inherently composable and editable, providing a strong foundation
for user interaction. Because predicates are built from individual conditions, users
can modify them easily to explore related hypotheses or apply their domain knowl-
edge. For instance, an analyst might suspect that a similar pattern exists for this
age group for the Southwest region, and can immediately test their hypothesis by
modifying the condition “Region = Midwest” to Region = Southwest”. Similarly

an analyst might wish to further refine or expand a predicate by adding or remov-



ing conditions. For example, an analyst might understand from their background
knowledge that older customers are more likely to purchase a certain type of prod-
uct (e.g., Home Goods), and choose to add an additional clause “productCategory
= Home Goods”. In this way, predicates function not only as outputs of analysis,
but as manipulable artifacts that drive further inquiry. In addition to modifying
automatically generated predicates, users can simply generate their own predicates
from scratch that can be directly compared to those produced by the algorithm.
By producing results that are easily interpreted and manipulated by users, predi-
cate induction provides a flexible and transparent bridge between automated insight
and human reasoning. By utilizing predicate induction, VA systems can avoid the
frustration often experienced by users in reconciling results produced by automated
analysis techniques with assumptions derived by their own reasoning process.

In this thesis, I provide evidence for the effectiveness of predicate induction in
VA through three diverse analysis use-cases: anomaly reasoning (AR), explainable
dimensionality reduction (XDR), and graph visualization recommendation (GVR).
For each use-case, I present a system designed to bridge the gap between automated
insight and human reasoning through the use of 1) a predicate induction engine and
2) an interactive visual interface.

First, I present PIXAL, a VA system designed for AR. While anomaly de-
tection algorithms are widespread and accessible, AR, the process of understanding
and communicating the broader underlying phenomenon, is often necessary for ex-
tracting meaningful insights. PIXAL uses predicate induction to identify collections
of related anomalies, using a Bayesian t-test to compare anomaly scores within a
collection to the rest of the data. The resulting Bayes factor quantifies the strength
of evidence supporting the hypothesis that a data points in a particular collection
have significantly higher anomaly scores. Importantly, PIXAL’s induction engine
is capable of generating multiple plausible explanations for a given anomalous col-
lection. PIXAL’s visual interface allows users to directly compare and manipulate
these explanations, facilitating the synthesis of automatically generated results with

their domain expertise while verifying and building trust in the Bayes factor as a



reliable metric. Furthermore, PIXAL’s interface allows users to visualize anomalous
collections in the context of similar, but normal, collections, providing the necessary
context for interpreting anomalies in terms of domain-relevant attributes. Findings
from these comparisons are output as straightforward text descriptions; results that
can be communicated to stakeholders without needing to provide complex technical
background.

Second, I present DimBridge, a VA system designed for XDR. While di-
mensionality reduction (DR) allows users to identify the existence of patterns in
high-dimensional data, understanding their meaning in terms of the original dimen-
sions requires further reasoning. DimBridge uses predicate induction to find subsets
of data in the high-dimensional space that match a particular pattern in the DR
results, identified by the user through the visual interface. By defining predicates in
terms of the original dimensions, DimBridge’s induction engine defines the smallest
subspace needed to define a given pattern. While visualizing all dimensions would
be a major challenge, this smaller subspace is easy to visualize in DimBridge’s inter-
face, allowing users to reason about patterns in terms of relationships found existing
in the original dimensions. To facilitate a smooth sense-making loop, DimBridge’s
induction engine prioritizes speed over accuracy. DimBridge’s visual interface com-
pensates for potential inaccuracies by displaying the pattern defined by the auto-
matically generated predicate alongside the original pattern selected by the user.
By making these inaccuracies explicit, DimBridge’s visual interface allows users to
identify and correct for misleading or spurious results through further exploration
and interaction.

Finally, I present VIGOR, a system designed for graph visualization recom-
mendation (GVR). Graph datasets represent not only data points, but relation-
ships between data points, providing rich structure for analysis not found in tabular
datasets. However, this added complexity makes graph visualization a major chal-
lenge, especially for users with limited experience using available visualization tech-
niques. VIGOR uses predicate induction to generate interpretable guidelines from

labeled examples, describing when particular visualization techniques are appro-



priate based on statistics generated from the graph (e.g., number of nodes/edges,
density). In addition to serving as guidelines generated automatically by the in-
duction engine, predicates defined over graph statistics can be generated directly
from the literature, providing a framework that combines expert knowledge with
data-driven insights. Integrated into a visual interface supporting multiple graph
visualization techniques, VIGOR recommends suitable visualizations while helping
users develop a generalizable understanding of relationships between graph proper-
ties and the effectiveness of each visualization technique.

Following the use-cases, I propose a formal framework for applying predi-
cate induction to VA. I begin by presenting a generalized understanding of pred-
icate induction gained through experience with diverse use-cases, specifying what
distinguishes predicate induction from other automated analysis techniques, when
predicate induction is useful (and when it is not), and detailing the tradeoff between
accuracy, interpretability, and speed. Then, I discuss how an interactive visual in-
terface can be used to manage this tradeoff, while providing additional context for
understanding subsets of data and their corresponding explanations. Finally, I for-
mally define these components of the induction engine and visual interface in terms
within a discrete design space, providing a tool that researchers can use to apply
this technique to future work across a wide range of possible use-cases.

