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Engineering education research increasingly relies on qualitative analysis of short, open-
ended survey responses to understand student experiences across courses and institutions,
but extracting reliable themes from these texts at scale requires methods that balance com-
putational efficiency with interpretive rigor. While Natural Language Processing (NLP)
has been applied in education for automated grading and sentiment analysis, its systematic
integration with qualitative thematic analysis for short, prompt-guided educational research
texts has received limited attention. This dissertation addresses that gap by comparing five
topic modeling methods on short student feedback on instructional support, and by devel-
oping the NLP-Assisted Thematic Analysis framework, a six-stage workflow that embeds
domain expert judgment from data preparation through final validation.

Three survey datasets of undergraduate engineering student responses on faculty sup-
port, teaching assistant (TA) support, and peer support (1,667, 1,592, and 1,376 responses,
respectively, for approximately 4,600 total) were processed through a standardized prepro-
cessing pipeline and evaluated against expert-coded themes. Five methods were compared:
k-means clustering, Latent Dirichlet Allocation (LDA), Non-Negative Matrix Factorization
(NMF), BERTopic with MiniLM and MPNet sentence embeddings, and zero-shot classi-
fication (ZSC). Performance was evaluated using accuracy, macro and weighted F1, topic

coherence, and inter-rater reliability (Cohen’s k). Ground truth was established by two



approaches: (a) a machine-led approach in which topic model keywords guided manual cod-
ing of the data; and (b) a human-led approach in which a domain expert coded the data
independently.

Results varied by dataset, with no single method performing best across all three corpora.
BERTopic MiniLM performed best on the concise, low-ambiguity peer support corpus (85%
accuracy, 77% macro-F1), with LDA second at 78% accuracy and 67% macro-F1. BERTopic
MPNet led on faculty support, where over one quarter of responses addressed overlapping
themes (76.8% accuracy, 65.7% macro-F1), with NMF close behind on accuracy (76.76%
accuracy, 62.82% macro-F1). TA support was the most challenging dataset due to higher
thematic ambiguity and misalignment between model-generated topics and expert-identified
themes. ZSC, applied to the peer support dataset, reached 85% accuracy and 60% weighted
F1 when prompts used mainstream language, compared to 82% accuracy and 56% weighted
F1 with domain-specific prompts.

The NLP-Assisted Thematic Analysis framework structures domain expert involvement
across six stages of the analysis pipeline, from data preparation through final validation.
Expert review consolidated nine algorithmic topics into five research themes, with inter-
rater reliability (Cohen’s k) between 0.72 and 0.75 across all three datasets. Targeted
interventions, including domain-specific stopword curation, hyperparameter selection, topic-
to-theme bridging, and review of algorithmically uncertain responses, improved macro-F1
by up to 14 percentage points. The largest single gain arose from BERTopic outlier review
on the TA support dataset, raising macro-F1 from 54.2% to 69.3%.

These results establish performance benchmarks for five NLP methods on short educa-
tional research text, identify where domain expert involvement has the greatest impact on
accuracy and interpretive quality, and provide the NLP-Assisted Thematic Analysis frame-
work as a reproducible, decision-guided protocol for researchers applying topic modeling to

qualitative survey data in education and related fields.
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Chapter 1

INTRODUCTION

1.1 Motivation and Problem Space

Natural Language Processing has transformed how researchers analyze text across many
fields, but educational research presents unique challenges that existing methods struggle
to address. One of these challenges is that modern learning environments and research en-
deavors generate large volumes of short, text-based responses such as reflections, discussion
posts, and open-ended survey answers, but the deeper meaning within these texts often
remains hidden and difficult to extract.

Educational applications of NLP can be broadly categorized into two distinct domains:
educational assessment and education research. Educational assessment focuses on practi-
cal, course-specific improvements where educators analyze student feedback (such as course
evaluations) to identify specific adjustments needed for their particular teaching context.
In contrast, education research seeks to explore distinct patterns and to identify gener-
alizable patterns across multiple courses, institutions, or contexts to advance theoretical
understanding and inform broader educational practices.

This dissertation focuses specifically on education research directed toward the system-
atic analysis of short, prompt-guided survey responses used to understand student expe-
riences and perspectives across contexts. Unlike educational assessment, which aims for
course-specific actionable insights and summative evaluation measures, education research
requires identifying themes that extend beyond individual contexts to support generalizable
findings. These texts require qualitative interpretation rather than numerical scoring, and
the goal is to discover patterns that can inform educational theory and practice broadly.

Topic modeling methods can organize and cluster words statistically, but their outputs
must be aligned with human judgment to capture meaning accurately and ensure generaliz-

ability. This work explores how NLP can be integrated into education research to support



rigorous qualitative analysis of such data. It explores multiple types of topic models with
the goal of developing decision and work flows in a human-in-the-loop topic modeling frame-
work. This framework combines computational models with expert validation to transform
short, semi-structured student responses into reliable and interpretable themes suitable for

research contexts. Table defines terms used throughout the dissertation.

Table 1.1: Key Terms and Definitions

Term Definition

Topic Word-weighted cluster from a topic modeling algorithm

Theme Human-validated construct that explains meaning across
texts

Semi-structured short Prompt-guided response of < 200 words that uses domain-

text specific vocabulary
Human-in-the-loop Domain expert input at specific stages of the analysis
pipeline

1.2 Brief History of NLP

Natural Language Processing (NLP) is an interdisciplinary field combining linguistics, com-
puter science, and artificial intelligence (AI). NLP enables computers to preprocess, analyze,
and interpret large volumes of spoken or written language data. Its goal is to allow comput-
ers to process language similarly to how humans do to support various tasks across different
fields [I]. Over time, NLP has evolved from early theoretical studies into a key part of
modern Al systems. Figure provides an overview of how NLP has grown from early
rule-based systems to modern, sophisticated neural methods.

Historically, NLP began in the 1950s with the goal of automating language translation.
This early work laid the foundation for broader efforts in computational linguistics [1]. The

first major milestones in the broader use of NLP came in the 1970s and 1980s, with the



Rule-Based Era (1950s-1980s)
Syntactic parsers, semantic analyzers

Key: Symbolic approaches, hand-coded rules

!

Statistical Era (1990s-2010s)
Hidden Markov Models, n-grams, SVMs

Key: Data-driven approaches, machine learning

!

Neural/Transformer Era (2010s-present)

BERT, GPT, attention mechanisms

Key: Deep learning, contextual embeddings

Figure 1.1: NLP evolution timeline: from rule-based systems to modern neural approaches.

creation of syntactic parsers and semantic analyzers [2]. In the 1990’s, NLP experienced
continued growth when statistical methods were introduced. These methods allowed more
advanced language modeling for a wider range of practical applications.

NLP development has progressed through three main phases, as shown in Figure
[1, B]. The first phase was rule-based, grounded in linguistic theory and symbolic Al,
where systems relied on hand-written grammatical rules [2]. The second phase introduced
statistical NLP, which shifted from rules to data-driven learning [3]. Researchers began using
large collections of text to estimate how words and phrases occur together and improved the
ability of computers to model real language use [4]. Later, neural language models extended
these ideas by representing words as numerical vectors that capture their meanings and
relationships and allow models to recognize similarities between words and handle longer
text contexts [4]. The current and most advanced phase is based on neural networks and
transformer models. Transformers use attention mechanisms to handle longer and more
complex contexts in language data. This gave rise to large language models (LLMs) such as

BERT (Bidirectional Encoder Representations from Transformers) [5] and GPT (Generative



Pre-trained Transformer) [6]. These models greatly improve the accuracy, versatility, and
effectiveness of language understanding and generation, and this makes NLP increasingly
valuable across many applications and domains.

Today, NLP continues to expand its reach across diverse domains (Figure [1.2)), sup-
porting tasks such as text summarization, sentiment analysis, machine translation, and
conversational systems [I]. In healthcare, NLP assists with clinical documentation and pa-
tient data analysis. In business, it supports customer relationship management through
sentiment analysis and automated customer support. These advances have made NLP in-

creasingly relevant to fields that analyze large volumes of text, including education.
1.3 NLP in Education Research

The use of NLP in education has been extensive, particularly in assessing and categorizing
student learning. Assessment determines the quality or level of learning, while classification
identifies what students understand without judging its quality.

Automated assessment is an attractive solution for large student populations, and one of
the most common applications of NLP in education is the assessment of student writing in
the Test of English as a Foreign Language (TOEFL) [7]. NLP is used to evaluate grammar,
mechanics, word usage, complexity, style, and organization of student essays. NLP-based
assessments have demonstrated remarkable agreement with teacher grades, ranging from
70% to 90%, when combined with neural networks [8]. In terms of vocabulary assessment,
NLP tools can explain 44% of the variance in students’ vocabulary knowledge scores when
compared to traditional vocabulary tests, and this result demonstrates that automated text
analysis can capture a substantial portion of students’ vocabulary proficiency [9]. These de-
velopments produced Automated Essay Grading (AEG) or Automated Essay Scoring (AES)
systems, some of which have been adapted for engineering education and are particularly
helpful for English as a Second Language (ESL) students [10} [11].

While NLP substantially reduces grading effort for instructors, it also supports identi-
fying and categorizing what students learn. For example, NLP has been used to categorize
student responses to a physics measurement problem by assigning student responses to one

of three conceptual categories, with the same level of agreement as a human coder [12].
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Figure 1.2: NLP Applications across Domains

However, NLP was unable to perform finer classifications using subcodes used by human
graders [12]. In engineering, NLP has been applied to classify documents produced by stu-
dent design teams, to predict the success of these teams, and to analyze student writing
in various disciplines [13] 14}, [I5]. These efforts reinforce the notion that NLP is not only
useful in producing a numerical or quantitative judgment of student work (i.e., a grade) but
can also assist teachers in understanding differences among students and their learning.

These applications focus on artifacts created within classrooms for instructional or grad-
ing purposes. Fducation research, however, seeks insights that extend beyond a single
course or cohort or institution. It aims to generate generalizable knowledge about learning
processes. In this broader research context, NLP analyzes text that students produce in
response to research instruments rather than coursework. Such instruments include struc-
tured or semi-structured surveys designed to study constructs such as motivation [16], [17],
identity [18], goals [19], and persistence [20)].

NLP has also advanced educational research through sentiment and affect analysis. Stud-
ies use sentiment classifiers to detect emotional tone in student reflections and feedback and
have reported high accuracy levels, ranging from 75% to 99% when compared to tradi-

tional human approaches [21, 22]. More recently, sentiment analysis has been applied to



a finer grained analysis of sentiment detecting tones of joy, fear, sadness, anger, analytic,
confident, and tentative in student generated stories of their lived experiences [23]. These
findings help researchers understand students’ affective states, yet emotion alone does not
explain the reasoning behind their perspectives. Educational research therefore requires
analysis that interprets the content and meaning of student text, not only its sentiment.
NLP can assist by identifying linguistic patterns or conceptual groupings within qualitative
text, which human researchers can then interpret through established frameworks [24] 25].

