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A B S T R A C T

Event sequence data, such as system logs, interaction logs, eye-tracking recordings, and electronic health
records, are collected widely across application domains to record how activities and processes unfold
over time. Such data are rarely ready for direct analysis. Raw sequences are often characterized by large
event alphabets, varying lengths, high fragmentation, and substantial noise, and a persistent gap sepa-
rates low-level logged events from the higher-level constructs that produced them, such as exploration
strategies and cognitive processes. Fully automated methods risk discarding infrequent yet analytically
significant information, whereas purely manual inspection becomes impractical as data grow in volume
and heterogeneity. These challenges motivate visual analytics (VA) approaches that couple computa-
tional methods with interactive visualization while keeping the human analyst in the loop. This thesis
investigates how VA can support analysts in transforming, exploring, comparing, extracting, and inter-
preting complex event sequence data derived from interaction logs.

The thesis comprises four papers that form amethodological progression along the VA process. First,
a VA approach is presented for improving the quality of noisy and fragmented event sequences in the
domain of en-route air traffic control. The approach supports transparent, context-aware transforma-
tions and provides visual cues about potential information loss, enabling analysts to assess the impact of
each transformation step and improve data quality progressively while preserving analytically significant
information. Once sequences are prepared, the analytical focus shifts to what they reveal about user
behavior. Accordingly, the second paper proposes a VA approach for analyzing interaction logs from
an interactive touchscreen exhibit in an informal learning environment. Coordinated visual represen-
tations support navigation across multiple levels of granularity, enabling analysts to inspect individual
behaviors, compare users, and identify recurring exploration strategies. As such data extend from con-
trolled studies to unstructured, in-the-wild collections, individual inspection alone becomes insufficient.
The third paper therefore introduces a VA workflow that integrates a tailored similarity measure, hierar-
chical clustering, and process mining to guide the stepwise extraction, characterization, and validation
of interaction patterns in large, unstructured interaction logs. Finally, the fourth paper addresses the
gap between observable behavior and cognition through a VA approach grounded in a systems thinking
framework. Interaction sequences are transformed into multidimensional time series, and motif discov-
ery is coupled with similarity analysis and interactive clustering to characterize pupils’ problem-solving
behavior in a digital learning environment for the carbon cycle, supporting hypothesis generation about
underlying reasoning processes. The proposed approaches are implemented in interactive systems and
examined through usage scenarios, case studies, and expert workshops conducted in close collaboration
with domain experts.

Together, these contributions advance VA for event sequence analysis across diverse contexts, includ-
ing air traffic control, interactive public exhibits, and digital learning environments. They demonstrate
how transparent, interactive, and domain-informed workflows can render complex event sequence data
analytically accessible and help analysts connect fine-grained interaction traces to higher-level interpre-
tations of user behavior.
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S V E N S K S A M M A N F A T T N I N G

Händelsesekvensdata, såsom systemloggar, interaktionsloggar, ögonrörelseinspelningar och elektron-
iska patientjournaler, samlas in i stor omfattning inom olika tillämpningsområden för att dokumentera
hur aktiviteter och processer utvecklas över tid. Sådana data är sällan direkt redo att analyseras. Råa
sekvenser kännetecknas ofta av stora händelsealfabet, varierande längd, hög fragmentering och bety-
dande brus. Dessutom råder en bestående klyfta mellan loggade lågnivåhändelser och de övergripande
konstruktioner som gett upphov till dem, såsom utforskningsstrategier och kognitiva processer. Helt
automatiserade metoder riskerar att förkasta sällsynt men analytiskt viktig information, medan rent
manuell granskning blir opraktisk när data växer i volym och heterogenitet. Dessa utmaningar motiverar
visual analytics (VA) metoder, det vill säga visuella analysmetoder som kopplar samman beräkningsme-
toder med interaktiv visualisering samtidigt som den mänskliga analytikern förblir delaktig i analyspro-
cessen. Denna avhandling undersöker hur VA kan stödja analytiker i att transformera, utforska, jämföra,
extrahera och tolka komplexa händelsesekvensdata härledda ur interaktionsloggar.

Avhandlingen omfattar fyra projekt som bildar en metodologisk progression längs VA-processen. I
den första artikeln presenteras en VA-metod för att förbättra kvaliteten hos brusiga och fragmenterade
händelsesekvenser inom flygtrafikledning. Metoden stödjer transparenta, kontextmedvetna transforma-
tioner och ger visuella ledtrådar om potentiell informationsförlust, vilket gör det möjligt för analytiker
att bedöma effekten av varje transformationssteg och successivt förbättra datakvaliteten samtidigt som
analytiskt viktig information bevaras. När sekvenserna väl är förberedda förskjuts det analytiska fokuset
mot vad de avslöjar om användarbeteende. Följaktligen föreslås i den andra artikeln en VA-metod för
att analysera interaktionsloggar från en interaktiv pekskärmsutställning i en informell lärandemiljö. Ko-
ordinerade visuella representationer stödjer navigeringmellan flera detaljnivåer, vilket gör detmöjligt för
analytiker att granska enskilda beteenden, jämföra användare och identifiera återkommande utforskn-
ingsstrategier. När sådana data utvidgas från kontrollerade studier till ostrukturerade samlingar insam-
lade i verkliga miljöer räcker enskild granskning inte längre till. I den tredje artikeln introduceras där-
för ett VA-arbetsflöde som integrerar ett skräddarsytt likhetsmått, hierarkisk klustring och processutvin-
ning för att vägleda en stegvis extrahering, karakterisering och validering av interaktionsmönster i stora,
ostrukturerade interaktionsloggar. Slutligen behandlar den fjärde artikeln klyftan mellan observerbart
beteende och kognition genom en VA-metod förankrad i ett ramverk för systemtänkande. Interaktion-
ssekvenser transformeras till flerdimensionella tidsserier, och motivupptäckt kombineras med likhets-
analys och interaktiv klustring för att karakterisera elevers problemlösningsbeteende i en digital läran-
demiljö om kolets kretslopp, vilket stödjer hypotesgenerering om underliggande resonemangsprocesser.
De föreslagna metoderna är implementerade i interaktiva system och prövas genom användningsscenar-
ier, fallstudier och expertworkshoppar genomförda i nära samarbete med domänexperter.

Tillsammans för dessa bidrag VA för händelsesekvensanalys framåt i skilda sammanhang, därib-
land flygtrafikledning, interaktiva offentliga utställningar och digitala lärandemiljöer. De visar hur trans-
parenta, interaktiva och domäninformerade arbetsflöden kan göra komplexa händelsesekvensdata ana-
lytiskt tillgängliga och hjälpa analytiker att koppla finkorniga interaktionsspår till tolkningar av användar-
beteende på högre nivå.
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chapter 1

T R A I L H E A D

In the summer of 1854, a severe cholera outbreak killed more than 600 people in the Soho district of
London within a matter of weeks. The prevailing medical theory of the time held that cholera spread
through “bad air”. John Snow, a physician who was skeptical of this theory, traced cholera deaths by
plotting bars on a street map of the neighborhood (Fig. 1.1), showing a striking spatial concentration of
cases near a single water source. This finding eventually led to the removal of the pump handle, and
the outbreak subsided. Snow’s map not only described the epidemic but also made a causal argument
visible in a way that words and tables of numbers could not, resulting in a life-saving intervention.

Figure 1.1: John Snow’s 1854 cholera map of the Broad Street outbreak in London [95]. Black
stacked bars indicate cholera deaths, revealing a clear concentration of cases around the contam-
inated Broad Street pump. This image is in the public domain.
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1.1 Motivation

Although more than a century and a half separates Snow’s map from today’s digital environments, its
central premise endures: carefully designed visual representations can reveal structure hidden within
complex data and turn observation into actionable understanding. Digital systems have become an in-
escapable part of how people work, learn, and explore information. Behind these everyday interactions
are traces of human activity: a tap on a screen, a click on an interface, a dragged object, a gaze shift, a
selected option. Over time, these traces accumulate into interaction logs and event sequences that offer
a detailed yet often complex account of how people engage with digital devices and environments. Such
sequence data now appear across health informatics, internet applications, and Industry 4.0, where their
scale, dimensionality, and heterogeneity make them both valuable and difficult to interpret [45].

Unlike aggregated measures, such as total time, click counts, or final task outcomes, interaction logs
preserve the temporal structure of behavior. This temporal structure is crucial, as behavior in digital
environments is rarely a set of isolated actions; users revisit options, compare alternatives, recover from
mistakes, test assumptions, and adapt their actions as a task unfolds. Interaction logs can therefore
reveal not only what users did, but how they moved through a system. For system designers, they can
support interface redesign, surface usability problems, and expose discrepancies between intended and
actual use [13, 109]. For educators and researchers, logs from digital learning environments can provide
insight into otherwise hidden cognitive processes, such as how pupils approach problems, where they
struggle, and which strategies they develop over time [22, 25]. For experts in domains such as air traffic
control, medical monitoring, and cybersecurity, logs can support the analysis of operator performance,
competency assessment, and the design of future automation support [39, 62, 79].

Across these diverse application domains, a common analytical challenge emerges: moving beyond
knowing what a user did toward understanding how and why they did it. To address this, a wide range
of techniques has been developed for the visual representation, exploration, and comparison of event
sequence data [45, 99]. Despite this progress, transforming raw interaction logs intomeaningful accounts
of human behavior remains an open and evolving challenge, rooted in the data’s intrinsic properties,
domain differences, the limitations of existing analytical approaches, and the rapid emergence of new,
increasingly complex digital environments. Four intertwined difficulties, which persist across application
domains and jointlymotivate this thesis, are examined as follows: the nature of the data, the insufficiency
of fully automated approaches, the impracticality of purely manual analysis, and the gap between event
sequences and their interpretation.

The nature of the data. Event sequences tend to be long and contain many distinct event types,
spanning dozens to hundreds. Spurious or uninformative events frequently fragment them, and the
sequences exhibit high variability in both event frequency and duration. These properties complicate the
identification of recurring behavioral patterns, both within individual sequences and across user groups.

The insufficiency of fully automated approaches. Computational methods such as pattern
mining, clustering, and sequence modeling handle scale efficiently [29, 45, 111], but they are fundamen-
tally domain-agnostic. A frequent subsequence need not be behaviorally meaningful, and a rare event
need not be irrelevant. Without domain knowledge, automated preprocessing risks discarding precisely
what should be preserved, and no downstream analysis can recover what has been lost [54]. Moreover,
purely automated pipelines offer little transparency: the analyst often receives a processed result with
no visibility into what was changed, what was removed, and why [45, 91, 108].
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The impracticality of purely manual analysis. Domain experts bring irreplaceable knowl-
edge and interpretive judgment to the analysis, but inspecting raw sequences of many events across
multiple sessions without computational support is impractical, time-consuming, and difficult to repro-
duce [54]. Manual analysis is also vulnerable to inconsistency, as findings produced without systematic
and traceable tools become difficult to compare, verify, reproduce, or build upon [81, 94, 109].

The gap between event sequences and interpretation. Interaction logs typically capture low-
level behavior, such as which object was clicked, which region was inspected, or which connection was
made. Yet the questions that researchers, educators, and system designers seek to answer are generally
high-level, such as what strategy a user employs, or what an identified pattern reveals about expertise,
understanding, or learning. The mapping from observable actions to such higher-level constructs, and
ultimately to reasoning, is neither trivial nor automatic. It instead requires analytical framing, domain
expertise, and human judgment that no algorithm can fully substitute for [21, 74, 91].

1.2 Visual Analytics as an Approach

Taken together, the four challenges outlined above motivate the use of visual analytics [55, 97]. Vi-
sual analytics has been defined as the science of analytical reasoning facilitated by interactive visual
interfaces [97], integrating automated analysis with interactive visualization to support reasoning over
complex data. Its defining characteristic is the tight coupling of computational methods and visual rep-
resentations through interaction, which keeps the human analyst in the loop throughout the analytical
process. This coupling directly addresses the four challenges above. Domain knowledge can be incor-
porated into automated transformation before analytically significant information is lost; the operations
applied to the data can be made transparent and traceable; the scale of the data can be handled com-
putationally while interpretation remains under expert control; and the path from low-level events to
higher-level interpretation can be supported in a way that no fully automated pipeline can provide.

Building on this paradigm, this thesis investigates how visual analytics can support the analysis of
complex event sequence data throughout the analytical pipeline, from transformation to interpretation.
This investigation is grounded in, and examined through, concrete applicationdomains, each contributing
distinct interaction log data with different challenges and analytical demands.

1.3 Research Scope and Domain Context

The scope of this thesis is the visual analysis of complex event sequence data derived from interaction
logs. Themain focus is on interactive, human-in-the-loop analysis that incorporates automatedmethods
to support analysts in transforming, exploring, comparing, extracting, and interpreting complex interac-
tion sequences. This analysis is developed and examined across two application domains that span a
spectrum of settings: a safety-critical professional activity on one end, and, on the other, two learning
contexts ranging from informal public engagement to structured formal education. The domains are not
studied in isolation; they serve as complementary settings through which a common set of analytical
challenges, spanning data transformation to higher-level interpretation, is investigated.