In the next chapter, I begin by reviewing related work on visual analytics and
predicate induction. In Chapter 3, I introduce PIXAL, a VA system for AR, and
demonstrate its effectiveness through interviews with industry data scientists and
analysts in healthcare and roadside assistance domains. In Chapter 4, I introduce
DimBridge, a VA system for XDR, and demonstrate its effectiveness through a ma-
terials science case study with domain scientists. In Chapter 5, I introduce VIGOR,
a system for GVR, and demonstrate its effectiveness in generating guidelines from
an expert-labeled graph dataset. In Chapter 6 I propose a formal framework for
applying predicate induction in visual analytics, defining a path forward for future
applications across diverse use-cases. In Chapter 7 I reflect on the advantages of

this approach and implications for broader questions in the VA community. Finally,



in Chapter 8 I explain how the systems and formal framework presented in this
thesis contribute towards the overall goal of bridging the gap between human and

automated reasoning in visual analytics.



Chapter 2

Related Work

This chapter reviews prior work related to the application of human and automated
reasoning in complex data analysis use-cases, characterized by loosely defined ob-
jectives, hypotheses, and relevant context. I organize this work into three sections.
First, I discuss foundational work in visual analytics that defines the complemen-
tary roles of human and automated reasoning within an analytic dialogue. Second,
I discuss interaction, visualization, and explainable artificial intelligence (XAI) as
mechanisms designed to support communication between the human analyst and the
automated system within this dialogue. Finally, I discuss systems that use predicate
logic as a shared, flexible representation of both human and automated reasoning,

combined with visualization to address a wide range of analysis use-cases.

2.1 Visual Analytics

Thomas and Cook (2005) define the process of visual analytics as an active discourse
between the analyst and the system [CT05]. Within this discourse, the system uses
complex computations to extract relevant patterns from the data, while the analyst
uses their background knowledge, experience, and flexible reasoning abilities to re-
late patterns to real-world challenges. Kiem et al. (2006) identify active discourse
as the distinguishing factor between visual analytics and traditional information

seeking [KMSZ06|. This iterative process allows the analyst to continuously refine



their understanding of the problem, and the system to improve how it presents the
data to best support the analyst. Later work incorporated these theories into for-
mal models [KMST08, ISSST14]. Kiem et al. (2008) propose a model that defines
visual analytics as the process of transforming data into insights [KMS™08]. In
this model, the system applies transformations to the data that yield hypotheses
and visualizations, while the analyst interacts with the system to modify or gener-
ate new hypotheses and visualizations. Over the course of the analysis, hypotheses
and visualizations are continuously refined, supporting the analyst in discovering
increasingly relevant insights. Sacha et al. (2014) propose a model of knowledge
generation in visual analytics that elaborates on this view [SSST14]. In their model,
the automated system applies transformations and generates visualizations from the
data, while the analyst interacts with the system in three loops. In the exploration
loop, analysts interpret patterns to generate hypotheses and guide further analysis.
In the verification loop, analysts test and refine hypotheses using evidence observed
in the visualization. In the knowledge generation loop, analysts synthesize newly
acquired insights with their prior knowledge.

Visual analytics has been applied across a wide range of critical domains,
including healthcare [CG15], finance [CGK™], and cybersecurity [GS09]. The inte-
gration of flexible human reasoning makes this approach particularly effective for
ill-defined or ambiguous use-cases where domain-specific context plays a central role
and cannot be derived from data alone. Two notable examples include anomaly
detection and high-dimensional data analysis.

Visual Analytics for Anomaly Detection: The visual analytics community has
a rich history of research and development of systems for anomaly detection, dating
back to the original visual analytics research agendas by Thomas and Cook [TCO6]
and Keim et al. [KMS™08]. Such systems can be found in nearly any domain where
anomalies represent critical failures, including fraud detection [LGM™17, LGM™18,
CGK™], network security monitoring [MKN™07, [GS09, XGHO06], and machine learn-
ing [WPB™19, [CL18, [HKPCI18]. For example, the Situ system |[GRST18] utilizes

unsupervised anomaly detection algorithms to detect potential suspicious data and



provide analysts with an interactive visual interface to explore and make sense of the
found anomalies. Similarly, visual analytics systems in the domains of space-time
and trajectories analysis (e.g., [AAGO3, [AMSTT1l, ILYCT0, MRH™09]), network se-
curity (e.g., [XWY™20, [ZCS19, XXMI9] and surveys by Shiravi et al. [SSGI11] and
Zhang et al. [ZWL™17]), and systems such as Voila [CLZ"17] used in urban devel-
opment scenarios and TargetVue |[CSLT16] for social media analysis help analysts
make sense of anomalous and suspicious behaviors in complex, dynamic, and het-
erogeneous data. Other approaches focus on relationships between anomalies, such
as the higher-order correlation graphs proposed by Yan et al. [YSTT18, [TSZ"18)].

Visual Analytics for High-Dimensional data analysis: High-dimensional data
poses a significant challenge for analysts, concealing important patterns across a
large number of data attributes. A number of visual analytic solutions have been
proposed that leverage novel visualization and interaction techniques. One of the
most common families of methods is multiline graphs [And72] Ins85], which plot
several to many features either overlaid or stacked vertically over another dimen-
sion. This visual technique does not reduce the dimensionality of the data in terms
of losing information or combining dimensions. An example of this is the parallel
coordinates plot [Ins85, [HW13], which puts each dimension on a separate axis and
draws a line connecting these axes for each instance. Parallel coordinates are often
used in concert with sophisticated interaction techniques for selecting groups of data
items, e.g., angular brushing of dimensions [HLDO02], multi-way brushing for high
dimensional pattern discovery [RLS™19], as well as augmented designs that better
convey relationships between dimensions [BKS20]. The multiline approach allows
for the visualization of all dimensions but can become cluttered and hard to inter-
pret as the number of dimensions increases. Visual analytic systems designed for
high-dimensional data often utilize dimensionality reduction (DR) algorithms such
as PCA [Pea01], t-SNE [vdMHO08|, and UMAP [