Most NLP work in education emphasizes grading or sentiment classification, while fewer
studies link computationally derived text clusters to researcher-interpreted qualitative cat-
egories. This dissertation addresses that gap by examining how NLP models can interact
with expert judgment (i.e., human-in-the-loop workflows) to analyze short, prompt-guided
responses collected for educational research. Because the structure of these responses de-
termines which computational and qualitative methods are appropriate, the next section

describes the properties of these research texts.

1.4 Data in Educational Research

Data used in educational research differs significantly from data typically seen in other
contexts, such as social media or short text communications [26]. Figure illustrates
the range of short text formats used in qualitative educational research and identifies the

semi-structured short texts that are the focus of this study.

Structured Qualitative
Guided forms,
fixed prompts

FEzample: structured

reflection worksheets

Semi-structured
Prompt-guided
responses
Example: open-ended

survey questions

Unstructured
Natural lan-
guage responses
FExample: discussion posts

and reflections

This figure addresses short text formats (< 200 words). Longer-format qualitative

data (interviews, focus groups, and essays) are outside the scope of this study.

Figure 1.3: Types of qualitative data in educational research.




A defining characteristic of educational research text is its use of domain or discipline-
specific language. Students responding to surveys or prompts within an educational setting
often use specialized vocabulary and terminology related to their field of study. For in-
stance, engineering students may discuss ” problem-solving approaches”, ”lab experiences”,
or "interactive methods” in ways uniquely relevant to their educational context. This dis-
ciplinary vocabulary requires analytical tools that can capture specialized language while
maintaining fidelity to the academic context.

Educational research data also differ from other short-text sources such as tweets, com-
ments on social media platforms, or general online reviews [26]. Unlike tweets or social
media comments, which are entirely unstructured and unrestricted, survey and other text-
based responses are guided by specific prompts. These prompts focus student responses on
specific themes or educational contexts, which results in more coherent and contextually rel-
evant data [27] that supports structured analysis [28]. Moreover, the semi-structured nature
of educational research data strikes a balance between structured qualitative formats, such
as fixed reflection worksheets, and entirely unstructured qualitative formats, like free-form
social media posts [29]. Educational research survey responses provide enough flexibility
for genuine, rich expression while still maintaining enough structure to make qualitative
analysis both possible and meaningful [27].

In summary, the educational research data emphasized in this dissertation is distinct due
to its semi-structured format, discipline-specific language, and guided nature, positioning it
uniquely between structured qualitative data (fixed reflection worksheets) and unstructured
qualitative data (free-form social media posts).

Given this data regime, the literature leaves several methodological questions open.
1.5 Gap and Thesis Contributions

1.5.1 Research Gap

Prior work in education uses NLP heavily for automated assessment and for sentiment [8], 21,
22], but gives less attention to how topic models can support education research by turning

model outputs into human-validated themes from short, prompt-guided student text. Short



responses with domain terms and semi-structured prompts create sparse features, unstable
topics, and uneven interpretability [26]. Methods to link topics to themes and to place

experts in the loop are not well standardized across classic and neural topic models [27, B30].

1.5.2 Thesis Statement

A structured, human-in-the-loop topic modeling pipeline produces reliable and interpretable
themes from short, prompt-guided educational research texts. This thesis is examined through
two research questions: RQ1 evaluates which topic modeling approaches perform best on
these texts, and RQ2 identifies where and how domain expert input most improves the value

and accuracy of the analysis.

1.5.3 Research Questions

This dissertation investigates how Natural Language Processing (NLP) methods can be ef-
fectively applied to qualitative educational data, particularly short, semi-structured student
responses to open-ended survey prompts. The goal is to assess the suitability, limitations,
and potential of a range of NLP tools in this context. The study also evaluates the role
of human expertise in complementing automated analysis and considers the methodological
implications of using NLP for educational research.

Two primary research questions guide this work:

1. What are the strengths and weaknesses of five topic modeling approaches
for short educational research texts (k-means, LDA, NMF, BERTopic,
zero-shot classification)? This question focuses on comparing the performance

of widely used NLP algorithms on short, semi-structured student responses.

2. How can a domain expert be best integrated into the analysis of short ed-
ucational research texts to improve the value and accuracy of NLP meth-
ods? This question explores different strategies for combining human expertise with
automated models. It asks whether and how domain experts can enhance model per-

formance, either by refining input data, evaluating output topics, or converting topics



into higher-level qualitative themes. This human-in-the-loop approach is evaluated

for its effectiveness in improving both interpretability and model outcomes.

These research questions establish the scope of investigation and provide the framework
for evaluating different NLP approaches. The following contributions demonstrate how this

research addresses each question through systematic analysis and validation.

1.5.4 Contributions

To address these research questions, this dissertation makes three main contributions:

C1: Established performance baselines by comparing five topic modeling
methods. This study compared k-means, LDA, NMF, BERTopic, and zero-shot classifi-
cation on the same datasets using a shared preprocessing pipeline and common evaluation
metrics. The results show that no single method works best for all datasets. Instead, the
analysis identifies which method fits each dataset type, providing clear guidance for method
selection based on dataset characteristics.

C2: Identified where expert input has the highest impact. The study ana-
lyzed expert input at different stages: preparation (domain-specific stopwords), prompt
design (for zero-shot classification), and theme interpretation (mapping topics to themes).
These interventions improved accuracy by 3 to 14 percentage points, showing where expert
time produces the most valuable results. This analysis helps researchers prioritize expert
involvement to maximize both accuracy and efficiency.

C3: Developed the NLP-Assisted Thematic Analysis framework. The study
created a structured, six-stage framework with decision flows for model selection, work
flows for method optimization, and documentation of preprocessing rules, theme formation
rationales, and parameter selection criteria. These resources support replication and adap-
tation to new datasets, disciplines, and research contexts beyond the engineering education

datasets analyzed here.
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1.5.5 Generalizability and Scope

The methods target datasets with three traits: (1) short responses, (2) prompt-guided but
open answers, (3) domain-specific vocabulary. Findings are meant to transfer to any dataset
that shares these traits, not only the datasets used here.

These contributions provide a systematic framework for addressing the research ques-

tions through empirical analysis and validation.
1.6 Chapter Roadmap

The dissertation is organized into eleven chapters.

Chapters 2—3: Background — These establish qualitative research methods (Chapter
2) and the topic modeling literature (Chapter 3) that motivate the study.

Chapters 4—6: Method — These describe the topic modelling pipeline used to address
the first research question associated with this dissertation: data collection and preprocess-
ing (Chapter 4), word and document embeddings (Chapter 5), and the five topic modeling
approaches along with the evaluation framework used to assess them (Chapter 6).

Chapters 7—8: Results — Chapter 7 presents results from the five discovery-first
methods (k-means, LDA, LSA, NMF, and BERTopic) across all three datasets. Chapter 8
presents results from zero-shot classification on the Peer Support dataset.

Chapter 9: Discussion — This chapter interprets results across all five methods, exam-
ines cross-method patterns, and provides evidence-based recommendations for practitioners,
effectively exploring and answering RQ1.

Chapter 10: Human in the Loop — This chapter explores human-in-the-loop strate-
gies for optimizing the use of topic models in educational research and presents decision
flows and work flows that guide the practitioner in how and when to intervene in NLP-
based analysis of short texts, thereby addressing RQ2.

Chapter 11: Conclusions — This chapter synthesizes results and discusses implications

for both NLP and education research.
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Chapter 2
BACKGROUND: QUALITATIVE RESEARCH METHODS

This chapter defines the qualitative foundation for analyzing short, prompt-guided stu-
dent responses within educational research contexts. It reviews different types of quali-
tative analysis methods and evaluates their suitability for the semi-structured short text
data examined in this dissertation. The focus of this dissertation is on systematic studies
in education research that extend beyond single classrooms, using semi-structured student
responses. This focus differs from educational assessment, which measures individual out-
comes; here, the aim is to identify patterned meanings that inform theory and practice
across populations.

Education research seeks to expand knowledge about how people learn and improve
teaching practices[29]. It aims to build more inclusive learning environments that accom-
modate the voices of many different kinds of students[29]. To achieve these goals, researchers
must answer questions about what, how much, and how often students are doing, thinking,
or feeling certain things, as well as understanding how and why they are doing, thinking, and
feeling what they are[29]. The first set of questions is typically addressed by quantitative
research methods, while the latter is addressed by qualitative methods[29].

While both quantitative and qualitative approaches are important for advancing knowl-
edge and practice in education, quantitative methods have remained far more prevalent in
the peer-reviewed literature than qualitative methods. This is also true for mixed methods,
which strategically combine the two types of research methods [31], p. 13]. Nevertheless,
while “qualitative research understandably remains a minor pursuit in many broad fields,

it is increasingly accepted in all.” [31], p. 13].
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2.1 Qualitative Research Methods

This chapter considers several qualitative research traditions (Table [2.1)) and their applica-
bility to the datasets analyzed in this dissertation:

e Ethnography: Ethnography involves long-term immersion and observation to un-
derstand cultural practices and meaning systems[29] and can provide rich contextual
insights into individual experiences in education. Such observations can produce large
quantities of text that must first be broken down by a researcher familiar with the un-
derlying fieldwork into meaningful chunks that are compatible with natural language

processing.

e Phenomenology: Phenomenological research focuses on lived experience through
deep interviews and personal narratives to distill the essence of phenomena[29]. While
powerful for understanding individual experiences, it relies on lengthy, unstructured
descriptions from few participants and like ethnography, must be broken down strate-
gically into shorter texts to benefit from the NLP techniques explored in this disser-

tation.

e Narrative Inquiry: This approach constructs chronological narratives from individ-
ual life stories and experiences[29]. While providing deep, individualized insights, it

focuses on few participants and does not typically produce short texts for analysis.

e Case Study: Case studies investigate bounded systems in depth using multiple data
sources[29]. While excellent for answering "how” or ”why” questions in context, they
focus on single cases rather than broader analyses across hundreds of responses that
stand to benefit from automation through current natural language processing tech-

niques.

e Grounded Theory: Grounded theory develops theory through iterative coding and

comparison until theoretical saturation[29]. While ensuring rigorous links between
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data and theory, it is time-intensive and aims to produce substantive theory rather

than descriptive themes, which extends beyond the scope of this dissertation.

Content Analysis: Content analysis systematically codes textual data into cate-
gories or counts and provides structured summaries[29]. However, it operates at a
micro level and often reduces qualitative data to frequency counts. As a result, it is
vulnerable to losing the context and meaning that the interpretive approach adopted
in this dissertation seeks to preserve. While NLP tools and topic models may be useful
for identifying content relevant to particular research questions, it typically does not

require the level of semantic sophistication that many modern NLP topic models offer.