The first setting concerns air traffic control (ATC). En-route control involves maintaining safe and ef-
ficient traffic flow within a controlled airspace sector, with the primary objective of ensuring minimum
separation between aircraft. One of the central tasks performed by air traffic controllers (ATCOs) in this
context is conflict detection and resolution (CD&R), which requires continuous visual scanning and in-
teraction with complex control interfaces to detect impending conflicts between aircraft, formulate a
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resolution strategy, and issue the appropriate clearances [65]. Understanding how ATCOs carry out this
task, and which behavioral patterns characterize their scanning and resolution strategies, is of direct
interest to ATC researchers and trainers seeking to assess competency and inform the design of future
automation support.

The second setting concerns informal learning [5] in a public science center setting, where an in-
teractive exhibit, “Sweden in Numbers” (SiN), was investigated. The exhibit is implemented on a large
touchscreen table that enables visitors to explore complex demographic and societal data about Sweden
through an interactivemap. This setting involves diverse groups of people with varying backgrounds, mo-
tivations, and prior knowledge engaging freely with a digital environment. Understanding how such visi-
tors explore the exhibit, which strategies they employ, and what their interaction patterns reveal about
engagement and cognitive processing is of direct interest to educational researchers, exhibit designers,
and science center stakeholders.

The third setting concerns formal learning in a digital learning environment, Tracing Carbon (TC) [68].
In this environment, pupils demonstrate their understanding of the global carbon cycle by drawing di-
rected connections between carbon reservoirs. This activity is task-directed and embedded in a struc-
tured educational objective. The analytical challenge is not merely to describe what pupils did, but to
interpret the meaning of their exploration patterns in relation to higher-level cognitive constructs and
reasoning, making this domain of direct interest to educators and learning researchers seeking insight
into how understanding develops.

1.4 Research Questions

Motivated by the challenges outlined above and situated in the three application settings described,
this thesis develops visual analytics approaches to support the transformation, exploration, comparison,
extraction, and interpretation of complex event sequence data. Four research questions are formulated
as follows:

RQ1. How can visual analytics approaches support the transformation of noisy event sequence data
while preserving analytically significant information?

Raw event sequences are rarely ready for direct analysis. Noise, fragmentation, and irrelevant events can
obscure meaningful patterns, yet fully automated preprocessing may remove infrequent but important
events without analysts’ awareness. Therefore, this question focuses on interactive, transparent, and
domain-informed transformation, enabling analysts to assess the impact of each transformation step
and to improve the quality of downstream analysis.

RQ2. How can visual analytics methods support the multi-level exploration and comparison of com-
plex event sequences across different levels of granularity?

Once event sequence data have been prepared, the analytical challenge shifts to understandingwhat the
sequences reveal. Meaningful behavior manifests at different scales, yet individual events are too fine-
grained to reveal overarching strategies; aggregated summaries hide the actions that constitute them;
and recurring strategies only become apparent when sequences are viewed in relation to one another.
Therefore, this question focuses on multi-level representation and comparison of event sequences, sup-
porting analysts in exploring and inspecting user behavior across levels of granularity, from individual
events to entire tasks and sessions, and in comparing sequences across users, tasks, or sessions.
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RQ3. How can algorithmic workflows support guided, human-in-the-loop characterization and identi-
fication of complex interaction patterns?

As event sequence data grow from controlled studies to larger, more heterogeneous collections, individ-
ual inspection becomes inefficient and insufficient. Algorithmic methods can extract candidate patterns
at scale, yet their results are only useful if analysts can understand, steer, and act upon them. Therefore,
this question focuses on interactive workflows that couple algorithmic pattern extraction with coordi-
nated visualization, guiding analysts toward potentially meaningful structures while keeping algorithmic
results accessible, interpretable, and verifiable.

RQ4. How can visual analytics systems support the interpretation and mapping of complex interac-
tion patterns in relation to higher-level constructs, such as strategies, cognitive processes, and
reasoning?

Describing what users did is only part of the analytical goal; the questions that ultimately matter to do-
main experts concernwhat these interactionsmay imply about how users explore, learn, or reason. Such
higher-level constructs are of central interest, yet they are not directly observable in interaction logs nor
directly computable by any algorithm, and a persistent gap separates the recorded low-level events from
the cognitive processes theymay reflect. Therefore, this question focuses on theory-informed interpreta-
tion of interaction patterns, enabling analysts to connect low-level events to higher-level constructs, such
as exploration strategies, learning processes, or reasoning frameworks grounded in application domains.

1.5 Thesis Contributions

In response to these questions, this thesis contributes visual analytics approaches for analyzing inter-
action event sequence data across three settings. The four included papers form a methodological pro-
gression: improving noisy raw sequences, revealing interaction strategies, extracting behavioral patterns,
and finally interpreting these patterns in relation to higher-level constructs, such as learning frameworks
and reasoning. Four main contributions are as follows:

C1. Interactive transformation of noisy event sequences and quality assessment of the transforma-
tion results. The thesis contributes a visual analytics approach that enables analysts to progres-
sively transform noisy, complex event sequence data to improve their quality while preserving
analytically significant information (RQ1). This contribution is realized in Paper I.

C2. Multi-level exploration and comparison of interaction strategies. The thesis contributes coordi-
nated visualizationmethods that support the exploration and comparison of interaction sequences
across multiple levels of granularity, enabling analysts to investigate individual behaviors, compare
them, and identify recurring interaction strategies (RQ2 & RQ4). This contribution is mainly real-
ized in Papers II and IV, and is further supported by Paper III.

C3. User-driven extraction and characterization of interaction patterns. The thesis contributes in-
teractive analytical workflows that integrate algorithmic methods with interactive visualization to
guide analysts in stepwise extraction, characterization, and validation of behavioral patterns from
unstructured, complex interaction sequences (RQ3 & RQ2). This contribution is realized in Papers
III and IV.

C4. Theory-grounded interpretation of interaction patterns in relation to higher-level cognitive con-
structs. The thesis contributes visual analytics designs that couple domain-informed behavioral
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abstractions with established theoretical frameworks, enabling analysts to connect low-level inter-
action events to higher-level cognitive constructs, such as reasoning processes, learning strategies,
and systems thinking, and to formulate evidence-based hypotheses about them (RQ4). This con-
tribution is realized in Papers II and IV, and is supported by Paper III.

1.6 Thesis Structure

The remainder of this thesis is organized as follows:

• Chapter 2 surveys the background and related work on event sequence data, visual analytics, al-
gorithmic pattern extraction, and the higher-level constructs through which interaction behavior
is interpreted.

• Chapter 3 provides a brief synopsis of the four included papers and their relationships.

• Chapters 4 to 7 present the four papers in turn, progressing from the transformation of noisy event
sequences, through multi-level exploration and guided pattern extraction, to theory-grounded in-
terpretation.

• Chapter 8 synthesizes the papers and relates them to the research questions and contributions.

• Chapter 9 concludes with limitations and directions for future work.
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chapter 2

L A N D S C A P E

What intersecting fields shape the landscape in which this thesis is situated? This chapter traces the con-
nections among event sequence data and their properties, the visual analytics approaches developed to
explore and compare them, the algorithmic methods that scale analysis beyond manual inspection, and
the constructs, such as strategies, cognitive processes, and reasoning, through which low-level interac-
tions acquire higher-level meaning.

2.1 Event Sequence Data

This section characterizes event sequence data as the object of study of this thesis, establishing what
such data are, the levels of granularity at which they can be analyzed, and the challenges that arise when
analyzing them.

2.1.1 Definition and Prevalence
Event sequence data record ordered occurrences of discrete events, commonly associated with an en-
tity, case, user, object, or process instance. Formally, an event denotes a single discrete observation
captured in time, and a sequence is an ordered list of such events tied to a common entity [45]. Each
event typically includes a timestamp and often carries additional attributes, such as duration, user iden-
tifier, outcome, or other contextual metadata. Such data are collected widely across domains, including
healthcare, finance, manufacturing, security, education, and interactive systems, and event sequence
analysis has been positioned as an interdisciplinary field spanning information visualization, visual ana-
lytics, and human-centered interaction research [45]. The value of such data lies in their richness: they
capture not only what happened, but also when, in what order, for how long, and with what associated
attributes. Analyzing such rich data, however, is not straightforward; a first consideration, therefore,
concerns the level of granularity at which the analysis is conducted.

2.1.2 Levels of Granularity
Event sequence data can be analyzed at several levels of granularity (Fig. 2.1), and the level chosen shapes
both the questions that can be asked and the patterns that become visible. At the finest level, analysis
focuses on the individual event, the fundamental unit at which low-level detail is inspected. Contiguous
events form subsequences, which preserve local temporal order and are often the level at which recur-
ring motifs and behavioral patterns are sought. A complete sequence constitutes the full ordered record
associated with a single entity, such as one user, case, or session, and is the level at which an entity’s
overall progression is examined. At the coarsest level, a cohort is analyzed to summarize common behav-
iors across a population or to compare groups of entities [45]. These levels are complementary rather
than mutually exclusive: meaningful analysis frequently requires moving between them, relating fine-
grained events to the higher-level structures they compose, so that individual actions can be understood
in the context of broader behavior. This motivates multi-granular analytical approaches, in which low-
level events, intermediate interaction structures, and aggregate behavior are examined both separately

7



(a) Event. (b) Subsequence. (c) Sequence. (d) Cohort.

Figure 2.1: Levels of granularity at which interaction event sequence data can be analyzed,
from a single event (a), through a subsequence (b) and a complete sequence (c), to a cohort
of sequences (d). Behavioral structure becomes visible at different levels, which motivates the
multi-level analysis pursued in this thesis. Illustrations adapted from Guo et al. [45].

and in relation to one another. However, analysis across these levels of granularity requires overcoming
several inherent challenges associated with event sequence data.

2.1.3 Analytical Challenges
The characteristics that make event sequence data expressive are also those that make them difficult
to analyze in raw form. Sequences tend to be long, span a large number of event types, and are highly
fragmented andnoisy [45]. These properties lead to large variations in howpatternsmanifest,making the
identification of recurring behavior both within and across sequences difficult. When interaction logs are
the subject of analysis, these difficulties are further pronounced, as such logs are typically unstructured
and collected across many users, without a predefined schema of expected behavior.

As a consequence, raw sequences are rarely ready for direct analysis, and simplification via data trans-
formation is often required to improve their comparability and applicability for downstream analysis [29].
Improving data quality is consequently recognized as an important step in the analysis process, which
deserves greater attention [31, 36]. Fully automated simplification, however, carries distinct risks: infre-
quent, short-duration events may be discarded even though they are meaningful for the analytical task
and may not be recovered once removed. This tension, between rendering event sequences tractable
and preserving analytically significant detail, defines the first challenge of working with such data and
motivates interactive, transparent, domain-informed transformation.

Transformation, however, resolves only part of the difficulty, as several challenges persist even in
well-processed sequences. Analytically meaningful structures are rarely delimited in the data, as inter-
action logs capture low-level events, such as clicks, taps, or interface operations, whereas the tasks,
sessions, and interaction strategies that analytical questions concern lack explicit boundaries in the log
and must be constructed during analysis. As collections grow larger and more heterogeneous, manual
inspection alone becomes insufficient, and algorithmic extraction becomes necessary. Finally, the con-
structs of interest, such as strategies, cognitive processes, and reasoning, are latent andmust be inferred,
a mapping that is neither automatic nor unique.
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2.2 Event Sequence Visualization and Visual Analytics

In response to the challenges established in the previous section, this section positions visualization and
visual analytics as analytical means, first introducing the two fields and the process by which they com-
bine automated computation with human reasoning.

2.2.1 Information Visualization and Visual Analytics
Information visualization concerns the design of interactive visual representations of abstract data to am-
plify cognition and support exploratory analysis [19]. Its central premise is that the human visual system,
supported by carefully designed representations and interactions, can externalize reasoning and reveal
structures that are difficult to detect through automated computation alone. A foundational principle
of the field is the Visual Information-Seeking Mantra, which states that any visualization system should
provide an overview first, then zooming and filtering, and finally details on demand [90], and continues
to guide the design of current systems.

As data have grown in scale and analytical complexity, visual representation alone is often insuf-
ficient, motivating the integration of automated computation with human reasoning. Visual analytics
emerged from this need, defined as the science of analytical reasoning facilitated by interactive visual
interfaces [97]. Within this paradigm, the analyst is not a passive recipient of a visualization but an active
participant who interprets computational output, contributes domain knowledge, and iteratively steers
the analysis [55]. Rather than treating automated analysis and visual representation as separate stages,
visual analytics couples them through interaction, so that computational methods and human judgment
reinforce one another throughout this process [55].

A recurring design considerationwithin this paradigm is the balance between automation and human
control [27]. Fully automated pipelines can obscure the assumptions and transformations applied to
the data, whereas purely manual analysis is impractical at scale. Human-in-the-loop designs address
this gap by enabling analysts to investigate, validate, and refine algorithmically generated results with
domain knowledge. This coupling allows automation to handle scale while human judgment retains
control over interpretation, and it is this balance that situates the work of this thesis and foregrounds
the visual analysis of complex event sequence data.

2.2.2 Visual Analytics Process
The process underlying visual analytics is commonly described as a closed loop in which data, automated
models, and visualizations are coupled through user interaction [55], as illustrated in Fig. 2.2. Within this
loop, raw data are first transformed and then mapped to both computational models and visual repre-
sentations; the analyst inspects the visualizations, steers the underlying models, and iteratively refines
both, while the resulting insight accumulates toward knowledge and feeds back to inform subsequent
transformation and analysis [55]. Interaction is central to this process, serving as the means by which
domain knowledge enters the analytical pipeline, allowing automated methods to scale analysis while
keeping human judgment in control of what is preserved, examined, and interpreted.

This process model is adopted to frame the work of this thesis. Each of its four stages is annotated
with the high-level stage goals the analysis aims to achieve at that stage. This annotation draws inspira-
tion from existing typologies of event sequence analysis, in particular a multi-level task framework [120]
and the design space and analytical tasks synthesized in a recent survey [45]. The stage goals are kept
at a high level of abstraction, describing the kind of analytical work each stage serves rather than the
specific methods utilized. In brief, the data stage concerns the transformation and quality assessment of
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Figure 2.2: The visual analytics process adopted in this thesis, with each stage annotated by
its high-level stage goals. Transformed data are passed to both interactive visualization and
automated computational models, which are most tightly coupled through user interaction (the
highlighted region); insight accumulates toward knowledge, and feedback loops return to refine
earlier stages of the analysis. Illustrations adapted from an established visual analytics process
model [55]; the stage-goal annotation draws inspiration from a multi-level task framework [120]
and a survey of event sequence analysis [45], while the inclusion of interpretation and hypothe-
sizing at the knowledge stage is particular to this thesis.

event sequences; the computational models stage concerns characterization, augmentation, and sum-
marization; the visualization stage concerns design, comparison, and navigation; and the knowledge
stage concerns provenance together with the interpretation and hypothesizing that connect observed
patterns to higher-level constructs. Interaction occurs throughout the entire loop rather than residing
in a single stage. The highlighted region in Fig. 2.2 marks the tight coupling between the visualization
and computational models stages, where interaction is most concentrated, as analysts inspect visual rep-
resentations, steer automated methods, and iteratively refine both. The feedback loops indicate that
interaction also reaches the remaining stages, for instance when data transformations are revised and
reapplied in light of what the visualizations reveal, or when accumulated knowledge motivates a return
to an earlier stage of the analysis. Interpretation and hypothesizing at the knowledge stage extend be-
yond the scope of existing task typologies. They are included because linking low-level interactions to
higher-level constructs is central to this thesis’s aims.

The visual analytics process model provides the conceptual spine of the review that follows, and the
analytical tasks discussed are situated within its loop.
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2.2.3 Event Sequence Visualization
Analytical tasks on event sequence data include identifying recurrent patterns, detecting anomalies, and
comparing behavioral trajectories across individuals or groups. These tasks have motivated substantial
research on visualization, with recent surveys providing systematic overviews of the field [30, 45, 87,
111].

At a conceptual level, two complementary ways of visualizing event sequences are distinguished,
namely instance-based andmodel-based representations [111]. Instance-based representations depict
actual observed sequences as recorded, laying out their constituent events individually in temporal or
sequential order so that each occurrence remains visible and inspectable. Model-based representations,
in contrast, aggregate multiple sequences into abstract specifications conveying a summary of behavior
rather than individual instances. The two are complementary: instance-based representations support
the inspection of specific traces, whereas model-based representations support the discovery of process
logic and aggregated behavioral summaries.

Within these conceptual levels, existing approaches are largely categorized by different visual en-
codings. Timeline-based representations remain the most prevalent paradigm, mapping events along a
temporal or sequential axis using visual channels such as position, color, labels, and bar length [28, 58,
78, 104, 107]. They are among themost intuitive representations, as they present events chronologically
in a directly readable manner. Matrix-based designs support fine-grained comparison of co-occurring
event pairs across stages [11, 119], and flow-based and Sankey-based encodings emphasize transition
structure over strict temporal positioning [41, 106]. While additional encoding strategies exist, selecting
a design approach entails fundamental trade-offs among maintaining chronological order, highlighting
transitional structure, and communicating aggregated results. Several examples are illustrated in Fig. 2.3.

The intuitiveness of instance-based, and particularly timeline-based, representations comes at a cost,
since long sequences or those spanning a large number of event types quickly become visually cluttered,
increasing cognitive load and making patterns difficult to discern. This has motivated a range of abstrac-
tion and simplification techniques. Aggregation-based approaches collapse similar sequences into com-
pact summaries [23, 44], while pattern-mining-based systems explicitly extract frequent subsequences
to guide visual inspection [18, 103]. Complementary efforts simplify visualizations through user-guided
substitution and filtering [71, 78], or by applying hierarchical edge bundling [50]. Such transformations,
however, risk discarding infrequent yet semantically important events.

Encoding and abstraction thus play complementary roles, with encoding determining which aspects
of temporal and transitional structure are made visible, and abstraction governing howmuch underlying
detail is preserved. An alternative to abstraction is to retain detail while managing complexity through
interaction, following the principle of an overview first, then zooming and filtering, and details on de-
mand [90]. The appropriate combination of encoding, abstraction, and interaction depends on the struc-
ture of the data, the analytical task, and the intended users. This balance is especially consequential
when infrequent events carry analytical significance.

2.2.4 Event Sequence Visual Comparison
Visual comparison of event sequences provides the interpretive bridge between algorithmic similarity
and human reasoning, rendering the relationships uncovered by similarity measures, examined in the
following section, inspectable and actionable. The type of comparison is defined by the granularity of
the items being compared, ranging from individual events and subsequences to whole sequences and co-
horts [99], while the visual arrangement typically follows one of three principal strategies: juxtaposition,
superposition, and explicit encoding [37, 38]. Several examples are illustrated in Fig. 2.4.
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Figure 2.3: Examples of event sequence visualization techniques. (1) Eloquence [103] displays
patterns as they are mined and enables steering of the algorithm’s execution using a tree rep-
resentation. (2) Sequen-C [67] provides a multi-level overview presenting a variable number
of sequence clusters derived from a hierarchical aggregation tree. (3) Outflow [106] visualizes
alternative progression paths using a color-coded flow representation mapped to outcomes. (4)
EventFlow [78] creates an aggregated view of a dataset by grouping records with identical
event sequences. (5) MAQUI [60] applies a hierarchy-based visualization to represent multiple
frequent patterns, combined with a timeline to convey temporal information. All images are
reprinted with permission. ©IEEE.

Juxtaposition arranges sequences side by side along a shared axis, preserving the context of events,
individual sequences, or cohorts. However, this technique relies on the analyst’smemory to establish cor-
respondences between separated objects, a demand that grows as the number or length of sequences
increases. Its effectiveness therefore depends on careful layout, proximity, ordering, and visual align-
ment [98]. Superposition overlays sequences, pathways, or aggregate patterns within a shared frame,
enabling point-wise comparison and reducing eyemovement. It is effective for small collections or when
aggregate summaries suffice [43, 44], but quickly produces occlusion and overplotting as the number of
overlapping elements grows. Its effectiveness therefore depends on prior alignment, filtering, or aggre-
gation, and empirical work indicates that even small differences in alignment can affect perception [117].
Explicit encoding represents differences or similarities directly through visual channels such as position,
color, size, or shape. A significant limitation is the loss of absolute context, as focusing on relationships
or differences may obscure or omit the raw values.

The choice of comparison design depends on the analytical goal, data scale, event alphabet, and the
need to preserve individual detail. Each strategy carries certain trade-offs, so the selection and combi-
nation should be made with care. Through such comparison, recurring interaction strategies become
discernible across users, linking the visual representation of individual sequences examined earlier to
the higher-level interpretation of strategies pursued later in this thesis.
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Figure 2.4: Examples of strategies for visually comparing event sequences. (1) IDMVis [118]
employs a juxtaposition design for diabetes treatment decision support. (2) U4 [80] employs
a superposition design to display the sequential patterns of anomalous action sequences. (3)
MizBee [73] adopts an additive design, in which an explicit encoding of the relationships between
an object and others is superposed on a view of the object itself. All images are reprinted with
permission. ©IEEE.

2.3 Algorithmic Methods for Event Sequence Analysis

The techniques discussed so far place the analyst in direct visual contactwith the sequences, an approach
that is effective when collections are modest in size and well structured. As event sequence data grow,
however, from controlled studies toward larger, more heterogeneous, and less structured collections, vi-
sual inspection and comparison at this scale become inefficient and, ultimately, insufficient. Meeting this
challenge requires moving from the visualization stage to the computational models stage of the visual
analytics process, where automated methods operate over the collection as a whole. Three families of
such methods recur across event sequence analysis. They are examined in turn: measures that quantify
how similar two sequences are, clustering and summarization techniques that group similar sequences
to uncover common behavior, and mining approaches that extract patterns and models. Throughout, a
central concern is how these methods can be integrated into the analytical loop while remaining inter-
pretable and steerable.

2.3.1 Event Sequence Similarity Measures
At the foundation ofmuch algorithmic event sequence analysis lies the notion of similarity, since quantify-
ing how alike two sequences are is the primitive on which clustering, ranking, retrieval, outlier detection,
and strategy identification all depend [99]. A wide range of similarity measures has been developed [69,
96], and these are grouped along several axes, for example, by data type and underlying methodology,
including lock-step and elasticmeasures [2, 26, 88].

Lock-step measures, of which the Euclidean distance is the canonical example [34], perform a direct
point-wise comparison between values at corresponding positions in two sequences. They are compu-
tationally efficient, but a limitation is that they are sensitive to temporal drift, speed variation, misalign-
ment, and noise; thus, two sequences describing the same behavior at slightly different rates may be
judged dissimilar [85]. More flexible combinatorial approaches relax this restriction, such as the longest
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common subsequence, which identifies the greatest number ofmatching elements occurring in the same
relative order [7]. In interaction log data, where similar behaviors may unfold at different rates or over
different durations, the limitations of such position-dependent measures are particularly pronounced.
Elastic measures overcome these limitations through non-linear alignment, allowing sequences to be lo-
cally stretched or compressed so that similar patterns are exposed despite temporal variation. Dynamic
time warping [8] is a prominent technique that computes an optimal alignment path between two se-
quences and defines their distance as the cost of that alignment [2, 56]. Through such alignment, it is
robust to variations in speed, length, or timing [2]. String metrics, such as the Levenshtein edit distance,
instead define dissimilarity as the minimum cumulative cost of transforming one sequence into another
through insertions, deletions, and substitutions [61]. Edit distances are well-suited to discrete categori-
cal sequences, but they discard temporal information such as event durations and may mix meaningful
events with noise unless augmented with event weights or domain-specific costs.

Furthermore, each event in an interaction log typically carries multiple attributes, such as its type,
duration, and contextual information, forming multidimensional sequences to which measures defined
over a single attribute must be extended or adapted. Additionally, many distance measures cannot be
applied directly to categorical event data, since assigning numeric values to categories imposes an order-
ing and spacing that the data do not inherently possess, and the analytical weight of an event is often
domain-dependent, with some event types carrying greater significance than others. Custom distance
functions that address these challenges are therefore often required and are pursued in this thesis.

These measures collectively make clear that similarity is not a universal property [99]. Its definition
depends on the data type, sequence length, temporal structure, level of abstraction, and analytical goals.
Selecting an appropriate measure requires explicit decisions about what constitutes a meaningful differ-
ence, whether in event type, order, timing, duration, pace, or noise. Once a measure has been chosen
and applied, the pairwise similarities it produces yield a distance matrix over all sequences, which serves
as the input to techniques such as clustering, comparison, and summarization.

2.3.2 Event Sequence Clustering and Summarization
While similarity is defined between pairs of sequences, summarization addresses the collection of se-
quences as awhole, grouping them to reveal common behaviors, anomalies, and progression patterns [2,
45]. Clustering is the techniquemost commonly applied for this purpose, partitioning a collection so that
similar sequences fall together and distinct behaviors become separable. Partitional methods such as k-
means are widely used [35], but they require the number of clusters to be specified in advance, which is
limiting when little is known about the data.

Hierarchical clustering is better suited to such settings, since it does not presuppose a fixed number
of clusters and instead constructs a nested hierarchy of groupings [83]. Two complementary strategies
exist for constructing this hierarchy: agglomerative approaches, which begin from individual sequences
and progressively merge the most similar groups in a bottom-upmanner, and divisive approaches, which
begin from a single group and recursively split it top-down [83]. Hierarchical clustering produces a den-
drogram, a tree structure that depicts the relationships between sequences and clusters across levels of
granularity. The dendrogram conveys clustering quality and cluster sizes at each level, which supports
the identification of outliers and undesirable groupings. In all cases, the collection is ultimately reduced
to a compact set of representative structures, but at the cost of individual detail. This reveals a limita-
tion common to both clustering and summarization techniques: the loss of infrequent yet analytically
important events without the analyst’s awareness.

A more fundamental difficulty is that no single clustering algorithm is universally optimal [32]. The
outcome of a clustering depends jointly on the chosen similarity measure, the algorithm’s parameter
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settings, and the granularity at which the hierarchy is cut [56]. The appropriate configuration is therefore
not intrinsic to the data, but contingent on the analytical task, and the resulting groupings cannot be
assumed to be valid without inspection. This parameter sensitivity, together with the risk of aggregation
discarding significant events, means that clustering and summarization are most effective as interactive
analytical support whose results an analyst can navigate, validate, and refine, rather than as automated
procedures yielding final outputs.