Thematic Analysis: Thematic analysis is a flexible method for identifying and
analyzing patterns (themes) within data]27]. It goes beyond content analysis by con-
sidering how the use, frequency, and meaning of words map to conceptually grounded
themes. Further, unlike methodologies tied to specific theoretical frameworks, the-
matic analysis can be applied across different research contexts and is well-suited to
semi-structured short texts like the survey responses analyzed in this dissertation, pro-
viding ”enough flexibility for genuine, rich expression while still maintaining enough

structure to make thematic analysis both possible and meaningful”[29].

Of these qualitative analysis techniques, thematic analysis is the most closely aligned

with evaluating short texts while both considering meaning within those texts and also

minimizing the amount of preliminary analysis and processing that must be done to prepare

texts for NLP-based analysis.

Thematic analysis is specifically chosen as the guiding qualitative method for this study

for the following reasons:

o Applicability to Education Research Data: Thematic analysis can handle a

large volume of short responses by condensing them into a manageable set of themes.
It allows the summarization of key features of the entire dataset while preserving

meaning[29]. For instance, instead of reading hundreds of responses in isolation, the



Table 2.1: Suitability of Qualitative Research Methods to This Study

Method Primary Goal Typical Output Suitability for This
Study

Ethnography Cultural immersion Narrative of shared Too immersive for
and understanding practices and norms survey-based data

Case Study Deep analysis of a Analytic story across Partial overlap, not
bounded system multiple data types fully aligned

Phenomenology Capture of lived expe- Essence of a phe- Ideal for interviews,
rience nomenon across less so for text

participants

Grounded Theory

Data-driven theory

generation

Emergent model ex-

plaining social process

Overly generative for

this scope

Narrative Inquiry

Study of personal sto-

ries and sequencing

Temporal arc and

meaning structure

Complementary, but

not central here

Content Analysis

Systematic coding into

categories or counts

Structured summaries

and frequency counts

Reduces meaning to

counts; limited inter-

pretive depth

Thematic Analysis

Identification of pat-

terned meaning

Themes with codes,

definitions, exemplars

Core method in this

dissertation
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method can identify that many responses revolve around recurring concerns or experi-
ences across the dataset. This method thus provides an organized overview of student

perspectives.

Flexibility and Depth: Unlike a purely counting-based content analysis, thematic
analysis allows interpretation beyond word frequencies to the concepts or issues the
words represent[29]. This is important in education research, where two students
might use different words to express the same underlying concern. Thematic analysis
captures such underlying patterns. It also allows mixing inductive coding (letting
themes emerge from student voices) with deductive coding (checking against expected
issues from literature or theory). This offers a rich analysis that can connect to

education research.

Human-Centered and Transparent: Thematic analysis keeps the researcher closely
engaged with the data at all times, which aligns with qualitative values of reflexivity
and context. Braun and Clarke advocate it as a method that is relatively easy to
learn and accessible even to those new to qualitative research[27]. This means it can
be clearly explained and audited. The results (themes) are typically straightforward
and intuitive, which makes it easier for educators and other stakeholders to under-
stand. The aim is for themes to resonate with educators’ intuitive understanding of

student issues, thereby amplifying the impact of the research.

Efficiency with Rigor: Thematic analysis can be augmented with computational
tools (as will be done with NLP topic modeling) to increase efficiency without sacri-
ficing rigor. It is less rigid than grounded theory because there is no need to follow
iterative sampling to build the theory. So, algorithmic support can be incorporated in
identifying candidate patterns. Yet, the method remains systematic enough to ensure
credibility (through clear coding procedures and reliability checks). Thematic analysis
effectively serves as a bridge between qualitative insight and quantitative structure.
This is ideal for the mixed-methods aim of this dissertation (addressing both human

interpretation and algorithmic analysis)[29].
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Thematic analysis is particularly well-suited for combining with NLP-based topic mod-
eling because both approaches share the goal of identifying patterns in text data. While
topic models excel at discovering statistical co-occurrence patterns at scale, thematic anal-
ysis provides the interpretive framework needed to transform these algorithmic clusters
into meaningful themes that address research questions. The next sections detail how this
method is combined with NLP topic modeling and how machine-generated topics are dis-

tinguished from human-defined themes.

2.2 Thematic Analysis and Topic Modeling

2.2.1 Thematic Analysis Process

Thematic analysis involves a structured yet flexible process of coding qualitative data and
identifying themes. The analysis follows the general six-phase guide outlined by Braun and

Clarke (2006)[27]:

1. Familiarization with the data: Researchers read through all student responses
multiple times and transcribe data if needed. The goal is to become deeply familiar

with content and note initial impressions.

2. Generating initial codes: The analyst works through the data systematically, high-
lights sections of text, and assigns codes (concise labels) that describe the content or
meaning of each segment. A code might be a short phrase like ”time management
struggles” or ”lab equipment access” attached to a sentence where a student mentions

that idea. All data relevant to each code are collated for review.

3. Searching for themes: The researcher examines codes and groups related ones into

? 7stress

candidate themes. For example, codes like ”exam anxiety,” ”fear of failing,
before tests” cluster into ” Assessment Anxiety.” At this stage, the researcher organizes

codes into potential themes and gathers all supporting data extracts for each theme.

4. Reviewing themes: The research team checks each candidate theme against the

full dataset, collapses overlaps, splits overly broad themes, and discards unsupported
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ones. The researcher asks: Do these theme candidates make sense given the actual
data? Are the data extracts within each theme cohesive? For instance, a broad
”Support Needs” theme might be split into ” Academic Advising” and ”Peer Study
Groups” when closer reading reveals distinct types of support. The outcome is a set
of tentative themes that reasonably reflect the data. Researchers often visualize this

structure as a thematic map linking codes to themes.

5. Defining and naming themes: Once the thematic structure is finalized, the re-
search team defines each theme clearly and gives it an informative name. The defini-
tion spells out what is unique about that theme and what aspects of the data it covers
(and sometimes what is excluded). For instance, ” Assessment Anxiety” might be de-
fined as ”students expressing fear, stress, or nervousness specifically about quizzes,
exams, or graded evaluations.” This phase ensures that themes are distinct from one

another and tied to specific meanings in the data.

6. Completing the analysis: In the final phase, the researcher selects vivid, repre-
sentative quotes from students for each theme, relates the themes back to research
questions and literature, and crafts the narrative that answers those questions. When
using automated topic models (NLP-based) to assist in the process, completing the
analysis can involve iteration of topic model parameters and (potentially) exploring
multiple topic models to optimize performance outcomes. The end deliverable of suc-
cessful analysis is a scholarly report (such as this dissertation chapter) that presents

the themes and interpretations with supporting evidence from the data.

2.2.2  Role of Topic Modeling

Topic modeling refers to a class of machine-learning techniques that identify clusters of words
that co-occur within documents. For example, Latent Dirichlet Allocation (LDA) topic
models represent each topic as a probability distribution over words and each document as a
mixture of topics. An LDA model might output a topic characterized by words like ”project,

implementation, build, hands-on, prototype” and indicate that a particular student response
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is 80% associated with this topic, which could be interpreted as ”hands-on projects” based on
those keywords. Other topic modeling techniques, such as k-means clustering, Non-Negative
Matrix Factorization (NMF), BERTopic, and zero-shot classification, operate on similar
principles but differ in their underlying mathematical assumptions. Subsequent chapters
discuss these algorithms in detail. Topic models are essentially ”statistical methods that
analyze the words of the original texts to discover the themes that run through them” [32].
The goal aligns well with that of thematic analysis to find underlying themes in text, but
it achieves this through automated statistical pattern-finding rather than deep reading.

Topic modeling is used to support and enhance thematic analysis by providing initial
coding structures rather than starting from scratch with open coding. After preprocess-
ing student responses and applying multiple topic modeling algorithms, machine-generated
topics act as first-pass categorization, clustering responses that use similar terminology. For
instance, one topic might correspond to ”mentorship & support” with top words {mentor,
advice, guidance, help}. Once topics are generated, thematic analysis builds on those topics
rather than starting from scratch in the search for codes and then aggregate groups of codes
(themes). Domain experts review all topics by reading sample responses to understand what
each cluster represents beyond keywords, since topic models statistically group words rather
than interpret meaning. This expert review corresponds to Braun & Clarke’s familiarization
and coding phases, except that codes were partly suggested by the algorithm.

Domain experts then compare initial topic labels to identify overlaps or splits, merg-
ing similar topics (e.g., ”difficulty with time management” and ”balancing coursework and
personal life” into ”Time Management Challenges”) or splitting overly broad topics into
distinct themes. This manual merge/split process ensures that emerging themes are con-
ceptually grounded. This approach tackles the challenge of manual coding large datasets

while maintaining interpretive depth essential for qualitative analysis[33].
2.3 Differences Between Topics and Themes

The terms topic and theme can sound similar but they are not the same. They both refer to
underlying patterns in the data but have specific meanings and roles. Understanding their

differences is key to appreciating why expert interpretation is needed to move from one to
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the other[33].

2.8.1 Defining Topics

In topic modeling, a topic is a statistically defined pattern of words. Formally, a topic
is a set of terms (or synonyms to those terms) that tend to appear frequently together
across the corpus[32]. For example, a topic emerging from a dataset containing student
feedback of teaching might be represented by high-probability words like “lecture, slides,
notes, textbook.” Each topic is typically unlabeled when produced and is essentially a
mathematical abstraction (a distribution over the vocabulary) until it is interpreted by
researchers.

Documents in a dataset can be associated with multiple topics in varying proportions.
This means a single response might be determined to be 60% Topic A and 30% Topic B
according to a particular topic model. Topics are thus latent constructs that summarize
common co-occurring words, phrases, or segments of text with similar meaning in the data.
From a computational perspective, algorithms generate topics without direct human input
because they decide groupings based on word patterns and, in more sophisticated models,
limited consideration of what those word patterns mean. As a result, topics may sometimes
correspond to what a human would consider a coherent subject, but other times they may
not.

The main point is that a topic is defined by lexical similarity, not necessarily by semantic

coherence. It provides clues to a theme but is not equivalent to one.

2.8.2  Definition of Themes in Qualitative Analysis

A theme in qualitative research is a pattern of meaning or concept that emerges from
interpreting the data[33]. According to Braun and Clarke (2006)[27], a theme ”captures
something important about the data in relation to the research question, representing some
level of patterned response or meaning within the dataset.” Unlike a topic’s list of words, a
theme is typically described in natural language as an idea, often a short phrase or sentence,

and it is backed by a collection of data excerpts that exemplify it.