2.3.3 Event Sequence Pattern Extraction and Process Mining
Once sequences have been grouped, the analytical task shifts to describing what each group contains, for
which pattern and process mining provide complementary means. Sequential pattern mining extracts
frequently occurring subsequences from a cohort, surfacing recurring motifs that characterize common
behavior, and it is often coupled with interactive visualization so that the mining process can be steered
and its results inspected [45]. Exploratory, user-guided mining of long and complex sequences has been
supported through progressive pattern-growth strategies that allow support thresholds to be tuned and
candidate matches to be inspected in context [102, 103]. Soft patterns relax the matching process to
tolerate noise and intervening gaps [40]. Motif extraction offers a further means of identifying represen-
tative behavior, recovering recurring subsequences whose repetition marks them as characteristic of a
sequence or a cohort [64, 82]. A persistent difficulty across these techniques is the trade-off between the
completeness of the discovered patterns and the cognitive load they impose, since mining a collection
exhaustively tends to yield many overlapping or redundant patterns that overwhelm rather than inform
the analyst [29, 45]. More fundamentally, pattern mining reveals what recurs, but it does not by itself
convey the overall structure of behavior within a cohort, nor does it distinguishmeaningful patterns from
those arising as artifacts of the mining constraints.

Process mining offers a complementary, model-based perspective, deriving structured models di-
rectly from event logs. It consists of three stages: discovery, conformance, and enhancement [1, 86],
two of which are particularly relevant to this thesis. Process discovery constructs a process model from
an event log without prior information, using, for example, a directly-follows graph whose nodes denote
activities and whose directed arcs denote precedence relations, yielding a summary of the dominant be-
havior within a cohort. Conformance checking then compares individual sequences against such amodel,
assigning each a measure of how well it aligns and thereby supporting the detection of outliers and the
validation of a cohort’s coherence. Process mining and visual analytics developed largely in isolation,
with emphasis placed on algorithmic performance and comparatively little support for human-centered
reasoning, though their intersection has since attracted growing attention, as interactive visualization
has proven essential for examining alternative models, incorporating domain expertise, and building
trust in algorithmic outcomes [42, 74]. Applied to clustered interaction data, process discovery offers a
model-based characterization of each cluster, while model conformance provides a principled means of
assessing the representativeness of that characterization.

In combination, these algorithmicmethodsmake it feasible to analyze collections of event sequences
at a scale beyond manual inspection. Yet this feasibility carries a cost that is central to this thesis, since
delegating analysis to automated methods introduces a gap in interpretability and trust. The output of a
clustering algorithm or a mined model is not self-evidently correct, as a frequent subsequence need not
bemeaningful, a cluster boundary need not be justified, and a discoveredmodel may fit some sequences
poorly. When such results are presentedwithout visibility into how theywere produced, the analyst is left
unable to judge their validity or to bring domain knowledge to bear. This concern motivates integrating
algorithmic methods into interactive, transparent visual analytics workflows, in which extraction and
characterization are rendered accessible, interpretable, and verifiable.
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2.4 Bridging Event Sequences and Higher-Level Constructs

The visualization and computationalmodels stages support transforming, exploring, comparing, and char-
acterizing event sequences, but they do not interpret what users did. A broader aim of analyzing interac-
tion data is to understand what those actions imply, since a sequence of recorded interactions is rarely of
interest in itself but as evidence of the strategy, intent, or cognitive process that produced it. This shift,
from observable low-level events to the higher-level constructs they signify, is central to this thesis.

A higher-level construct is a conceptual category, typically drawn from learning theories, such as
Bloom’s taxonomy [4, 14] and systems thinking [57, 77], onto which observed behavior is mapped so
that it becomes interpretable. Such constructs are not directly recorded in an interaction log; they are
inferred from it. The most immediate of these is the notion of an exploration strategy, a purposeful
way of moving through a system that recurs across users or tasks. Interaction logs preserve the ordering,
timing, and recurrenceof actions fromwhich such strategies canbe reconstructed. Yet, themapping from
a sequence of clicks to a named strategy is neither automatic nor unique [15]. The same subsequence
may be read as different strategies depending on the theoretical lens through which it is interpreted
and the context in which it occurs, since surrounding events and strategies shape what a given pattern
signifies.

This thesis approaches this gap by treating themapping from interaction patterns to higher-level con-
structs as an integrated analytical activity. Discovered exploration strategies are related to the cognitive
dimensions of learning frameworks, so that patterns of interaction can be read in terms of the processes
they may reflect, and this interpretation is grounded in the judgment of domain experts rather than as-
serted by the system. How this mapping is constructed depends on the setting in which the analysis
takes place.

2.5 Application Contexts

The analysis this thesis addresses requires both visual and algorithmic methods, since visualization
reaches its scalability limits as collections grow, while algorithmic methods produce opaque results. A
central effort of this thesis is therefore to integrate the two in a human-in-the-loop process [55, 74]. Such
integration takes concrete form only within specific settings, each imposing its own data characteristics,
analytical questions, and constraints on what an analysis must preserve. Two such domains ground this
thesis: a safety-critical professional domain and interactive learning environments.

2.5.1 Event Sequences in Air Traffic Control
In the ATC context, and en-route control in particular, the primary task is to maintain safe separation be-
tween aircraft through CD&R. Understanding how controllers build and maintain situational awareness
during this task has direct implications for competence assessment, training, and the design of future
automation, which motivates the analysis of their working practices [65]. Because a controller’s compe-
tence is closely tied to visual scanning behavior during CD&R, eye-tracking is commonly combined with
interaction logging to capture where attention is directed, in what order, and for how long [72, 105].

The visual analysis of eye-tracking data has been studied extensively, but predominantly under the as-
sumption that the field of view can be divided into a set of static areas of interest, fromwhich sequences
are then derived according to how those areas are visited [12, 17, 84]. This assumption has enabled the
study of visual scan patterns in settings such as tower control. En-route control, however, is different,
since the field of view comprises moving aircraft and dynamic interface elements and is therefore con-
tinuously changing. Methods that presuppose static areas of interest are consequently inapplicable, and
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alternative approaches are required that extract discrete event sequences anchored to specific objects
and events of interest rather than to fixed screen regions. A further characteristic of the data from this
domain is that they are long, noisy, and highly fragmented, yet contain infrequent events, such as the
clearances a controller issues, that are central to the task and must not be discarded during any simpli-
fication. This combination of dynamic areas of interest and rare but critical events embedded in noisy
sequences defines the analytical demands that the transformation work of this thesis addresses.

2.5.2 Event Sequences in Learning Environments
Interactive touchscreen exhibits have become prevalent in informal learning settings such as museums
and science centers, where they are designed to prolong engagement and support understanding and
knowledge transfer, often by aligning with educational frameworks that classify learning processes [5].
The design of such environments is frequently framed through the notion of exploranation, which com-
bines exploratory and explanatory visualization to scaffold communication and learning [112]. To study
how visitors engage with these exhibits, their interactions are logged, producing event sequences that
reflect the unique exploration approaches individuals adopt.

Analyzing such logs to understand learning is an established pursuit, and visual analytics and learning
analytics techniques have been applied across online, classroom, and informal environments to reveal
learning pathways, support reflection and monitoring, relate exploration behavior to outcomes, and in-
form educational interventions [22, 70, 76]. The unstructured nature of data generated in informal learn-
ing environments increases the complexity of this analytical task. Visitors are self-directed; sessions can
be brief and highly variable; learning outcomes are typically unlabeled; and multiple visitors may inter-
act concurrently or consecutively. While interaction logs have informed studies of visitor engagement,
exhibit use, and redesign [48, 66], existing approaches largely remain at the level of observable patterns,
such as frequencies, paths, clusters, or transitions. There remains a significant gap in coupling these
observable behaviors with the underlying cognitive constructs.

In learning contexts, interaction is of analytical interest precisely because it is thought to external-
ize otherwise hidden cognitive processes [15]. A widely used framework is Bloom’s taxonomy, which
classifies cognitive processes into levels progressing from remembering and understanding, through ap-
plying and analyzing, to evaluating and creating, andwhichwas formulated to render learning observable
and measurable [4, 14]. Such frameworks supply the vocabulary in which the significance of an interac-
tion pattern is expressed. Existing work, however, provides limited support for making this connection.
Much prior work treats discovered patterns as the analytical result rather than as evidence to be inter-
preted against a theoretical frame, and few approaches couple recorded interactions with the cognitive
processes those interactions are intended to reflect. Bridging this gap, therefore, requires more than
extracting patterns; it requires methods that render the correspondence between observed interaction
and higher-level constructs explicit, inspectable, and open to the domain expert’s judgment.

This also intersects with the field of learning analytics [89, 93], which focuses on measuring and
analyzing learner data to understand and optimize learning. Rather than treating learning analytics as
a separate application domain, this thesis positions it as the target research community to which the
interaction-log analysis presented here contributes, since interpreting exploration behavior in relation to
cognitive and motivational frameworks is precisely the kind of question that community pursues. Taken
together, these challenges underscore the need for visual analytics approaches that render interaction
sequences interpretable as evidence of higher-level cognitive constructs.
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chapter 3

W A Y P O I N T S

Howdoes an analysis travel from a log of recorded actions to a claim about how a user reasons? No single
stage covers that distance. This chapter lays out the route the fourworks chart together andmarkswhere
each of them stands.

3.1 An Integrated Pipeline

The work of this thesis is organized around the visual analytics process introduced in Sec. 2.2.2, in which
the data, computational models, visualization, and knowledge stages are coupled through user interac-
tion (Fig. 2.2). A central premise is that the value of the process lies in the coupling between stages under
the analyst’s control.

The data stage determines what can be analyzed, since the transformations applied to raw logs de-
termine what any subsequent method can reveal. The computational models extract and characterize
structure at a scale that manual inspection cannot reach. The visualizations, in turn, make these results
inspectable and support the exploration and comparison of behavior across users, tasks, and levels of
granularity. Interaction binds these stages. Observing how the models shape the resulting visualizations
allows the analyst to understand what the computational methods are doing, while acting on those visu-
alizations adjusts the parameters or transforms the data on which the models operate. Each loop aims
to bring the analysis closer to a result the analyst can interpret.

3.2 Positioning the Contributions

The contributions of this thesis enter the process at different stages, with each of the four works address-
ing a different aspect of the coupling described above. Taken together, they map onto the pipeline as a
methodological progression, summarized in Tab. 3.1.

Table 3.1: Overview of the four works, showing the pipeline stages each primarily addresses.
Filled markers denote a primary contribution at a stage; open markers denote a supporting role.

Paper Data Visualization Comp. Models Knowledge
Paper I ● ○ ○ ○
Paper II ● ●
Paper III ● ● ○
Paper IV ● ● ●

Paper I. Paper I operates at the data stage, realizing the stage goals of transformation and quality
assessment. It further supports the computational models and visualization stages, since reduced se-
quence complexity improves both mining outcomes and the clarity of subsequent representations, and
also the knowledge stage by preserving analytic provenance. The contribution of this work is a visual
analytics approach that supports an interactive, stepwise, and context-aware application of data trans-
formations to improve the quality of complex interaction event sequences collected in safety-critical
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domains. The approach is examined in the domain of air traffic control, using event sequences derived
by merging eye-tracking and simulator data from a human-in-the-loop simulation experiment with 14
air traffic controllers. As a result, the complexity of the sequences can be progressively simplified while
subtle, infrequent, yet crucial events are retained, which leads to better downstream mining outcomes.

Paper II. Paper II operates at the visualization stage, realizing the stage goals of design and compari-
son, and contributes to the knowledge stage as the surfaced strategies are interpreted. Shifting attention
from the preparation of sequences to what the prepared sequences reveal, this work contributes a vi-
sual analytics approach that enables multi-granular exploration of users’ interaction strategies within an
interactive digital environment and couples these low-level interactions with higher-level cognitive learn-
ing processes. To this end, both the investigation of individual behavior and multi-user comparison are
supported, and a dynamic time warping measure is employed to identify similarities across sequences,
thereby surfacing the strategies users adopt. The approach is examined through an experimental study in
which 14 science center visitors complete tasks of increasing complexity, designed to elicit different lev-
els of cognitive processing. As a result, a set of task-solving strategies is identified, which reflect different
levels of the cognitive processes described in Bloom’s taxonomy [4, 14].

Paper III. Paper III operates at the computational models and visualization stages, realizing the
stage goals of characterization, augmentation, and summarization while rendering these results navi-
gable and comparable, and supports the knowledge stage as the characterized clusters are interpreted
against prior findings. Extending the multi-level perspective to unstructured collections, this work con-
tributes a visual analytics approach that integrates hierarchical clustering and process mining to support
analysts in exploring large, unstructured interaction sequence data collected in an uncontrolled digital
environment. A tailored similarity measure based on dynamic time warping enables comparison of in-
teraction sequences, and the resulting clusters are characterized through process mining, so that algo-
rithmic groupings can be inspected, validated, and refined with domain knowledge. As a result, five
distinct exploration strategies are identified from a combination of in-the-wild and previously collected
experimental logs, and validated by relating them to previously established behavioral patterns.

Paper IV. Paper IV operates at the computational models, visualization, and knowledge stages, re-
alizing the computationalmodels goal of augmentation, the visualization goals of design and comparison,
and the knowledge goals of interpretation and hypothesizing. Turning from pattern extraction to the rea-
soning it may reflect, this work contributes a visual analytics approach that couples motif discovery over
multidimensional behavioral series with multi-level visual representations, supporting the exploration
of pupils’ problem-solving behaviors within interaction logs. A systems thinking framework is adopted
as an operational interpretive lens, structuring the analysis across hierarchical levels so that hypothe-
ses linking observable interaction events to higher-level cognitive constructs, such as Analysis, Synthesis,
and Implementation, can be formulated. As a result, previously uncharacterized behavior shared across
pupils is uncovered, and evidence-based hypotheses about candidate indicators of systems thinking rea-
soning are formulated, with the underlying behavioral findings confirmed by domain experts against an
earlier analysis of the same dataset.
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chapter 4

F R A G M E N T E D T R A C E

Event sequence data are fragmented footprints in time,
each step preserved,

the journey yet to take shape.

4.1 Background and Domain

Event sequence data collected from real-world systems are commonly noisy and fragmented, consist
of events with irregular durations, and have a large number of event types [45]. Such characteristics
make raw event sequences difficult to analyze directly, obscuring meaningful behavioral structures and
complicating downstream tasks such as pattern discovery, clustering, sequence comparison, and model
construction [31, 36, 54]. At the same time, infrequent events may carry substantial analytical value,
particularly when they represent critical user actions or domain-specific behaviors.

Existing approaches address this challenge through manual preprocessing, which incorporates do-
main knowledge but is often labor-intensive and difficult to reproduce [91], or through automated trans-
formation, which scales well but operates in bulk with limited transparency. As a result, analysts may
unintentionally remove important information, have little opportunity to assess the consequences of
transformation decisions, and lack support for determining whether data quality has actually improved.
This challenge motivates visual analytics approaches that place analysts within the transformation pro-
cess, supporting it through interactive, transparent, and domain-informed workflows that enable itera-
tive refinement of event sequences while assessing the impact of each operation. Such support requires
mechanisms to explore transformation candidates, understand their local and global effects, identify po-
tential information loss, and retain a record of the steps applied so that the process remains transparent
and reproducible.

These requirements become concrete in domains that are safety-critical and cognitively demanding,
and where interaction data are correspondingly fine-grained. One such domain is en-route air traffic
control (ATC), where air traffic controllers (ATCOs) maintain safe separation between aircraft within a
controlled airspace sector. This task centers on conflict detection and resolution (CD&R), a cognitively
demanding activity in which the ATCO continuously assesses the traffic situation, formulates resolution
decisions, and executes appropriate clearances. Understanding how ATCOs perform this task has direct
implications for competence assessment, training design, and the development of automation solutions.

To study ATCO work patterns empirically, human-in-the-loop simulation experiments are conducted
in which ATCOs perform CD&R scenarios. Eye-tracking captures their visual scanning behavior, opera-
tions are logged through the simulator software, and both datasets are merged into a Human-Machine
Interaction (HMI) log. Eye-gaze coordinates are discretized into events by computing intersections with
graphical objects on the radar screen, including aircraft track symbols, clickable information labels, and
conflict detection tool overlays (Fig. 4.1). Intersecting gaze points yield look events with durations corre-
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Figure 4.1: The radar screen presents an en-route ATC simulation of a CD&R scenario involving
four aircraft. Three auxiliary windows surround the display: a conflict window in the top-left
corner, a probe acceptance window in the bottom-left corner, and a separation monitoring window
in the top-right corner. A red circle marks the ATCO’s eye-gaze point.

sponding to the intersection interval, while gaze points for which no intersection can be determined yield
unknown events. Interaction events are logged at the moment of mouse action, encoding information
queries (e.g., label clicks), tool activations (e.g., separation information), and clearance commands (e.g.,
direction or flight level changes). These events are treated as instantaneous and, despite their rarity, are
analytically critical as markers of CD&R decisions.

In the ATC setting, the general characteristics of real-world event sequence data manifest as four
interrelated challenges that preclude direct analysis:

• Noise: A substantial number of events are unknown. Many look events shorter than 100ms add
further noise since reliable perception cannot be assumed at such durations [75].

• Fragmentation: Short unknown events interrupt coherent look subsequences, producing patterns
such as look_A→ unknown→ look_A.

• Alphabet size: Sequences contain over 100 distinct event types.

• Variability: Event durations and frequencies vary substantially, from event types occurring once
per sequence to others recurring hundreds of times.

This work therefore investigates how the quality of long, noisy, complex interaction event sequences
can be progressively improved through the interactive, context-aware application of transformation op-
erations, while preserving infrequent yet crucial information. The approach targets users such as ATC
instructors, researchers, and domain experts seeking to understand controllers’ work activities from in-
teraction and eye-tracking logs.

4.2 Methodology

Pattern-based data transformation. A pattern-based transformation framework is introduced
to progressively improve the quality of noisy event sequences. Analysts define event patterns of inter-
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Figure 4.2: Main components of the visual analytics system. The Overview+Detail Panel
(top) presents the full event sequence along a timeline, highlighting every occurrence of the
currently selected pattern. The Sequence Weight Assessment View (bottom) displays
event weights across the sequence, serving as a cue for judging how sequence quality has changed
since the preceding transformation step. The image is reprinted with permission. ©IEEE.

est, retrieve all matches, and replace or aggregate the matched subsequences into semantically more
meaningful ones. Three complementary means of defining patterns are supported:

• Manual patterns are specified explicitly by the analyst based on domain knowledge.

• Template patterns use wildcards to apply structural simplifications uniformly across the alphabet,
for example removing unknown events in all instances of X → unknown → X, where X is a known
event type.

• Algorithmically mined patterns from external pattern mining systems [102, 103] can be imported
as candidate transformation targets, surfacing recurring subsequences the analyst may not have
anticipated.

Since strict sequential matching misses many meaningful subsequences in fragmented data, the
matching process adopts the principle of soft pattern matching [40], permitting several non-pattern
events to interrupt a match. This flexibility broadens what can be transformed but makes the conse-
quences of each operation harder to anticipate, motivating the quality cues described next.

Information loss visual cues. To enable analysts to steer transformations while preserving rare
but analytically critical events, quality assessment is integrated directly into the transformationworkflow
at two scales.

A composite event-weighting scheme encodes the analytical importance of each event as a scalar
quantity, combining a domain-informed event-type weight with the event duration. In the ATC con-
text, event categories are ranked by significance from look events to clearances, with unknown events
weighted at zero, so that the resulting weights reflect analytical significance rather than statistical fre-
quency alone. For local assessment, a sliding time window produces a continuous weight profile across
the sequence, rendered as overlapping layers reflecting the original, preceding, and current states
(Fig. 4.3b). A steep downward displacement of the current layer signals that a recent operation re-
moved high-weight events in that region. For global assessment, a measure extending the Levenshtein
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(a) Original sequence: timeline and event weight graph of the sequence before any transformations.

(b) Event weight graphs after each successive operation.

(c) Simplified sequence: timeline and event weight graph after transformations have been applied.

Figure 4.3: Stepwise transformation of a single ATCO sequence in the usage example. The event
weight graphs reveal how each operation reshapes the distribution of analytically important
events, with peaks corresponding to high-weight activity retained throughout. The image is
reprinted with permission. ©IEEE.

distance [46, 61] is computed between the original and current sequences at each step, weighting edit
operations by event importance so that removing a critical event incurs a higher penalty than removing
a look or unknown event. Together, these cues provide a multi-scale account of transformation quality,
supporting informed decisions at each step of an iterative process.

Analytic provenance and reproducibility. Since such a process unfolds over many steps, an
action history logs each transformation to ensure analytic provenance [81, 109], supporting transparency,
reversibility, and reproducibility. Analysts can undo operations and revert to earlier sequence states,
enabling exploration of alternative transformation strategies. The complete history can be exported as
a structured log alongside the transformed data and reused as a transformation blueprint for datasets
with similar characteristics.

4.3 Contributions and Conclusions

This work introduces a visual analytics approach to support context-aware transformation and quality
assessment of noisy event sequences. The primary contributions are summarized as follows:
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• Pattern-based transformation: An interactive transformation workflow is presented, in which an-
alysts define, match, and replace or aggregate event subsequences, supporting manual, template-
based, and algorithmically mined patterns combined with soft pattern matching to identify and
remove noise from the data.

• Context-aware visual cues: Visual cues, grounded in a domain-informed event-weighting scheme
(Fig. 4.2), are introduced to communicate the localized and global information loss incurred by
each transformation, enabling analysts to assess quality at each step.

• Analytic provenance: All transformation operations are recorded in an exportable action history,
supporting a transparent, reversible, and reproducible transformation process that can be reused
as a blueprint for datasets with similar characteristics.

• Usage example: The applicability of the approach is demonstrated using HMI logs from 14 ATCOs,
yielding sequences with substantially reduced fragmentation while preserving infrequent yet cru-
cial information (Fig. 4.3). Mining sequential patterns before and after transformation showed
that the transformed sequences yield coherent and interpretable patterns of controller activity.

Taken together, these contributions address RQ1, which concerns transforming noisy event sequence
data while preserving analytically significant information. The pattern-based transformation framework
operationalizes interactive and domain-informed refinement of raw sequences; the context-aware vi-
sual cues make the consequences of each operation assessable at both local and global scales; and the
recorded provenance renders the entire process transparent and reproducible. This design allows ana-
lysts to progressively improve data quality while retaining rare but analytically critical events, thereby
realizing the thesis contribution on interactive transformation of noisy event sequences and quality as-
sessment of the transformation results (C1).

While transformation improves the analytical value of noisy event sequences, the question of what
those sequences reveal remains open. Once sequences of adequate quality are available, the analytical
challenge shifts frompreparing the data to exploring and comparing user behavior, from individual events
to entire tasks and sessions, and across users.
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chapter 5

E X P L O R A T O R Y T R A C E

Behind every trace lies a strategy,
behind every strategy, a mind

reasoning at a level of its own choosing.

5.1 Background and Domain

Informal learning environments, such as museums and science centers, increasingly leverage interactive
visualizations to communicate complex concepts and foster public STEM literacy [9, 16]. At the core of
these public exhibits is the concept of exploranation, a paradigm blending exploratory and explanatory
visualization to scaffold user learning [51, 112]. To structure and evaluate user engagement, designers
often draw on educational frameworks such as Bloom’s taxonomy, which defines a cognitive hierarchy
ranging from lower-order retrieval and understanding to higher-order evaluation and creation [4, 14].
However, the design of interaction techniques for science communication in public contexts remains
understudied [10], as is how visitors navigate these environments and construct knowledge. Interac-
tion logs capture detailed traces of visitor behavior, yet mapping such low-level log data to higher-level
cognitive learning processes is non-trivial.

To investigate this challenge, a real-world exploranative exhibit was selected: “Sweden in Numbers”
(SiN), an exhibit at the Norrköping Visualization Center [101]. It visualizes Swedish demographic and so-
cietal data via a choropleth map on a large, multi-user interactive touchscreen table (Fig. 5.1). Selecting
a geographic region triggers a pop-up information panel (henceforth “infopanel”) displaying localized
statistical summaries. Within these infopanels, visitors can adjust a temporal Year slider or apply cate-
gorical filters, such as Gender, across four thematic dimensions: Age, Education, Income, and Population.
The resulting interaction sequences are heterogeneous and multi-granular, varying substantially across
individuals and reflecting a wide range of problem-solving strategies and exploration behaviors.

Existing event sequence analysis approaches support visualization, comparison, and summarization
through techniques such as timelines, aggregation, clustering, and similarity analysis [45]. However,
they typically operate on low-level interaction events, such as screen taps or the opening and closing of
interface components, and offer limited support for relating observable behaviors to learning processes.

This work therefore investigates how analysts can be supported in exploring, aligning, and comparing
multi-granular interaction sequences and interpreting them in relation to cognitive learning processes.
An experiment consisting of five tasks of increasing complexity, aligned with Bloom’s taxonomy, was de-
signed and conducted, and the resulting interaction data were analyzed to identify exploration patterns
corresponding to distinct cognitive levels. The proposed approach is implemented in a visual analytics sys-
tem,VISID (VISualization of Interaction Dynamics), and targets users such as educational researchers,
exhibit designers, and science center stakeholders. In the remainder of this chapter, individuals interact-
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Figure 5.1: Three infopanels opened concurrently for a single municipality in the “Sweden in
Numbers” exhibit, showing Age statistics (red) alongside Income statistics (green) filtered by
“Male” and “Female”. Such concurrent panels illustrate the interface-level behavior captured in
the interaction logs. The image is reprinted with permission. ©IEEE.

ing with the exhibit are referred to as “visitors” or “participants”, whereas users of VISID are referred
to as “analysts”.

5.2 Methodology

Theoretical framework and collaborative design. Bloom’s taxonomy [4, 14] is incorporated
as the theoretical framework for characterizing cognitive learning processes in an observable and mea-
surable manner. This framework has been widely adopted in educational research and assessment, and
its levels correspond to qualitatively different kinds of engagement with information. Five levels are used
to design an experiment consisting of five tasks of increasing complexity, each stimulating a specific cog-
nitive dimension, as follows:

1. Remember: The least demanding stage, this level focuses on basic factual information retrieval.

2. Understand: At this level, engagement involves making simple comparisons, for example, compar-
ing income between genders.

3. Apply: This stage requires participants to performmore complex comparisons acrossmultiple data
points to reach a general conclusion.

4. Analyze: This level involves differentiating between non-explicit elements by organizing data in a
suitable order to perform mental calculations and integrate those findings.