20

For example, a theme might be ”Sense of Belonging” if many students describe feeling
connected to their peers, instructors, or learning community, even if they express it in
different ways. Researchers identify such a theme through careful interpretation, considering
context, tone, and meaning. Each theme is explicitly defined and conceptually aligned with

the research questions or important aspects of participants’ experiences.

2.8.8 Bridging Topics to Themes

The distinction between topics and themes anchors the comparison of computational and
qualitative approaches[33]. Structurally, themes and topics often relate in complex ways

including but not limited to:

e One-to-One Alignment (Rare): In some cases, a topic model might produce a
topic with keywords related to a specific concept, such as { “homework, assignments,
due, late, deadline” }. Upon expert review, researchers might find that most responses
in this topic explicitly mention time management issues with assignments. This topic
could map directly to a theme like ” Assignment Time Management Challenges,” rep-
resenting a rare case of near-perfect alignment between algorithmic clustering and

human interpretation.

e One Topic to Multiple Themes: A more common scenario occurs when a topic
model generates a topic with mixed keywords, such as {“difficult, professor, accent,
understand, class, hard”}. Initial review might suggest this represents ” Communica-
tion Issues with Instructors.” However, detailed examination of the responses could
reveal two distinct patterns: some responses mention difficulty understanding due
to language barriers, while others reference challenging course content. Researchers
might split this single topic into two themes: ”Language/Communication Barriers”
and ”Course Content Difficulty,” and they recognize that these represent fundamen-

tally different student support needs.

e Multiple Topics to One Theme: Analysis might reveal that related concepts

are fragmented across multiple algorithmic topics. For instance, one topic might
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contain keywords { “mentor, advisor, guidance, career” } while another contains { “help,
support, tutor, office hours”}. While the algorithms treat these as distinct clusters,

domain knowledge might recognize both as aspects of academic support systems.

Researchers could merge these into a single theme ” Academic Support and Mentor-
ship,” and they recognize that students use different vocabulary to describe similar
support needs. This decision would be informed by domain knowledge that emphasizes

the importance of holistic support systems.

e Topics That Are Not Themes: Some topics might be identified as artifacts rather
than meaningful themes. For example, a topic dominated by generic words { “student,
university, semester, year, college” } might contain responses that provide no action-
able insights about the research question. These responses would be excluded from
the final theme set. This decision requires human judgment to distinguish between

meaningful patterns and survey response artifacts.

An example of how topics map to themes in the context of education research is shown
in Figure[2.1] The fundamental differences between topics and themes highlight why expert
interpretation is required to create accurate mappings from topics to themes[33].

While topic models excel at scale and identify co-occurrence patterns, produce consistent
clusters rapidly, and reveal associations that manual coding might miss (e.g., “difficult”
with both “professor” and “class”), they lack contextual understanding and often privilege

dominant patterns, overlooking low-frequency but meaningful insights.
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Chapter 3
BACKGROUND: TOPIC MODELING

In the previous chapter, the most common qualitative research methods were explored
and the rationale for emphasizing thematic analysis as the focus of this dissertation was
presented. In this chapter, the NLP-based topic models chosen to explore NLP-driven
thematic analysis (with human intervention as appropriate) are examined in the context of
the existing literature in order to justify their selection for analyzing short texts in education
research.

Artificial intelligence (AI), specifically natural language processing (NLP), offers poten-
tial solutions to these challenges. In particular, topic models are unsupervised NLP tools
that explicitly seek similarities in the relationships between data points (i.e., words or se-
quences of words) [34], thereby making these models well suited for identifying patterns, an
end goal that it shares with thematic analysis. A wide range of algorithms and approaches
are available to capture these patterns and while a full review of topic models is outside the
scope of this study, the comparative analysis presented herein examines five fundamentally
different approaches to understanding and classifying language based on clustering, proba-
bilistic, algebraic, neural network, and zero-shot classification techniques. Clustering offers
a simple approach that groups similar uses of identical words together into individual clus-
ters (i.e., topics), essentially treating words with little regard to context or the possibility
that multiple topics may be present in a document. Probabilistic analysis groups documents
with the same sets of words (i.e., word co-occurrences) together into topics but still fails
to capture word (semantic) meaning even while considering some context of how words are
used in combination with one another to express ideas. Matrix factorization (algebraic)
methods seek to reduce superfluous information in text (i.e., noise) and actively seek out
similarity instead of sameness among language patterns in documents, thereby offering ad-

ditional insight into semantic meaning. And finally, more complex topic models based on
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neural networks offer the opportunity to capture the position of words in documents and
their local and global (long-range) context by leveraging their pre-training on large and
diverse datasets. Beyond these unsupervised approaches, zero-shot classification offers a
fundamentally different paradigm in which experts define themes before classification be-
gins and the model assigns documents to those predefined categories without task-specific
training. Representing the straightforward to the complex, these five types of approaches
possess different benefits and drawbacks which must be explored and understood for specific

types of datasets and specific contexts to develop actionable guidelines for their use.
3.1 Topic Models using Clustering Techniques

Traditional clustering approaches to topic modelling partition documents into groups based
on similar word patterns without regard to what a word means (semantics) or the words
which surround it (context). Among clustering approaches, k-means is computationally
simple and the most widely used clustering technique in scientific and industrial applica-
tions including data mining [35]. k-means works by partitioning data into a pre-specified
number of non-overlapping clusters by minimizing the distance between each document’s
(numerical) vector representation and its corresponding cluster centroid. In addition to
ignoring context and semantics, k-means is also limited by assigning each document to one
and only one cluster and requiring all clusters to be spherical. Thus, poor performance can
result when clusters vary significantly by size and density, when multiple topics overlap, or
when variability exists in the initial partitioning of the data [36] [37].

Despite these constraints, k-means is useful in short text topic modelling under specific
conditions. For example, in a comparative analysis of inherently noisy and short Twit-
ter and Reddit datasets, k-means proved to be the best performing clustering method in
two of three datasets when documents were embedded into vectors using word2vec [36], a
two-layer, neural network pretrained to learn word associations and semantics using large
datasets [38, B9]. In this same study, k-means also outperformed most clustering meth-
ods regardless of word embedding technique [36]. The conditions which enabled top level
performance included incorporating considerations of word meaning (semantics) through

the use of word2vec embedding, confining the data to a relatively narrow set of topics
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(discussions of Australian politics), and extracting ground truth from frequently occurring
hashtags in documents rather than manual topic assignment [36]. Similar performance lev-
els have been demonstrated for tweets associated with highly specific topics such as the
World Cup soccer tournament, where k-means produced comparable results to the more
advanced Non-Negative Matrix Factorization (NMF) approach after outlying points were
removed to reduce noise [40]. Well-separated topics are also compatible with k-means clus-
tering as illustrated by a study that analyzed health-related tweets and emails and found
that k-means performed comparably to probabilistic models [37].

In addition to being useful in and of itself for capturing topics in data corpora under
certain conditions, k-means can also serve as an effective baseline for topic modelling by
establishing a minimum level of performance for comparison to more sophisticated tech-
niques. Failure to perform at the level of k-means or beyond can suggest an issue with
model parameter selection and optimization, a fundamental mismatch between the topic
modelling approach and the underlying data corpus, unusual data characteristics that lend
themselves to k-means, or a combination thereof. For these reasons as well as the appeal of

simplicity and computational efficiency, k-means is included in this comparative analysis.
3.2 Topic Models based on Probability

Like clustering methods, probabilistic topic models do not require any pre-existing informa-
tion to identify hidden topics in texts. These models capture rudimentary global context
by favoring word co-occurrences (i.e., the same words used together) across documents to
identify topics. Of the probabilistic models available for topic modelling, Latent Dirichlet
Allocation (LDA) is the most common [30] where the Dirichlet is a distribution of proba-
bility distributions chosen to model how topics are mixed in documents and how words are
mixed in topics in such a way that the resulting mixtures are sparse and realistic. By lever-
aging the Dirichlet Distribution and evaluating which words and how often words co-occur
in different documents, LDA determines how likely (probable) each possible topic is repre-
sented in each document, thereby allowing documents to exhibit multiple topics in varying
proportions. While LDA ignores word order and local context which limits its capacity for

capturing the meaning of words, it has nevertheless been widely used to sort and classify
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documents.

The negative impacts of LDA’s limited capacity for understanding semantics are min-
imized when analyzing data corpora containing longer texts with rich vocabulary overlap.
Under these conditions, LDA has been able to successfully identify themes that align with
human judgement and interest. For example, in the analysis of student feedback, Nanda et
al. applied LDA to over 150,000 MOOC (massive open online course) learner comments av-
eraging 16-17 words per document and found that topic assignments corresponded well with
subsequent qualitative analysis, with the model successfully distinguishing themes related
to course content, instructor quality, and learner satisfaction [41]. In another large study of
over 110,000 student evaluations of teaching involving even longer texts, Sun and Yan found
that LDA identified eight coherent topics; several of these topics correlated significantly with
quantitative survey items, while others revealed themes that the survey questions did not
address [42]. Similar alignment of themes with accepted principles of effective teaching
practice have been demonstrated in the topic modelling of teacher self-assessment surveys,
where LDA-identified topics mapped onto established frameworks for teaching practice [25].
In more applied research, LDA of learning behavior preferences among IT (information
technology) students containing a rich vocabulary of 1,956 terms in 163 longer text doc-
uments not only revealed twelve distinct topics regarding what students expected of their
teachers but clustering of the topics also grouped students according to their level of in-
tellectual development. Doing so enables the development of practical recommendations
for not only how instructors can meet student expectations but also how they can adjust
teaching practice depending on where students are at [43]. These and related studies not
only demonstrate the broad applicability of LDA to different types of data but also suggest
that LDA performs particularly well when three conditions are met: documents contain suf-
ficient words to establish co-occurrence patterns, vocabulary overlaps substantially across
documents addressing similar themes, and topics are reasonably distinct rather than highly
correlated.