5. Evaluate and Create: This is the most complex and open-ended dimension, involving testing
assumptions and generating hypotheses to identify potential factors associated with broader
changes in the data.
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This design makes the targeted cognitive processes explicit and provides a basis for interpreting ob-
served interaction strategies. The approach was developed through a year-long collaborative design
process involving a multidisciplinary team of visualization researchers, visual learning and communica-
tion experts, and an engineer central to the exhibit’s development. Across 12 workshops, following a
user-centered design process [24], domain insights were distilled into a set of high-level design require-
ments mapped to analytical tasks. A pilot study provided an initial testbed, revealed logging limitations
that bounded the analytical scope, and guided the iterative refinement of the resulting system.

Multi-granular data abstraction. To couple interaction data with cognitive dimensions, the in-
teraction logs are abstracted into three levels of granularity. The interface level tracks the lifecycle of
high-level components, such as infopanels, indicating whether participants explored them simultane-
ously or sequentially. The interaction level records discrete, active engagement with these components.
The attribute-change level captures fine-grained contextual updates, such as gender filtering, recording
the exact data states examined. Together, these levels reveal both how the interface is used and which
data are being explored.

Coordinated multi-level visualization and comparison. The approach is realized in a
visual analytics system, VISID, which implements two coordinated views (Fig. 5.2). The Individ-
ual View supports detailed examination of a single participant’s chronological exploration through
overview+detail and details-on-demand interactions. This includes an Interaction View that couples
interaction event sequences with superposed attribute-change sequences, and a Holistic View that vi-
sualizes the concurrent lifetimes of open infopanels at the interface level. The Comparison View
supports cross-participant comparison through a nested juxtaposed layout [38]. Pairwise sequence sim-
ilarity is computed using dynamic time warping [8]. The resulting scores sort all sequences relative to
a selected baseline participant and are further visualized in a Similarity Plot as a heatmap and a clus-
tergram, highlighting emerging behavioral groups and outliers. Analysts thus move iteratively between
cohort-level similarity structure and individual-level inspection to identify shared exploration strategies
and investigate diverging participants.

5.3 Contributions and Conclusions

This work introduces a visual analytics approach for multi-level and multi-granular visual exploration
of interaction sequences, coupling low-level interaction patterns with higher-level cognitive constructs
derived from Bloom’s taxonomy [4, 14]. The primary contributions are summarized as follows:

• Problem and data description: The problem and the data underlying the analysis of users’ explo-
ration strategies in informal education settings are characterized and distilled into a set of design
requirements and analytical tasks that support a data-driven approach.

• Interactive system: The proposed approach is implemented in a visual analytics system, VISID,
that supports multi-granular visual exploration at individual level and comparison of event se-
quence data, built through a user-centered design process.

• Application scenario: A real-world dataset is collected from an experimental study involving 14
science center visitors, from which task-solving exploration strategies and their connections to
cognitive learning processes defined by Bloom’s taxonomy [4, 14] are identified.
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Figure 5.2: Main components of VISID. The Individual View (top) features (1) Interaction
View that visualizes a participant’s attribute changes for Gender and interaction event sequences.
Each event is uniformly colored, with the background indicating statistical categories. (2) Holistic
View displays interface events showing the lifetime duration and concurrently opened infopanels
for Task 3. The Comparison View (bottom) offers (3) Sequence Comparison Visualization
sorting interaction sequences by similarity to the baseline participant P7. Participants who
are most similar to P7 also adopt a similar strategy. Each event is colored by Municipality,
with attribute-change sequences for Year and Gender superposed. (4) The similarity score bars
and delta values depict the similarity and dissimilarity with respect to the baseline participant.
(5) Cluster View shows potential clusters of similar participants. The image is reprinted with
permission. ©IEEE.

Taken together, these contributions first address RQ2, which concerns the multi-level exploration
and comparison of complex event sequences across different levels of granularity. Interaction sequences
are abstracted into three levels of granularity, from interface-level events through interaction events to
fine-grained attribute changes, and two coordinated views operationalize these levels: the Individual
View preserves all three within a single participant’s chronological exploration, while the Compari-
son View lifts them to the cohort scale through similarity-based ranking. This design allows analysts
to move fluidly between levels, thereby realizing the thesis contribution on multi-level exploration and
comparison of interaction strategies (C2).

This work also addressesRQ4, which concerns the interpretation andmapping of complex interaction
patterns in relation to higher-level constructs. Bloom’s taxonomy is adopted both to design the exper-
iment’s tasks of increasing complexity, each stimulating a specific cognitive dimension, and to serve as
an interpretive framework for the observed behavior. By analyzing the resulting interaction sequences
from a multi-level and multi-granular perspective in VISID, analysts can trace how distinct interaction
patterns, such as “cascading” and “nested-loop”, correspond to higher-level cognitive processes. This
coupling demonstrates that combining multi-granular representations with theoretical frameworks can
reveal strategies hidden in complex event sequence data and support their interpretation in terms of
cognitive processes, thereby realizing the thesis contribution on theory-grounded interpretation of inter-
action patterns in relation to higher-level cognitive constructs (C4).

Despite the value of this controlled and theory-driven analysis, the 14 participants knowingly worked
through tasks whose goals, difficulty, and expected cognitive demands were predefined. This raises the
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question of how readily these findings transfer to settings where such structure cannot be assumed. Visi-
tors arrive without assigned tasks and with unknown intents; the number of sequences far exceeds what
individual inspection can cover, and whether the identified strategies remain recognizable or entirely
new ones emerge is itself an open question. The analytical challenge therefore shifts from analyzing a
controlled set of sequences to extracting meaningful patterns from large and unstructured data.
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chapter 6

U N S T R U C T U R E D T R A C E

No single eye can follow every path,
so the machine gathers what is alike,

and the mind decides what comes to light.

6.1 Background and Domain

In the third paper of the thesis, the same exploranative environment, “Sweden in Numbers” (SiN), from
the previous work is investigated. However, rather than controlled experimental data from predefined
tasks, this work examines unstructured interaction data collected in the wild over five months, yielding
117 interaction sessions. This transition introduces several analytical challenges. Visitors’ goals become
unpredictable, their sequences exhibit greater variability in duration and structure, and behavioral pat-
terns are no longer organized around predefined tasks. Moreover, the increased data volume renders
detailed inspection of individual sequences impractical. Compounding this, interaction patterns rarely
manifest as exact repetitions: visitors may perform similar actions in different orders, spend varying
amounts of time on specific activities, and pursue different goals while exhibiting comparable underly-
ing behaviors. Identifyingmeaningful patterns thus requires methods that accommodate such variability
while preserving behaviorally significant similarities.

Algorithmic methods offer mechanisms for processing large collections of sequences, yet each has
limitations for interactive analysis. Clustering techniques group similar sequences, but the resulting clus-
ters depend heavily on the selected similarity measures and parameters, particularly regarding the num-
ber of clusters and the quality of each cluster [3, 32, 33]. Processmining techniques summarize sequence
collections through process representations that reveal common behavioral structures, but the resulting
models often become visually complex and difficult to interpret. Furthermore, both families of methods
frequently emphasize generating final outputs, leaving analysts limited opportunity to adjust parameters,
evaluate intermediate results, and observe how such changes affect the extracted patterns. This moti-
vates visual analytics approaches that embed algorithmic pattern extraction in an interactive, stepwise
workflow in which analysts are guided to progressively explore, evaluate, refine, validate, and interpret
computationally generated results.

This work therefore investigates how algorithmic workflows can be integrated to support guided,
human-in-the-loop characterization and identification of complex interaction patterns. It extends the
multi-level exploration perspective to the cohort level and examines potential connections between
extracted behavioral patterns and higher-level cognitive constructs. The proposed approach is imple-
mented in a visual analytics system, reVISID (revisiting the VISualization of Interaction Dynamics), and
targets users such as educational researchers, exhibit designers, and science center stakeholders. As in
the previous chapter, individuals interactingwith the exhibit are referred to as “visitors” or “participants”,
whereas users of reVISID are referred to as “analysts”.
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6.2 Methodology

Data abstraction and sequence comparison. To emphasize navigation and interaction strate-
gies over the specific content explored, the interaction logs are abstracted into four high-level event vari-
ables, identified through prior collaborations with domain experts: Open infopanel, Revisit infopanel,
Year Change, and Gender Change. Based on these variables, pairwise sequence similarity is computed.
Since similar behavioral strategies often manifest as sequences with varying lengths, execution speeds,
and temporal structures, a tailored elastic alignment measure based on multidimensional dynamic time
warping [92] is employed, adapted to the discrete and categorical nature of interaction events. The
computation yields a pairwise distance matrix that serves as the foundation for subsequent clustering.

Hierarchical clustering and representation. Agglomerative hierarchical clustering [47] is ap-
plied to the distancematrix because it does not require a predefined number of clusters, which is suitable
when the underlying behavioral profiles are unknown. The resulting hierarchy is treated as an exploratory
space through which analysts progressively investigate behavioral groups at different levels of abstrac-
tion. Navigating this hierarchy requires a suitable representation. Since a full dendrogram and heatmap
become difficult to interpret at scale, a compact partial dendrogram is proposed that can be explored
at different levels of the hierarchy, with triangular glyphs summarizing the size and linkage structure of
each cluster, providing visual cues for deciding where to subdivide further and investigate clusters. A
complementary matrix view displays computed measures of intra-cluster conciseness and inter-cluster
dissimilarity, enabling analysts to evaluate and refine clusters across hierarchy levels (Fig. 6.1.1).

Process mining integration. Even once clusters have been evaluated and refined, their grouping
alone does not explain what the sequences within them have in common. Process mining is therefore
used to characterize the behavioral structures within each cluster. A process model is generated per
cluster and rendered as an arc diagram with fixed node ordering, enabling compact visual comparison
of behavioral structures across clusters (Fig. 6.1.2). Conformance checking connects these cluster-level
abstractions back to individual sequences. A fitness score quantifies howwell each sequence conforms to
its cluster’s processmodel, and the resulting ranking allows analysts to identify representative sequences
and outliers (Fig. 6.1.4). Finally, an interactive cluster adjustment supports expert-driven refinement. By
comparing process models, analysts can identify clusters that exhibit the same exploration strategy yet
are separated by the clustering algorithm, validate the grouping through conformance scores, andmerge
them based on domain knowledge (Fig. 6.1.3). This establishes an iterative refinement loop in which
clusters are repeatedly inspected, restructured, and reassessed until a set of meaningful, interpretable,
and domain-relevant interaction strategies is obtained.

6.3 Contributions and Conclusions

This work introduces a visual analytics approach to extract and characterize interaction patterns from
large, unstructured interaction logs by integrating hierarchical clustering and process mining into a
guided, human-in-the-loop workflow. The primary contributions are summarized as follows:

• Stepwise, guided clustering exploration: A workflow tailored for the stepwise, interactive explo-
ration of hierarchical clustering structures is presented, allowing analysts to navigate complex hi-
erarchies of interaction data.

• Integration of process mining: Process mining techniques are integrated to characterize derived
clusters, extracting process models visualized as arc diagrams that summarize the behavior within
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Figure 6.1: Main components of reVISID. The Cluster and Process View features (1) Clus-
ter Pane, which summarizes the top levels of the hierarchical clustering structure into a partial
dendrogram with triangular glyphs alongside a lower-triangular similarity matrix. (2) Process
Description Pane displays cluster descriptions derived through process mining and facilitates
cluster description comparison. (3) Through the Process Merging Pane, analysts may manually
merge process models based on expert-guided assessments. (4) Sequence View presents indi-
vidual sequences corresponding to selected clusters, supporting detailed behavioral analysis. (5)
Analysts can evaluate how well each individual sequence conforms to a selected process model
based on conformance scores. The image is reprinted with permission. ©IEEE.

each cluster, and employing conformance checking to evaluate howwell individual sequences align
with those models.

• Tailored similarity measure: A customized dynamic time warping similarity measure is developed
for discrete interaction event sequences, accounting for the asynchronous nature of complex user
interactions in unstructured, in-the-wild logs.

• Interactive system: The proposed approach is implemented in a visual analytics system, reVISID,
supporting the identification and extraction of exploration strategies through an iterative process
of cluster refinement, model comparison, and inspection of individual sequences (Fig. 6.1).

• Case studies: The applicability of the approach is demonstrated through two case studies: first,
analyzing the in-the-wild logs to inform exhibit design, and then combining them with interac-
tion data from the controlled experiment of the previous work to identify five distinct exploration
strategies validated against previously established behavioral patterns.

Taken together, these contributions first address RQ3, which investigates how algorithmic workflows
support guided, human-in-the-loop characterization and identification of complex interaction patterns.
The proposed approach reveals intermediate analytical results throughout the pipeline and supports
their inspection, validation, and iterative refinement through interactive visualization. By combining
hierarchical clustering with process-based cluster characterization, conformance analysis, and expert-
driven cluster merging, the workflow enables analysts to validate computational results and incorporate
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domain knowledge throughout the analytical process. This directly realizes the thesis contribution on
user-driven extraction and characterization of interaction patterns (C3).

This work also addresses RQ2, which concerns the multi-level exploration and comparison of com-
plex event sequences across different levels of granularity. The clustering hierarchy supports analysis at
the cohort level, where analysts inspect, subdivide, and merge behavioral groups; the process models
provide an intermediate abstraction that characterizes the behavior shared within each cluster; and the
individual sequences within each cluster, ordered by conformance scores, allow analysts to distinguish
representative behaviors from deviating or outlier sequences. This design allows analysts to move fluidly
between summarized behavioral patterns and their underlying interaction sequences, thereby contribut-
ing tomulti-level exploration and comparison of interaction strategies (C2).