Unfortunately, when texts are short, LDA can struggle. Short texts provide limited
word co-occurrence information which leads to sparse document representations and unsta-

ble topic assignments. This unstable behavior has been consistently demonstrated across a
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wide range of short text datasets including tweets, news tidbits, snippets from web-based
searches, and texts extracted from question and answer forums [26]. Adding to this instabil-
ity, the assumption that word order does not matter becomes problematic when word order
is meaningful. LDA also assumes that topics are independent with little overlap; this is par-
ticularly problematic when analyzing student or teacher experience in education, because
what goes on in the relatively small world of the classroom leads to themes or topics that
inherently overlap or co-occur. Additionally, LDA’s output can be sensitive to hyperparam-
eter settings and initialization, which introduces variability across runs that complicates
replication. To address some of these limitations, researchers have developed LDA variants
like Correlated Topic Models which relax the independence assumption, Biterm Topic Mod-
els that aggregate word pairs to address sparsity, and seeded or guided approaches which
incorporate domain knowledge through predefined word lists [44]. These extensions improve
performance in specific contexts but add complexity and do not fully resolve the underlying
dependence on word co-occurrence. The bottom line is that when documents contain the
same word patterns that are meaningful to the goal of a particular topic modelling effort,
LDA can be powerful, accurate, and efficient. Its inclusion in this comparative analysis
allows direct evaluation of whether the probabilistic framework offers advantages over clus-
tering for student feedback data, and whether its known limitations with short text are

offset by its capacity to model mixed-topic documents.
3.3 Topic Models using Matrix Factorization

Matrix factorization breaks down a single matrix into multiple smaller ones which contain
hidden (latent) information about features of the original matrix. Two of the most common
matrix factorization methods used for topic modelling are Non-Negative Matrix Factoriza-
tion (NMF) and Latent Semantic Analysis (LSA). LSA uses singular value decomposition
(SVD) to break the original matrix that represents a document corpus down into three
matrices while NMF' iteratively adjusts two matrices to minimize the difference between
their product and the original matrix. Both methods produce a document-by-topic and a
topic-by-word matrix which can be analyzed to identify similarities between documents and

similarities between words respectively. The capacity to identify such similarities enables
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both methods to detect synonyms and integrate semantic meaning into the topic modelling
process. The key difference between the two methods is that LSA allows for negative values
in the component matrices which can capture more complex and nuanced language usage
while NMF does not allow for such negative values, thereby making the resulting matrices
easier to understand and interpret [45] [46].

In education, LSA has been particularly useful in evaluation (i.e., grading) of student
work because it is adept at mimicking human judgements of similarities between texts. For
example, LaVoie et al. [47] demonstrated a correlation of 0.94 between LSA-driven auto-
mated scoring and human scoring of responses from consequence tests which asked students
to assess the outcomes of a decision or action. Similar levels of agreement between LSA
and human judgement have been demonstrated for language proficiency tests [48], questions
which require analytical reasoning of psychology lectures [49], and prompts requiring stu-
dents to summarize technical texts [50]. In some tests such as those measuring creativity,
LSA has even performed better at modelling the meaning and originality of responses than
traditional human assessments [51]. Due to its alignment with human judgement, LSA has
also been integrated into successful, commercially available products for automated essay
scoring [52] 53]. Perhaps more in line with thematic analysis, however, LSA has also been
shown to capture key ideas in student feedback. For instance, in a medical school course
where students submitted anonymous reflections on gender differences in medicine, LSA
was able to identify ten topics that captured over half of the variance in the data [54].
Reasonable topic coherence has also been demonstrated when using LSA to analyze student
feedback on teaching quality in multiple courses over an academic year [55].

While LSA is able to capture more complex relationships between texts and thereby
produce results that often coincide with human raters and human judgement, non-negative
matrix factorization (NMF) offers the distinct potential for providing improved topic coher-
ence (i.e., words within a topic frequently appear together in documents) and interpretability
(i.e., words representing a topic are meaningful to human judgement) [56]. Greater coher-
ence and interpretability, in turn, can make it easier to connect the output of NMF to
themes that are both formulated by and relevant to human endeavors. The use of NMF for

analyzing student work, student feedback, and other textual data from education and edu-
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cation research has been very limited compared to studies involving LSA. However, a broad
range of studies have demonstrated superior topic coherence with NMF-based topic models
outside of education. Compared to LDA, NMF topic models show consistently better statis-
tical measures of topic coherence for analyzing data corpora extracted from Google snippets
[57], news headlines [57, 58], news descriptions [57], on-line question and answer forums [57],
and restaurant reviews [59]. These benefits of NMF are not limited to statistical coherence
measures but extend to both human and large language model measures of coherence as well
[58]. Further, NMF has been shown to outperform LDA by producing more distinct topics
with lower overlap in the analysis of news articles and Wikipedia pages, suggesting that
NMEF is better suited to niche or non-mainstream data [60] which are common in education
and other specialized domains. As evidence of this, one of the few studies exploring the
use of NMF in education showed, in examining student feedback regarding mental health
and remote learning during the COVID-19 pandemic, that topics discovered by NMF were
similarly coherent and more numerous and granular than those found by LSA and LDA [61].
This improvement in granularity has been duplicated in studies comparing k-means clus-
tering with NMF modeling of World Cup tweets [62] and also of aviation accident reports,
although with a corresponding decline in topic coherence compared to LDA [63]. Noisy
data such as that obtained from tweets in real time also appears to compromise the ability
of NMF to produce interpretable topics compared to other topic modelling techniques [64].
Thus, while the potential of NMF to produce more coherent, more distinct, and more inter-
pretable topics has been clearly demonstrated in multiple previous studies, these benefits
are not guaranteed and actual performance is highly dependent on the characteristics of
the underlying data. NMF is included in this comparative analysis to evaluate whether
matrix factorization offers coherence and interpretability advantages over probabilistic and
clustering approaches for short student feedback data, and whether its known sensitivity
to data characteristics limits those advantages when vocabulary is domain-constrained and
thematically overlapping.

While matrix factorization techniques have proven and distinct advantages over LDA
and traditional clustering techniques, they still rely largely on mathematical transformations

rather than contextually rich language models. This limitation leads to the next evolution in



30

topic modeling: neural network approaches which rely on pretrained large language models

(LLMs).
3.4 Topic Models based on Neural Networks

Topic models based on neural networks differ fundamentally from traditional approaches to
topic modelling in how words are embedded into numerical representations. k-means, LDA,
LSA, and NMF typically use bag-of-words embedding which convert words to numbers
based on how often they occur in a document (i.e., frequency-embedding) or add a layer of
computation to de-emphasize common words while highlighting rare words (e.g., TF-IDF
— term-frequency, inverse-document frequency). These methods lack consideration for the
order of words, long-range global context in a document, or other clues regarding semantics
(meaning). This distinction matters because these methods often fail to recognize such
semantic similarities as those between “helpful” and “supportive” if they never appear
together in the dataset or are used in different language patterns. Sophisticated neural
networks can overcome these barriers to capturing the meaning of words by considering
how and where words are used in text relative to other words. Of these neural approaches
to word embedding, BERT (Bidirectional Encoder Representations from Transformers) is
widely used and represents words based on their surrounding context rather than fixed
dictionary definitions [5]. BERTopic then integrates BERT into a topic modelling pipeline
where the position of BERT-embedded words is encoded, the dimensions of the embedded
matrix are reduced, the reduced data are clustered together into topics, and representative
terms (e.g., words) for each topic are strategically extracted [65].

BERTopic performs well when documents express similar ideas with varied vocabulary.
For example, in the analysis of MOOC student discussion forums, Khodeir and Elghannam
[66] found that BERTopic outperformed both LDA and LSA approaches and was competitive
with NMF in terms of both statistical topic coherence and topic diversity scores because it
captured semantic content that co-occurrence-based models missed. This advantage reflects
BERTopic’s ability to recognize that phrases like “need help immediately” and “struggling
with deadline” convey similar urgency despite sharing no words. BERTopic modelling in

other domains has demonstrated similar performance benefits. Superior statistical topic
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coherence of BERTopic has been demonstrated in the analysis of COVID-19 vaccination
tweets using multilingual embedding models [67], adolescent health tweets [68], disaster-
related tweets [69] and news headlines [70], but when topic coherence was evaluated using
human or large language model evaluation, BERTopic consistently outperformed not only
LDA but also NMF [71]. And, while BERTopic and NMF often perform similar to one
another, BERTopic initially produces more topics which can offer unique insight into data
that traditional methods cannot [40]. BERTopic can also complement NMF by providing
finer granularity for certain topics while NMF obtains comparable granularity in other
topics in the same dataset [61]. BERTopic, however, does not always perform better than
traditional topic models. For instance, LDA has been shown to outperform BERTopic when
comparing topic diversity from topic models in multiple studies [67].

BERTopic performance can suffer when considering texts in different languages or in
specific domains because pretrained embeddings may not represent specialized terminology
well. For instance, educational feedback often contains domain-specific terms such as “of-
fice hours” and “curve the exam” that general-purpose embeddings may miss. BERTopic
also inherits the single cluster limitation of k-means where each document is assigned to
exactly one topic, which can misrepresent texts that address multiple topics or belong to
different themes. Further, generating embeddings can also be computationally expensive
for large datasets, though this cost is incurred once and can be reduced through caching.
Thus, when traditional topic models work and work well enough, the additional compu-
tational complexity introduced by BERTopic is not warranted. Superior performance by
BERTopic, however, can not only be desirable for the task at hand but can also offer insight
into the characteristics of the data that make it unsuitable for traditional models and in
turn vulnerable to errors using any topic model. BERTopic is included in this comparative
analysis to evaluate whether contextual embeddings improve performance on short student
feedback texts relative to traditional approaches and whether the performance gains jus-
tify the added complexity. Even when BERTopic succeeds, however, its outputs remain
statistically derived topics that require post-hoc expert interpretation to connect them to
research-relevant themes, a mapping step whose quality depends on how well algorithmic

topics align with the conceptual categories that matter to the researcher.



32

3.5 Zero-Shot Classification

Clustering, algebraic, probabilistic, and neural topic models share a common unsupervised
workflow: each first discovers statistical or semantic patterns in a corpus and then requires
a human expert to interpret those patterns as meaningful themes. Zero-shot classification
(ZSC) inverts this sequence. In ZSC, a domain expert defines theme labels before any
automated analysis begins, and the model assigns each document directly to those predefined
categories without training on labeled examples from the target dataset [72]. This themes-
first approach makes ZSC fundamentally different from unsupervised topic modeling; rather
than asking what patterns exist in the data, ZSC asks how well the data fits categories that
experts have already determined to be meaningful.

ZSC achieves this classification by leveraging natural language inference (NLI), a task
in which a model evaluates whether one piece of text (a premise) logically supports another
(a hypothesis). In thematic analysis of student feedback, each student response serves
as the premise and each expert-defined theme description serves as the hypothesis. The
model estimates how strongly the response supports each theme description and assigns the
response to the theme with the highest support. Because this process relies on the semantic
relationship between the response and the theme description rather than on word frequency
or co-occurrence, ZSC can classify documents that share few surface-level words with their
assigned theme, provided that the underlying meaning aligns [72]. This capacity to operate
on meaning rather than word overlap gives ZSC a distinct advantage over frequency-based
methods when students express similar ideas using diverse vocabulary.

ZSC builds on the broader capabilities of large language models (LLMs) that have trans-
formed text classification in recent years. Transformer-based models such as BERT [5] and
BART [73] learn contextual embeddings where the representation of a word depends on the
words around it, placing texts with similar meanings close together even when they share
few words. This shift from counting co-occurrence to encoding context is particularly valu-
able for short texts, where limited word overlap makes frequency-based methods unreliable.
ZSC extends these capabilities by using a model that has been fine-tuned on NLI tasks

to evaluate premise-hypothesis pairs, which enables classification into any set of categories
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described in natural language without additional training. This generality distinguishes
ZSC from supervised classifiers, which require many labeled examples and may not transfer
across courses, institutions, or research contexts.

In education, ZSC has shown promise for scaling qualitative coding while preserving
alignment with expert-defined frameworks. Parker et al. [74] used a zero-shot prompting
approach with GPT-4 to classify course evaluation comments into predefined categories
including pedagogy, curriculum, and sentiment without additional training. Agreement
between the model and human annotators was comparable to agreement among human
coders, and the outputs entered the analysis already aligned to the researchers’ conceptual
framework. Katz, Shakir, and Chambers [75] applied a similar prompt-driven workflow to
classify peer evaluation comments into deductive categories of teamwork behavior drawn
from an expert codebook, with human review to confirm boundary decisions. Fuller [76]
had domain experts evaluate themes generated by ChatGPT from course evaluation docu-
ments and found substantial overlap with themes identified independently by those experts,
though instructors still reviewed the results and cautioned against trusting the model with-
out human oversight. In each of these studies, expert-defined labels shaped the analytic
space before or during classification, which reduced the interpretive burden that follows
unsupervised topic modeling and made the results immediately usable within established
qualitative research practices.

ZSC offers several practical advantages for analyzing short educational texts. It re-
quires no labeled training data from the target domain, which makes it applicable to new
datasets without the cost of supervised annotation. Because theme definitions are authored
by domain experts, the model’s output reflects the conceptual categories that matter to
the research rather than statistical artifacts that may or may not correspond to meaningful
themes. ZSC also scales efficiently: once prompts are defined, the model can classify thou-
sands of responses in a fraction of the time required for manual coding. These properties
are particularly attractive for education research, where datasets are often domain-specific,
resources for annotation are limited, and alignment with qualitative frameworks is essential.

However, ZSC also has notable limitations. Performance depends heavily on prompt

phrasing because the model matches responses to theme descriptions based on how closely
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the description aligns with the model’s pretrained understanding of language. Labels that
use everyday vocabulary tend to produce more accurate classifications than labels that
use specialized terminology, because pretrained models have greater exposure to common
language patterns than to domain-specific jargon [72] [74]. This sensitivity to wording means
that prompt design itself becomes a source of variability, requiring expert judgment to select
phrases that are both conceptually accurate and linguistically accessible to the model. ZSC
also cannot discover themes that the expert did not define in advance. If an important
pattern exists in the data but was not anticipated, ZSC will not surface it. This contrasts
directly with unsupervised methods such as LDA or BERTopic, which can reveal unexpected
topics even if those topics require subsequent interpretation. ZSC can also struggle with
minority themes that are infrequent in the data because pretrained models have limited
exposure to rare concepts and cannot learn dataset-specific patterns without fine-tuning
[72]. Finally, when responses address multiple themes simultaneously, ZSC must rely on
multi-label classification logic and confidence thresholds, and performance can degrade when
secondary themes receive low confidence scores.

Despite these limitations, ZSC addresses a gap that the other four methods in this com-
parative analysis do not. k-means, LDA, NMF, and BERTopic all require post-hoc expert
interpretation to connect model outputs to research-relevant themes, and the quality of that
connection depends on how well algorithmic topics align with conceptual themes, an align-
ment that is not guaranteed and often fails for ambiguous or overlapping categories. ZSC
provides a direct path from expert-defined themes to classified data, eliminating the topic-
to-theme mapping step entirely and enabling researchers to evaluate model performance
against their own conceptual framework from the outset. Its inclusion in this comparative
analysis allows direct evaluation of whether a themes-first classification approach can match
or exceed the performance of discovery-first topic models for short educational texts, and
whether the trade-off between discovery capacity and theme alignment favors one approach

over another depending on the characteristics of the data.
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3.6 Previous Comparative Analyses of Topic Models

This study focuses on comparing different approaches to topic modelling of short texts in
the education domain. In this spirit, the comparative analysis investigates baseline mod-
els associated with five different approaches (clustering, probabilistic, matrix factorization,
neural networks, and zero-shot classification) rather than variants or modifications of these
baseline approaches with the goal of developing broad guidelines for how researchers and
practitioners in education can strategically use NLP in their work. Each approach has dif-
ferent advantages and disadvantages which makes no single choice the right choice for every
dataset. Previous comparative analyses have underscored that there is no one-size-fits-all
topic model for short texts (Table 1). Considering 16 comparative analyses conducted be-
tween 2019 and 2025, five analyses (31.3%), four analyses (25%), and seven analyses (43.8%)
identified NMF, LDA, and neural network-based models (including BERTopic) respectively
to be among the top performers. One study also found that LSA performed best, outper-

forming LDA and several variants of LDA.

Table 3.1: Comparative Analyses of Topic Modeling Studies on Short Text Datasets

Ref Algorithms Dataset Avg. Corpus Performance Top
Words Size Measures Per-
formers
Chen et BTM (standard), Google 14.3 12,284  Topic NMF
al., 2019 DMM (two Snippets Coherence!
5| variants), LDA

(standard), LDA

(two variants), NMF
(standard), NMF
(

one variant)

News 11.8 35,592
Stack 7.25 19,783
Overflow

(continued on next page)
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Ref Algorithms Dataset Avg. Corpus Performance Top
Words Size Measures Per-
formers
XinlangNews 4.38 8,966
TMNtitles 3.46 29,487
Tweets 5.81 102k
(general)
Qiang et BTM (standard), Pascal Flickr 5.37 4,834  Classification?, DMM
al., 2022 DMM (four Topic
[26] variants), LDA Coherence!
(standard), oProb
(one variant), SA
(two variants)
Stack 5.03 20K
Overflow
Biomedicine 7.44 19,448
Tweets 8.55 2,472
(Queries)
Google News 6.23 11,109
Search 14.4 12,295
Snippets
Albalawi LDA (standard), Newsgroup 28 20K Topic LDA
et al., LSA (standard), data Coherence?,
2020 [71] NMF (standard), Classification?
DimRed (two
variants)
Doan & LDA (standard), 20News 73.52 15,465  Perplexity?, NN
Hoang, LDA (two variants), Classification?
2021 [77] NMF (standard),

NN (five variants)

(continued on next page)
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Table 3.1 — continued

Ref Algorithms Dataset Avg. Corpus Performance Top
Words Size Measures Per-
formers
W2E-title 6.9 105,522  Perplexity?, NN
Classification?
Web Snippets 14.42 12,295  Topic NN
Coherence?
Lossio- BTM (standard), Tweets ~9 286,971 Internal Cluster — LDA,
Ventura et DMM (one variant),  (Health) Quality? oProb
al., 2021 LDA (standard),
[37] LDA (three

variants), LSA

(standard), k-means

Emails 31.78 50,000 External Cluster LSA,
(Health) Quality® k-means
Egger & LDA (standard), Tweets NR’ 31,800  Qualitative NMF,
Yu, 2022 NMF (standard), (COVID Comparison LLM
[40] LLM (one variant), Travel)
NN (one variant)
Murshed BTM (standard), Tweets NR’ 42k Topic oProb
et al., LDA (standard), (COVID) Coherence!,
2020 [78] LDA (one variant), External Cluster
NMF (standard), Quality®,
oMF (one variant), Classification?
oProb (three
variants), SA (two
variants)
Tweets NR' 20K
(bullying)

(continued on next page)
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Ref Algorithms Dataset Avg. Corpus Performance Top
Words Size Measures Per-
formers
Goyal et LDA (two variants), Image 9.7 10K Classification?, NMF
al., 2023 NMF (standard) Captions Topic
[79] Coherence!
Internal Cluster =~ LDA
Quality*
External Cluster LDA
Quality®
Muthusami LDA (standard), Tweets (stance ~ NR7 2,914  Topic NMF
et al., NMF (standard) detection) Coherence!,
2024 [80] Internal Cluster
Quality*
Doi et al., LDA (two variants), Tweets 5.47 2k Topic NN
2024 [81] NN (four variants) Coherence’,
Topic Diversity®
GoogleNews 5.25 11k
StackOverFlow  4.71 19,000
Hayat et NN (one variant), Student NR’ 375 Topic NN
al., 2024 LDA (standard), feedback Coherence!,
[61] LSA (standard), (well-being) Qualitative
NMF (standard) Comparison
Student NR’ 321
feedback
(remote
learning)

(continued on next page)
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Ref Algorithms Dataset Avg. Corpus Performance Top

Words Size Measures Per-

formers
Sheils et LDA (standard), RateMyProfessors NR” 1M Topic NN
al., 2024 NMF (standard), Coherence!,
[82] NN (two variants) Internal Cluster
Quality*
Barker et LDA (standard), Discussion NR' 946 Qualitative oProb
al., 2024 oProb (two variants) Forum Comparison
[44] (Statistics Ed)
Medvecki LDA (standard), Tweets NR’ 3,286  Topic NN
et al., NMF (standard), Coherence?
2024 [67] NN (three variants)
Topic Diversity® LDA

Babalola LDA, NMF, NN News 6.45 149,679  Topic NMF,
et al., Headlines Coherence! NN
2024 [58]
Feng et LDA, NMF, NN Health Tweets ~ NR” 64,441  Topic NN
al., 2025 (three variants) Coherence!,
[68] Topic Diversity®

1A measure of the degree to which words belong to a topic semantically.
2A measure of how well topics support predicting document labels (Accuracy and Fl-score).
3A measure of how well a model predicts unseen text data.

4A measure of topic quality based on model structure.

5A measure of how well topic clusters align with known categories.

6 A measure of range and distinctiveness of topics.

"Not reported for this dataset, but Tweets are typically limited to 280 characters (46-55 words).
BTM (Biterm); DMM (Dirichlet Multinomial Mixture); LDA (Latent Dirichlet Allocation); oProb

(Other Probabilistic topic models); oMF (Other Matrix Factorization topic models); SA (Self

Aggregating topic models); LSA (Latent Semantic Analysis); DimRed (Non-LSA Dimension

Reduction models); NN (neural network based topic models including BERTopic).
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While the comparative analyses outlined in Table add further justification for in-
cluding LDA, NMF, and BERTopic as primary methods in this dissertation, several topic
models that performed well in previous comparative analyses were rejected for consider-
ation. Dirichlet Multinomial Models (DMMs) and Biterm topic models (BTM) were not
considered primarily because they are designed for sparsity and optimized for ultra-short
texts (15 words or less) which were shorter than most documents in the datasets used in
this analysis. Self-aggregating (SA) models were also rejected because they merge shorter
texts into longer documents prior to topic modelling. Doing so with research data would
run the risk of blurring and compromising distinct opinions. Furthermore, NMF variants
such as Semantic-assisted NMF (SeaNMF) and Knowledge-guided NMF (KGNMF) were
not considered because they are specifically designed to handle word co-occurrence sparsity.
This type of sparsity is often characteristic of data with a wide range of language use, such
as that found in the public domain, including social media. Given that the data collected
for this study was guided by a specific prompt and therefore was much more focused than
public domain datasets, these techniques were deemed less appropriate and not considered
in this analysis.