Finally, this work addresses RQ4 by supporting the interpretation and mapping of complex interac-
tion patterns in relation to higher-level constructs. The extracted strategies were interpreted through the
lenses of Bloom’s taxonomy [4, 14] and a three-factor situational interest model [63], relating minimal
engagement to lower-order cognitive processing and sustained sessions with repeated attribute changes
to deeper engagement. This illustrates how extracted interaction patterns can be mapped to meaning-
ful domain concepts, thereby contributing to theory-grounded interpretation of interaction patterns in
relation to higher-level cognitive constructs (C4).

The extracted strategies describe how visitors moved through the exhibit, yet they leave open how
those visitors actually reason about what they explore, including interconnections, feedback, and emer-
gence. The analytical challenge therefore shifts from extracting and characterizing patterns to interpret-
ingwhat those patterns imply about howusers reason, which calls for grounding the analysis in an explicit
theoretical framework of cognition.
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chapter 7

S Y S T E M I C T R A C E

The trace was never the destination,
only the surface on which
reasoning becomes visible.

7.1 Background and Domain

In STEM education, understanding the carbon cycle is essential for scientifically informed reasoning
about climate issues, and comprehending its systemic nature depends on systems thinking (ST), a fun-
damental element of learning and teaching science [49] that comprises skills for interpreting complex,
dynamic systems [100]. Development of ST is described as a three-level hierarchy of increasingly complex
cognitive stages [6]:

• Analysis: Pupils identify a system’s key elements and processes.

• Synthesis: Pupils connect these elements and recognize their dynamic, cyclical interactions.

• Implementation: Pupils interpret hidden system features, generalize about system functioning,
and apply temporal reasoning to past events and future outcomes.

Complementing this hierarchy, a related conceptualization, “the iceberg” [57, 77], describes visible
Events as arising from deeper Patterns and Systemic Structures built on underlyingMentalModels, stress-
ing that ST requires perceiving interrelationships, non-linearity, feedback, and emergence.

Reasoning of this kind is difficult to observe directly: althoughmodern educational software captures
granular digital traces of pupil activity, these traces are often analyzed as isolated, discrete actions rather
than as evidence of conceptual reasoning. Since ST reasoning is non-linear, emergent, and feedback-
driven, it cannot be directly parsed from such data; mapping fine-grained interaction sequences to the-
oretically grounded ST constructs thus constitutes a central challenge for the analysis of educational
interaction data.

Tracing Carbon (TC) [68] is aweb-based learning environment for pupils in grades 7 to 9 in the Swedish
educational context and provides a suitable testbed for addressing this challenge (Fig. 7.1). TC features
interactive tasks centered on the carbon cycle, including a relational arrow-drawing task in which pupils
explicitly map carbon transfers between reservoirs, externalizing how they structurally organize relation-
ships within a complex system. Since TC was designed around the ST hierarchy, the environment aligns
with the analytical lens applied in this work.

This work therefore investigates how low-level interaction sequences and higher-level cognitive hier-
archies can be bridged, supporting analysts in exploring task-solving strategies and generating hypothe-
ses about the relationship between observable behavior and ST reasoning. The proposed approach is
implemented in a visual analytics system,BEHAVE (Behavioral Exploration and Hierarchical Analytics
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Figure 7.1: A screenshot of the TC digital learning environment. The interface displays 12
carbon reservoirs distributed across the atmosphere, terrestrial surface, oceans, and fossil fuels.
Pupils work by drawing arrows between reservoirs to denote carbon transfer processes such as
photosynthesis, respiration, and decomposition, where directional links convey both the flow and
its relative speed (fast versus very slow). The filled yellow circle highlights an active interaction,
indicating the pupil’s cursor while a link is being drawn between components. Logging these
interactions captures how pupils construct relationships within the carbon cycle and how they
approach the problem. The image is reprinted with permission. ©IEEE.

in Visual Environments), and targets users such as educational researchers and learning scientists. In
the remainder of this chapter, individuals interacting with the learning environment are referred to as
“pupils”, whereas users ofBEHAVE are referred to as “analysts”.

7.2 Methodology

Behavioral descriptor abstraction. In this work, ST serves as both a conceptual framework and
an interpretive lens for analyzing pupils’ interaction logs from TC. To support interpretation in relation to
ST, discrete interaction sequences are first mapped to a set of ST-related events, or behavioral building
blocks, derived in collaboration with domain experts:

• Tracing: Connecting reservoirs sequentially, with each arrow starting where the previous one
ended.

• Mini-cycles: Creating a cycle between two reservoirs.

• Same-start: Drawing repeated arrows from a single reservoir to several others.

• Same-end: Drawing repeated arrows from multiple reservoirs to a single one.

• Within-category: Connecting two reservoirs that belong to the same category.
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A temporal measure of sparsity complements these events by capturing how active a pupil is over a given
period, and a Boolean correctnessmeasure indicates whether a connection is correct.

To capture how these behaviors evolve over time, the sequences are transformed into multidimen-
sional time series by computing normalized signals for each descriptor over a sliding window. The result-
ing representation reveals how a pupil’s problem-solving strategies shift throughout a task.

Motif discovery. Building on these series, a motif discovery pipeline, adapted from consensus and
multidimensional matrix profile techniques [53, 110], identifies recurring behavioral patterns shared
across pupils. Each identified behavioral subsequence is compared across all sequences, and candidate
patterns are ranked by the number of pupils who exhibit them, prioritizing patterns shared across the
group over those recurring within a single pupil’s sequence. Thematches are further consolidated, dedu-
plicated, and filtered to yield a compact, non-redundant set of consensusmotifs. Thesemotifs constitute
a library of candidate behavioral patterns that potentially reflect distinct ST-related strategies or concep-
tual difficulties for analysts to inspect and validate.

ST-aligned multi-level visualization. The discovered motifs, behavioral abstractions, and indi-
vidual sequences are explored through three coordinated panels in BEHAVE, each aligned with one
of the three ST-informed levels of events, recurring patterns, and underlying structures (Fig. 7.2).

TheCluster Panel supports identifying cohorts with similar behavioral profiles by k-prototypes
clustering [52] over a flexible combination of survey variables, behavioral descriptors, and sequence-level
statistics, enabling cohort construction from behavioral, performance-related, or survey-based perspec-
tives. The Motif and Comparison Panel supports exploration of recurring temporal patterns
through its centralMotif Library and a compact sequence comparison visualization, enabling analysts to
examine where, when, and how frequently motifs occur within sequences and across cohorts. Finally,
the Individual Panel provides fine-grained inspection of a selected sequence through aMarey-chart-
based representation with two complementary modes: sequential mode spaces interactions uniformly
to emphasize their order, while durational mode scales them to real time to reveal pacing and idle in-
tervals. The panel further displays the derived multidimensional time series and the ST-related event
sequence, relating abstract behavioral tendencies back to the original interaction trajectory.

Through these panels, cluster-driven and motif-driven workflows converge on detailed individual in-
spection, allowing analysts to move between abstract summaries and behavioral evidence and to gener-
ate hypotheses about the relationship between observable behaviors and ST reasoning.

Case study and expert validation. The approach was evaluated through a case study and a
structured expert validation. The evaluation adopted an insight-oriented, qualitative perspective [20,
59], focused on whether the approach supports experts in exploring interaction patterns and generating
hypotheses about pupils’ ST reasoning.

The case study yielded several insights. Four cohorts with distinct strategy profiles and differing
correctness outcomes were identified, indicating that systematic exploration strategies are not equally
productive. Previously uncharacterized trial-and-error behavior was uncovered and shown to be shared
across multiple pupils, alongside frequent shifts between strategies during problem solving. These ob-
servations further drove hypothesis generation regarding ST reasoning levels, for example, linking low
use of within-category connections to difficulties in identifying system boundaries (Synthesis level), and
cross-system replication of a completed food chain to generalization skills (Implementation level).

The expert validation was grounded in triangulation with a prior empirical analysis of the same
dataset, conducted through workshop sessions that combined open-ended exploration with think-aloud
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Figure 7.2: Main components of BEHAVE. The Motif and Comparison Panel features (1)
the Motif Library, containing all discovered motifs, and (2) a compact visualization of mutually
exclusive ST-related events across all interaction sequences, shown in durational mode to support
cross-sequence comparison. The Individual Panel presents details for one selected pupil. It
features (3) multidimensional time series that summarize behavioral tendencies; (4) a Marey-
chart-based representation of interaction events; (5) a representation of the behavioral building
blocks; and (6) a compact visualization of the ST-related event sequence in sequential mode.
The topmost sequence in the Motif and Comparison Panel is the same one shown in the
Individual Panel, as marked by the annotated arrow on the right. The image is reprinted
with permission. ©IEEE.

commentary. The experts confirmed that BEHAVE reproduced the four previously identified task-
solving strategies and further judged that it extended prior work by revealing how these behaviors are
organized in both order and time, showing how strategies combine, persist, and shift within individual
sequences. The validated contribution lies in making complex interaction patterns systematically visi-
ble and interpretable, thereby enabling the formulation and refinement of evidence-based hypotheses
about pupils’ ST reasoning.

7.3 Contributions and Conclusions

This work introduces a theory-driven visual analytics approach to bridge the gap between low-level inter-
action logs and higher-level cognitive processes. The primary contributions are summarized as follows:

• ST-grounded visual analytics approach: A visual analytics approach is presented that organizes
the analysis of pupil interaction logs along three ST-informed levels: events, recurring patterns,
and underlying structures, employing ST both as a design lens and an interpretive framework.

• Tailoredmotif discovery: Discrete interaction sequences are converted intomultidimensional time
series, from which consensus motifs shared across pupils are detected and serve as candidates for
recurring behavioral patterns.
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• Interactive system: The proposed approach is implemented in a visual analytics system, BE-
HAVE (Fig. 7.2), containing two complementary analytical workflows, one driven by clusters
and one by motifs, both converging on detailed inspection of individual sequences and facilitat-
ing hypothesis-driven exploration of how interactions relate to ST reasoning.

• Case study: The usefulness and applicability of the proposed approach are demonstrated through
pupil interaction data collected in the TC environment, uncovering previously unseen behavioral
patterns and generating new hypotheses concerning the relationship between problem-solving
strategies and ST reasoning. Domain experts confirmed the resulting behavioral findings by trian-
gulating them against an earlier analysis of the same dataset.

Taken together, these contributions first address RQ2, which concerns the multi-level exploration
and comparison of complex event sequences across different levels of granularity. Three coordinated
panels operationalize distinct analytical scales: the Cluster Panel supports cohort-level character-
ization and comparison; the Motif and Comparison Panel, through its Motif Library, enables
cross-sequence inspection of recurring patterns and comparison across pupils; and the Individual
Panel preserves the temporal structure of event sequences through a Marey-chart-based representa-
tion in complementary sequential and durationalmodes. This design allows analysts tomove fluidly from
cohort-level tendencies through shared motifs to fine-grained individual behavior, thereby realizing the
thesis contribution onmulti-level exploration and comparison of interaction strategies (C2).

This work also addresses RQ3, which investigates how algorithmic workflows support guided, human-
in-the-loop characterization and identification of complex interaction patterns. The motif discovery
pipeline surfaces recurring behavioral patterns algorithmically, while interactive clustering, motif ex-
ploration, and coordinated views keep computational outcomes open to interpretation and validation
through domain expertise. This directly realizes the thesis contribution on user-driven extraction and
characterization of interaction patterns (C3).

Finally, this work addresses RQ4 by supporting the interpretation and mapping of complex interac-
tion patterns in relation to higher-level constructs. The ST hierarchy is adopted as both a design lens
and an interpretive framework, establishing an explicit bridge between low-level interaction events and
higher-level reasoning constructs. Discrete interaction sequences are abstracted into domain-informed
behavioral building blocks that situate observable actions within the ST reasoning hierarchy. Consen-
sus motif discovery, combined with multi-level visual representations, then supports the formulation of
evidence-based hypotheses about candidate behavioral indicators of ST reasoning levels, such as Anal-
ysis, Synthesis, and Implementation. This directly realizes the thesis contribution on theory-grounded
interpretation of interaction patterns in relation to higher-level cognitive constructs (C4).

Together with the preceding publications, this work completes the progression from preparing event
sequence data toward interpreting the reasoning behind them. The remainder of the thesis therefore
turns from the four papers considered in isolation to what they jointly establish.
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chapter 8

S Y N T H E S I S

This thesis has investigated howvisual analytics can support the transformation, exploration, comparison,
extraction, and interpretation of complex interaction event sequence data. This chapter revisits the four
research questions formulated in Chapter 1 and considers how the included papers jointly answer them.
The correspondence between papers, research questions, and contributions is summarized in Fig. 8.1.

Paper I

Paper II

Paper III

Paper IV

C1 C2 C3 C4

RQ1 RQ2 RQ3 RQ4

Figure 8.1: Correspondence between the four included papers, the four thesis contributions, and
the four thesis research questions. Each paper realizes one or more contributions, and each
contribution answers one or more research questions. A dark blue circle denotes a primary
contribution, and a light blue circle denotes a supporting role. Paper I contributes to C1, which
answers RQ1. Papers II to IV contribute to C2, C3, and C4, with several papers jointly realizing
the same contribution and several contributions addressing the same research question.