Notably absent from the comparative analyses summarized in Table [3.1] is zero-shot
classification. All 16 studies compare unsupervised topic models that discover patterns in
data without predefined categories, and ZSC does not fit this paradigm because it classifies
data into expert-defined categories rather than generating topics from statistical patterns.
This absence reflects both the relative novelty of applying ZSC to thematic analysis of short
texts and a fundamental difference in approach: the studies in Table evaluate how well
models discover structure, while ZSC evaluates how well models apply structure that experts
have already defined. Recent studies in education have demonstrated the feasibility of ZSC
for classifying student feedback [74] [75], but these studies evaluated ZSC in isolation rather
than alongside traditional and neural topic models using the same datasets and evaluation
metrics. This gap motivates the inclusion of ZSC in this dissertation, which enables direct
comparison between discovery-first and themes-first approaches for short educational texts
under a shared evaluation framework.

The five approaches reviewed in this chapter each offer different trade-offs for analyzing
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short educational texts. Traditional methods (k-means, LDA, NMF) are computationally
efficient and well understood but rely on word frequency or co-occurrence and can struggle
with the vocabulary diversity and thematic overlap common in student feedback. BERTopic
captures semantic meaning through contextual embeddings but inherits the single-topic-
per-document limitation and depends on the suitability of pretrained representations for
domain-specific language. Zero-shot classification (ZSC) bypasses the topic discovery step
entirely by classifying responses into expert-defined themes, but it cannot surface unantici-
pated patterns and is sensitive to prompt phrasing. No single method addresses all of these
challenges, and the previous comparative analyses summarized in Table[3.]confirm that per-
formance depends heavily on dataset characteristics. The three datasets in this dissertation
are short, semi-structured student feedback on instructional support from faculty, teaching
assistants, and peers. As such, these data occupy a distinct niche among those studied in
previous comparative analyses: focused vocabulary constrained by domain-specific prompts
produces both reduced noise and thematic overlap that have not been systematically eval-

uated across discovery-first and themes-first approaches together.
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Chapter 4

METHODS: DATA COLLECTION, CLEANING, AND
PREPROCESSING

This chapter describes how the short-text data used in this dissertation were prepared for
analysis to support answering education research questions. Each step in the preprocessing
pipeline was designed to preserve the substance of the student feedback contained in the
datasets while ensuring that the data could be analyzed consistently across datasets.

The cleaning process transformed raw student responses into a format suitable for topic
modeling. Guided by expert review, decisions such as stopword selection, removal of non-
informative responses, and token-level normalization ensured that differences observed in
later analyses reflect real variations in student feedback rather than artifacts of data pre-

processing.

4.1 Data Collection Procedures

4.1.1 Datasets and Survey Prompts

The data used in this study were collected as part of a larger investigation into the relation-
ship between instructional support and student engagement within an engineering education
context. The study yielded three distinct datasets of student responses, each representing
a different dimension of instructional support. One dataset focuses on faculty support, one
on teaching assistant (TA) support, and one on peer support.

In each case, students were provided a prompt and provided a free-text answer:

e Faculty Support: “What one action can your professors at <institution name> take

to best support you in your classes (please be as specific as possible)?”

e TA Support: “What one action can your TAs at <institution name> take to best

support you in your classes (please be as specific as possible)?”
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e Peer Support: “What one action can students in your <coursename> class take to

improve your educational experience (please be as specific as possible)?”

The responses were short, often a single sentence or a brief phrase, reflecting the concise
nature of much educational feedback. The three datasets contained approximately 4,600
responses from engineering students, each set centered on a single type of instructional
support. Table lists the courses included in the study and summarizes participant

demographics.

4.1.2  Collection Procedures and Ethics

IRB (Institutional Review Board) approval (STUDY00000378) was obtained to recruit and
survey undergraduate students beginning on October 26, 2016. While the exempt status
under which this study was approved did not require continuing review, data collection was
discontinued on June 15, 2023. Instructors were asked to offer the survey to their students
within two to three weeks of the end of the term in which the course was offered. Instructors
offered an incentive to students to complete the survey, with a nominal amount of extra
credit being the most popular choice; extra credit has been shown to be a highly effective
motivator for college students [83].

For all but one class in the pre-COVID and COVID-era remote instruction (ERT) time
periods, the survey was hosted by an institution-specific survey tool (Catalyst WebQ) and
students accessed and completed the survey via a link in the learning management system
for the course (Canvas) within one to three weeks of the instructors publishing the survey.
In the remaining course (a 2016 pre-COVID offering), students completed a paper version
of the survey in class. In the post-COVID period, student responses were collected using
either Catalyst WebQ (2022) or Google Forms (2023). Instructors were not provided with
any survey responses but instead were provided with a list from the researchers of names
and percentage of questions completed by each student so that grades could be adjusted
according to the incentive offered to students.

All participation was voluntary. Students were offered extra credit regardless of whether

they granted consent for their responses to be used in the research, a procedure required by
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Table 4.1: Study courses and participant demographics (N = 1,707; 22 unique courses, 43

offerings, 2016-2023). Percentages may not sum to 100 due to non-response.

Category / Course

N

%

Engineering Courses (22 unique courses, 43 offerings, 2016-2023)

By Discipline

Electrical Engineering (EE) 18 81.8
Mechanical/Aerospace Engineering (ME/AA) 4 18.2
By Course Level
100-level (Introductory) 1 4.5
200-level (Sophomore) 8 36.4
300-level (Junior) 7 31.8
400-level (Senior) 5 22.7
500-level (Graduate) 1 4.5

Participant Demographics®

All participants 1,707 100
Gender (all participants)
Male 1,260 73.8
Female 422 24.7
Other 12 0.7
Race/Ethnicity (domestic only, n = 1,666)
Asian 750 45.0
Non-Hispanic White 629 37.8
Mixed Race® 95 5.7
Latino/a 72 4.3
Black 37 2.2
Other URMP 45 2.7
Other 38 2.3
Country of Origin (all participants)
Domestic 1,419 83.1
International 263 15.4

@ Mixed Race includes subtypes with n > 10: Asian/Non-Hispanic
White (n = 82) and Latino/Non-Hispanic White (n = 13).
b Other URM combines groups with n < 10 (Native American, Pa-

cific Islander, and other small mixed-race categories).

¢ Each student completed one survey per course offering; the same

population is reflected in the Faculty Support, TA Support, and

Peer Support datasets.
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the institutional IRB to ensure that those who did not provide consent were not excluded
from taking the survey. Participants provided informed consent either in written form (for
the paper form of the survey in the 2016 pre-COVID course) or in electronic form via a
unique link to their student network ID (in all subsequent surveys). No minors participated
in the study. Less than 5% of those who completed the survey did not offer consent;
their corresponding survey responses were excluded from the final research dataset prior to
analysis. Detailed statistics on the resulting datasets, including word counts and character

counts, are provided in Chapter 7.
4.2 Data Cleaning Procedures

Data cleaning differs from data preprocessing in that it involves manual or only partially
automated processes to ensure that the documents contain language use that is accurate
and consistent with accepted use. Regardless of whether thematic analysis is conducted
using traditional techniques or with natural language processing tools, data cleaning is an
essential first step in preparing data for analysis. The data cleaning steps used on the three

datasets in this dissertation are summarized in Table [4.2]

Table 4.2: Data Cleaning Steps

Operation Justification Method/Tool Example
Phase 1: Data Cleaning

Response Filtering Remove non-consenting, blank, or Manual “N/A” — Removed

irrelevant responses. <5% removed.

Anonymization Remove personal identifiers to pro- Manual “Dr. Smith” —
tect privacy, while preserving struc- “[Professor]”
ture.

Spell Checking Correct misspelled words and delete ~ Semi-automated “recetation” —
repeated words. with researcher  “recitation”

review

Expand Acronyms Expand domain-specific abbrevia- Manual “OH” —  “office

tions for consistent representation. hours”

Before analyzing text, the dataset was filtered at the response level. Responses that
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lacked research consent, contained no substantive content (blank, “N/A,” random keystrokes),
or were too terse to be informative (e.g., “nothing” with no actual suggestion) were removed.
Identifying information such as instructor names was also replaced with generic placeholders
to protect privacy [84]. Responses were not removed just for being short if they conveyed
a clear idea. For example, “Start class on time” is only four words but is a valid sugges-
tion and was kept. In total, less than 5% of responses were removed through this filtering
process.

The language students use in offering feedback is often informal and unstructured, similar
to microblog or social media text [33]. Students often used colloquial expressions, incomplete
sentences, and discipline-specific jargon and acronyms. For example, a response might say
“Prof needs to hold OH” meaning “The professor needs to hold office hours,” assuming the
reader knows that “OH” stands for office hours. Spelling and grammatical errors were also
common, especially when students wrote quickly or on mobile devices [84]. Such misspellings
further complicate automated analysis because they fragment the vocabulary. For instance,

“recitation” misspelled as “recetation” would be treated as a separate word.

4.3 Data Preprocessing

Data preprocessing was conducted in two phases (Table : text normalization (lowercas-
ing, tokenization, punctuation removal, and contraction expansion), and linguistic trans-
formations (spelling correction, abbreviation expansion, lemmatization, and stopword re-
moval), verified via researcher review of the preprocessed data. This process used Python
with pandas and scikit-learn libraries, combined with researcher oversight at each stage to
handle exceptions and judgment calls that automated rules could not cover [84]. Only those

decisions that directly affect interpretability are highlighted here.

4.8.1 Stopword Curation (Standard and Domain)

Standard English stopwords like “the” and “and” that appear in many responses simply as
a consequence of standard language use were removed from each data corpus because they

provided little added value to the meaning of underlying documents.
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Operation Purpose Method/Tool Example
Phase 1: Text Normalization (Surface-Level Standardization)

Lowercasing &  Standardize case and spacing to Standard NLP “My TA” — “my

Whitespace avoid token fragmentation. preprocessing ta”

Tokenization Split text into word tokens at Python string  “office hours” —
whitespace and punctuation bound- methods [“office”, “hours”]
aries.