The first research question concerns how visual analytics approaches can support the transforma-
tion of noisy event sequence data while preserving analytically significant information. This question
is addressed by Paper I, which realizes contribution C1. Paper I treats transformation as an interactive,
context-aware process rather than a purely automated preprocessing step. Pattern-based transforma-
tions, specified manually, through templates, or from algorithmically mined sequential patterns, pro-
gressively reduce the complexity of raw sequences; visual cues convey the potential information loss of
a transformation; and an exportable action history and undo functionality keep the process transparent
and reproducible, supporting analytic provenance.

The second research question concerns how visual analytics methods can support the multi-level ex-
ploration and comparison of complex event sequences across different levels of granularity. This ques-
tion is primarily addressed by Papers II and IV, and further supported by Paper III; together, these papers
realize contribution C2. Paper II supports multi-granular investigation across the interface, interaction,
and attribute-change levels, together with individual inspection and comparison across participants. Pa-
per III scales this capability to in-the-wild data by supporting guided exploration of a navigable cluster
hierarchy while retaining access to individual sequences. Paper IV develops cohort-level, pattern-level,
and individual-level representations, with a Marey-chart-based visualization revealing the pacing and
structure of interactions in sequential and durational modes.
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The third research question concerns how algorithmic workflows can support guided, human-in-the-
loop characterization and identification of complex interaction patterns. This question is primarily ad-
dressed by Paper III and complemented by Paper IV; together, these papers realize contribution C3.
Paper III couples a tailored dynamic time warping similarity measure, hierarchical clustering, process
mining, and conformance checking with visual summaries that allow the analyst to inspect, steer, and re-
fine each intermediate result. Paper IV transforms discrete interaction sequences into multidimensional
time series and discovers cross-pupil consensus motifs, which serve as candidate recurring patterns for
subsequent inspection and comparison rather than as final results.

The fourth research question concerns how visual analytics systems can support the interpretation
and mapping of complex interaction patterns in relation to higher-level constructs. This question is pri-
marily addressed by Papers II and IV, and further supported by Paper III; together, these papers realize
contribution C4. Paper II adopts Bloom’s taxonomy to structure tasks of increasing complexity and to
interpret the resulting exploration strategies, while Paper IV employs systems thinking as both a design
lens and an interpretive framework, allowing analysts to hypothesize about observable behavior in rela-
tion to higher-level constructs. Paper III supports the contribution by showing that such interpretation
remains attainable under uncontrolled conditions.

Together, these answers trace a cumulative path from preparing raw event sequences to interpret-
ing the behavior they record, laying the groundwork for a closing account of the thesis contributions,
limitations, and future directions.
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chapter 9

H O R I Z O N S

What remains once the traces have been transformed, explored, compared, extracted, and interpreted?
This chapter gathers the contributions of the four works, draws the conclusions they jointly support, and
marks the boundaries at which those conclusions end and future research begins.

9.1 Contributions

This thesis makes four primary contributions to the field of visual analytics for event sequence analysis.

C1. Interactive transformation of noisy event sequences and quality assessment of the transforma-
tion results. The thesis contributes a visual analytics approach that enables analysts to progres-
sively transform noisy, complex event sequence data to improve their quality while preserving
analytically significant information.

C2. Multi-level exploration and comparison of interaction strategies. The thesis contributes coordi-
nated visualizationmethods that support the exploration and comparison of interaction sequences
across multiple levels of granularity, enabling analysts to investigate individual behaviors, compare
them, and identify recurring interaction strategies.

C3. User-driven extraction and characterization of interaction patterns. The thesis contributes inter-
active analytical workflows that integrate clustering, similarity analysis, process mining, and motif
discovery with interactive visualization to guide analysts in stepwise extraction, characterization,
and validation of behavioral patterns from unstructured, complex interaction sequences.

C4. Theory-grounded interpretation of interaction patterns in relation to higher-level cognitive con-
structs. The thesis contributes visual analytics designs that couple domain-informed behavioral
abstractions with established theoretical frameworks, enabling analysts to connect low-level inter-
action events to higher-level cognitive constructs, such as reasoning processes, learning strategies,
and systems thinking, and to formulate evidence-based hypotheses about them.

Taken together, these four contributions are closely interdependent and distributed across the stages
of the visual analytics process model. Each addresses a stage on which the next depends: transforma-
tion bounds what any subsequent method can reveal (C1); multi-level representation determines which
behaviors become visible (C2); algorithmic support extends this reach to collections beyond manual in-
spection (C3); and theoretical grounding determines what the resulting patterns can be taken to mean
(C4). Across all four, the unifying principle is the tight coupling of computational methods, interactive
visualization, and domain expertise.

9.2 Conclusions

This thesis has been concerned with the visual analysis of interaction event sequence data, the detailed
logs that interactive systems record as users interact, explore, and reason with them. Such logs are
routinely collected across a wide range of digital environments. Yet, their analysis has often relied on
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aggregate statistics, isolated metrics, or fully automated methods that conceal the sequential, temporal,
and individual character of the underlying behavior. Across three application settings, namely en-route
air traffic control, interactive science center exhibits, and digital learning environments, this thesis has
developed visual analytics approaches that together span the entire analytical process (Fig. 2.2). The
conclusions drawn below trace this same progression, beginning with the nature of the data itself.

Interaction logs should be regarded as rich but incomplete behavioral evidence. They capture de-
tailed traces of what users did in an interactive system, such as the ordering, timing, recurrence, and
duration of actions. In their raw, exported form, however, such logs can rarely be analyzed to explain
why users acted a certain way, what strategies they employed, or what they understood while inter-
acting with a system. Meaningful analysis therefore requires methods that preserve the temporal and
contextual structure of interaction data while enabling analysts to relate observable actions to domain-
relevant interpretations. This requirement shapes every stage of the analytical process, beginning with
the preprocessing of the data itself.

Data preprocessing must be understood as a central analytical activity rather than a separate step.
The findings of this thesis show that event sequence transformation can strongly affect which patterns
become visible in subsequent analysis. Removing noise, merging events, or simplifying repeated inter-
actions may improve the readability and comparability of sequences, yet such operations also risk dis-
carding subtle or infrequent events that carry importance in a particular domain. Transformation should
therefore be transparent, reversible, and open to expert assessment. Interactive transformation, visual
cues about data quality, and analytic provenance are essential, as they enable analysts to understand not
only the resulting data but also how andwhy they were transformed. However, improved data quality is
only a precondition; the analytical challenge that follows concerns the behavior the sequences encode.

Understanding that behavior, this thesis concludes, requires exploration and analysis at multiple
levels of granularity. Behavioral patterns manifest at different scales, as individual actions, local sub-
sequences, complete trajectories, recurring motifs, or differences between user groups, and no single
representation is sufficient for all these perspectives. This thesis therefore demonstrates the value of
coordinated views that support movement between abstraction levels, between individual and cohort
comparison, and between computational summaries and the underlying event sequences. Such coordi-
nation helps analysts connect high-level patterns with the concrete interactions fromwhich they emerge.
As collections of logs grow larger, more heterogeneous, and more unstructured, however, even well-
designed visualizations reach their limits, and algorithmic support becomes necessary.

Computational methods can reveal structure in such collections that would otherwise be difficult to
identify through purely visual approaches. Sequence similaritymeasures, clustering, processmining, mo-
tif discovery, and conformance checking can reduce the complexity of large collections of logs and direct
attention toward prominent, reproducible, and potentially meaningful patterns. This thesis also shows,
however, that algorithmic methods do not produce definitive behavioral explanations on their own. The
computational results are often sensitive to parameter choices, and equally reasonable settings can yield
different patterns; analysts must therefore be able to explore alternative configurations and tune param-
eters interactively rather than accept the computed outcome as final. Moreover, when only the final
output is presented, the algorithm acts as a black box: the analyst can see what was extracted but not
how or why, leaving no basis for judging whether a cluster, process model, or motif reflects genuine be-
havior or an artifact of the method. The approaches in this thesis therefore make the extraction process
itself transparent and adjustable, enabling analysts to understand, steer, and act upon it. Computational
outputs thus become entry points for visual exploration and expert-driven sense-making rather than
final analytical results, a sense-making that extends beyond the data themselves toward higher-level
constructs that interaction logs do not record directly.
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This ability to connect interaction patterns to higher-level constructs becomes particularly important
in learning contexts. In these settings, educators and researchers seek to understand whether users rea-
son systematically, engage with intent, or develop understanding. Yet, such cognitive processes leave
no direct traces in interaction logs. The analysis of interaction logs from interactive exhibits and digital
learning environments demonstrates that visual analytics can help experts investigate possible relation-
ships between interaction patterns and cognitive or educational frameworks. Theories, such as Bloom’s
taxonomy and systems thinking, serve as interpretive frameworks that guide exploration and hypothesis
formation and, in some cases, also as design lenses shaping behavioral abstractions and the structure of
visual analytics systems. At the same time, the thesis emphasizes that visual analytics systems cannot
directly infer users’ intentions, knowledge, or cognitive abilities; instead, they support the formulation of
evidence-based hypotheses that can subsequently be examined with additional educational, qualitative,
or experimental evidence.

In sum, these conclusions point to the broader contribution of visual analytics in this area: bridging
computational pattern extraction and contextual human interpretation. Across these domains, the pro-
posed approaches make interaction data accessible to analysts who need to understand not only what
users did, but also how they did it and what their actions may imply. By integrating data transformation,
pattern discovery, interactive visualization, and domain expertise, this thesis demonstrates a pathway
from raw event sequences to interpretable behavioral insights.

9.3 Limitations and Future Work

The contributions of this thesis were developed and validated under specific empirical, methodological,
and epistemic conditions, and the answers to the four research questions should be understood within
these boundaries. At the same time, each boundary charts a concrete direction for continued research.

Domain dependency and broadening the empirical base. All approaches were developed
and validated on datasets from specific application contexts, whose scale and diversity bound the empir-
ical claims. The thesis demonstrates the applicability and analytical value of the proposed approaches,
while statistical generalization of the discovered behaviors and patterns lies outside its scope. The re-
ported results are dependent on domain-specific choices of transformations, similarity measures, be-
havioral descriptors, and visual encodings. Future work could apply the approaches to larger and more
diverse cohorts, tasks, and domains, distinguishing findings specific to a particular environment from gen-
eral properties of interaction behavior and documenting howworkflow components must be adapted to
new settings. Such transfer, however, raises a more fundamental question of what the logs themselves
can capture.

Missing context and complementary data sources. Interaction logs capture only actions
and lack context such as attention, prior knowledge, and intent; distinct cognitive processes, however,
can leave indistinguishable traces. Complementary modalities were deliberately excluded, since the con-
tributions target logs generated during ordinary use and additional instrumentation would have altered
the study settings and raised further ethical considerations across the participant groups involved. The
thesis thus analyzes interactions as a proxy for behavior, and behavior, in turn, is considered a proxy for
cognition. Future work could complement logs with modalities, such as screen recordings, think-aloud
protocols, and task outcomes, presented through coordinated representations that help analysts judge
whether similar traces reflect similar intentions. Richer data, in turn, place greater demands on the ana-
lyst, foregrounding the costs of the human-in-the-loop commitment.
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Analyst effort, scalability, and the balance with automation. Keeping the analyst in
the loop demands sustained effort and domain expertise, makes subjective judgments part of the ana-
lytical result, and sharpens the scalability challenge. Long sequences, large event alphabets, and more
users or clusters induce visual clutter and cognitive load, which the employed abstraction, filtering, and
overview+detail techniques mitigate, though at the cost of a complete global overview. Future systems
could reduce this effort while retaining the analyst’s interpretive role, for example through onboarding
and explanation-on-demand tailored to users’ expertise and visualization literacy. Whether such mech-
anisms improve analytical outcomes is an empirical question, which leads to evaluation.

Evaluation and comparative evidence. The evaluation is grounded in case studies, usage sce-
narios, and expert feedback, which are appropriate for investigating analytical utility yet leave compara-
tive effectiveness relative to alternative methods unexamined. Comparative studies could quantify how
alternative encodings, similarity measures, and clustering methods affect analysts’ performance, while
benchmark datasets or independently coded annotations could assess the computational components
against a known reference. Even rigorous quantitative evaluation, however, only establishes that pat-
terns are extracted reliably; what they mean remains an interpretive question, marking the final bound-
ary of this thesis.

Interpretive boundaries and the validation of hypotheses. This thesis does not claim that
visual analytics systems can infer cognition, learning, or intent from interaction data; identified relation-
ships betweenbehavioral patterns and constructs, such as systems thinking, remain interpretive hypothe-
ses. Because the behavioral descriptors were derived in relation to the applied theoretical framework,
evidence from the logs alone cannot test a mapping it already presupposes. A central future direction
is therefore to test the generated hypotheses against independently measured criteria, such as pre- and
post-assessments, think-aloud protocols, and longitudinal studies, examining whether particular motifs
or strategy profiles are associated with learning outcomes or transfer across tasks.

9.4 Onward

Together, these directions describe a cycle rather than an endpoint: interaction data are analyzed, hy-
potheses about higher-level constructs are formed and tested, and the resulting insights reshape the
environments themselves, whose subsequent use lays down new traces to follow.

The choleramap (Fig. 1.1) that opens this thesis did notmerely recordwhere people had died; itmade
a hidden cause visible, and in doing so it changed what could be done about it. Interaction logs pose the
same challenge at a different scale. Read with computational support and human judgment together,
they reveal not only what users did, but something of how they explored, learned, and reasoned along
the way.
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/ˈtreɪsɪz/ (n)

1. A surviving mark, sign, or evidence of the former 
existence, influence, or action of some agent or event.
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