Punctuation Removal = Remove punctuation, special char- Regex pattern  “don’t!” — “don’t”
acters, and numbers. matching

Contraction  Expan- Expand contractions to preserve Python contrac- “don’t” — “do not”

sion negation as an explicit token. tions library

Phase 2: Linguistic Transformations (Deep Content Processing)

Spelling Correction Consolidate vocabulary via spelling  PySpellchecker [85] “offce hrs” — “of-
correction. Researcher review ap- + manual review fice hours”
plied for domain terms.

Abbreviation Expan- Expand domain-specific abbrevia- Domain dictio- “OH” — “office

sion tions for consistent representation.  nary with manual hours”

rules

Lemmatization Reduce inflected forms to dictio- spaCy POS-aware “holding” —
nary base form using POS tags. lemmatizer “hold”; “classes” —

“class”

Standard Stopword Remove common English function NLTK English  “and the to” — Re-

Removal words. stopword list moved

Domain Stopword Re- Remove  prompt-specific  high- Custom list via “professor class” —

moval frequency words that do not frequency analysis Removed

distinguish topics.

Final Validation

Researcher inspection of 10% sam-

ple to verify content preservation.

Manual review

Meaning preserved?
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Another challenge arose from the way the survey prompt shaped the vocabulary students
used. Because all responses addressed a shared question about faculty, TAs, or peers,
certain words appeared frequently by design. In the faculty-support dataset, almost every
response referenced “professor” or “instructor”; “TA” dominated TA-support responses; and
“students” or “peers” appeared throughout peer-support responses. These high-frequency
terms were not informative of the type of support being discussed, yet they dominated simple
frequency counts and could mislead algorithms into treating them as defining features of a
topic when they were essentially background context. Therefore, in addition to standard
stopword removal, these domain-specific terms that added little meaning to specific themes
or ideas in student responses were also removed.

Two examples showed how domain-specific stopword removal was applied. First, “class”
was removed because it appeared in nearly every response as background context. For
instance, “give feedback in class” became “give feedback” with no semantic loss, since the
faculty dataset assumes classroom context. Verification across many responses showed that
removing “class” did not erase content. Second, “help” was kept even though it was very
common. Students often wrote things like “help more” or “help faster,” and “help” was
central to their requests for support [84]. Denny and Spirling [84] show that removing

semantically loaded words just because they are frequent can hurt model accuracy.

4.8.2  Token-Level Normalization

Text format was standardized and meaning was preserved [I, B]. All text was lowercased
and extra whitespace was removed to avoid fragmented counts. Punctuation was removed
and contractions were expanded to their full form (e.g., “don’t” became “do not”) so that
negation was preserved as an explicit token during analysis. Misspellings were corrected
using PySpellchecker with researcher review, so variants like “offce hrs” and “office hourz” all
became “office hours” [84,[85]. Common abbreviations were expanded (“OH” became “office
hours,” “HW?” became “homework”) for consistency. POS-aware lemmatization using spaCy
reduced inflected word forms to their dictionary base form (e.g., “holding” became “hold,”

“classes” became “class”) while using part-of-speech tags to prevent incorrect reductions [3].
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Unlike stemming, lemmatization maps each token to a verified dictionary entry rather than
truncating word endings, which limits meaning loss in short texts [84].

Example: “My TA should NOT just read off slides, and maybe be more engaging” be-
came “not read slide maybe engage” after lowercasing, expanding contractions, removing
punctuation, removing stopwords, removing domain-specific terms, and applying lemmati-
zation. The core suggestion remained clear, and the negation was preserved as an explicit

token.

4.4 Additional Considerations

The three support datasets were analyzed both individually and comparatively. It was
therefore necessary to ensure that preprocessing and feature extraction made the corpora
compatible without accidentally favoring one dataset over another. Multiple additional

preprocessing steps were implemented to ensure a balanced analysis.

4.4.1 Separate vs. Combined Analysis

Each dataset was primarily analyzed separately, given that each addressed a distinct support
role. Thus, a topic model on faculty responses would yield topics about faculty behaviors,
and likewise for TA and peer responses. However, themes across these datasets were also
planned to be compared in later chapters. To help such comparison, identical preprocessing
was maintained across all three sets (with only minor differences in the domain-specific
stopwords appropriate to each dataset), ensuring that, for example, the word “help” or
“feedback” was treated the same way whether it appeared in a faculty or peer context.
This approach means any differences in discovered topics or patterns are due to differences

in the content of the responses, not differences in how they were processed.

4.4.2  Vocabulary Alignment

One benefit of using the same cleaning process on all corpora was that this resulted in
compatible vocabularies across datasets. The vocabularies of the three corpora (the set of

unique tokens remaining) showed a high degree of overlap, which was expected since students
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often brought up similar issues (communication, clarity, etc.) across faculty, TA, and peer
support contexts. When a term was truly unique to one corpus (e.g., “grading” might
appear mostly in TA and faculty responses but not peer responses, while “participation”
might appear in peer but not in TA context), that itself was an interesting content difference.
Every corpus was not forced to have exactly the same vocabulary, but when cleaning was
performed uniformly, fair comparison across datasets was ensured. If “lecture” had been
removed in one corpus but not another, that would have misaligned the features. Such
situations were avoided by using a comprehensive approach to stopword removal that applied
similarly to all sets. This consistency enables direct comparison of term or topic frequencies

across corpora without worry that differences were artifacts of preprocessing.

4.4.8 Corpus Balancing

Since the three datasets were of comparable size (each roughly 1,300 to 1,700 responses),
there was not a severe class imbalance issue when analyzing each dataset separately. Each
dataset was treated equitably, with no dataset receiving preferential preprocessing or fea-
ture handling. This consistent treatment ensures that performance differences observed
across datasets in later chapters reflect genuine content variation rather than preprocessing
artifacts.

For instance, if one corpus had a lot more unique words (perhaps because students in
that group used more varied vocabulary), those were not eliminated to “match” the others;
instead, that richness is considered a true characteristic of that corpus. Conversely, if one
corpus repeated a particular phrase across many responses (indicating a prevalent concern),
it was not down-weighted just to balance term frequencies. This approach preserves the
authentic characteristics of each dataset, enabling meaningful comparison of algorithmic
performance across different support contexts while maintaining fair preprocessing stan-

dards.



o1

4.4.4  Internal Distribution Considerations

Within each corpus, some themes appeared in many responses while others appeared in
only a few. This natural imbalance affects clustering algorithms, which may form clusters
of very different sizes [84]. Content was not artificially re-balanced through oversampling
or undersampling, as this would distort reality. Instead, low-frequency content words were
preserved to allow rarer themes to surface and the feature matrix sparsity structure was
retained.

The resulting corpora preserved student voice and supported computational analysis.
Once cleaned, the textual data were converted into numerical features for modeling; the
specific vectorization methods and their evaluation are detailed in Chapter 5, which covers
word and document embeddings used in topic modeling. The topic modeling algorithms and
performance evaluation framework are described in Chapter 6, and results are presented in

Chapters 7 and 8.
4.5 Preprocessing as Methodological Rigor

In summary, preprocessing is not neutral. Small choices change what appears in unsuper-
vised models and what stays hidden. Denny and Spirling [84] show that three key decisions:
whether to remove stopwords, whether to stem or lemmatize, and how aggressively to trim
rare terms, can shift topic word lists, reorder topic salience, and even change document
grouping. They recommend stating transformations explicitly and testing multiple pipelines
to see when a preprocessing decision, rather than the data, drives the pattern. This advice
was followed in this study by documenting all preprocessing steps explicitly and maintaining
consistent procedures across all datasets.

Signal preservation was balanced with noise reduction. Over-filtering discards substance;
under-cleaning creates spurious structure. To hold that balance in student feedback, clear
rules were applied that could be defended and replicated: (1) remove prompt-anchored role
words that mirror the question frame (e.g., “professor,” “TA,” “students”) unless they add
meaning beyond the prompt; (2) retain frequent tokens that carry action or sentiment (e.g.,

“help,” “answer”); (3) expand contractions to their full form so that negation is preserved as
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an explicit token (“don’t cancel” becomes “do not cancel,” retaining “not”); and (4) apply
POS-aware lemmatization rather than stemming to reduce inflected forms while limiting
meaning loss in short texts [3], 84].

Each preprocessing decision was grounded in methodological considerations relevant to
short educational research texts. The standardized pipeline (summarized in Tables
and was applied uniformly across all three datasets to ensure that observed differences
in later analyses reflect genuine content variation rather than preprocessing artifacts. This
consistent approach enables fair comparison across different topic modeling methods evalu-
ated in Chapters 8 and 9, where vectorization and dimensionality reduction strategies were

thoroughly tested while keeping preprocessing constant.
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Chapter 5
METHODS: WORD AND DOCUMENT EMBEDDING

Chapter 4 demonstrated how raw survey responses were cleaned and preprocessed into
clean, structured text corpora through human-guided preprocessing decisions including
stopword curation, response-level filtering, and token-level normalization. This chapter
addresses the next step of transforming cleaned educational research data into numerical
representations that machine learning algorithms can process. Topic modeling algorithms
cannot operate directly on words; they require mathematical representations that capture
the essential information in the text. Omnce expressed numerically, these representations

allow algorithms to uncover latent structures in the educational research data.
5.1 Frequency-Based Word Embedding (Bag of Words)

Frequency-based word embedding captures little to no semantic meaning and relies on
how often words occur and co-occur in a corpus to capture patterns (topics) in the text.
Two approaches to frequency-based word embedding are considered in this dissertation:

(frequency) counts and term frequency—inverse document frequency (TF-IDF).

5.1.1 Counts-Based Word Embedding

Counts-based word embedding is the simplest and most common text representation in
topic modeling. In a counts-based representation, each document is transformed into a
vector of word frequencies (or counts) of a fixed vocabulary. The document is treated as
an unlabeled “bag” containing words with certain multiplicities, disregarding word order.
For example, consider a student response: “The professor offers extra help during office
hours.” In a counts-based model with vocabulary that includes (“professor”, “offers”, “ex-

tra”, “help”, “office”, “hours”, ...), this document might be represented as something like:

(1,1,1,1,1,1,...) for those six words (each appearing once) and 0 for all other words not
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present. Each dimension of the vector corresponds to a word, and its value is the count in

the document. Formally, for document d, the counts-based feature vector is defined as:

xq = [fa1, faz2, -, fav]

where fq; is the frequency of word ¢ in document d and V' is the vocabulary size [3].

The main assumption of counts-based representation is that word identity and frequency
matter, but syntax and word order do not [3]. This simplification can be powerful for
thematic analysis; if two responses use many of the same important words, their counts-
based vectors will be similar and may suggest likely shared topics. For domain-specific
short texts such as student responses, counts-based representation captures the essential
information about content (e.g., how often does a student mention “mentor” or “project”
or “stress”?), which is necessary to identify themes.

This variant aligns with the generative assumptions of traditional topic models like LDA
(which directly models word counts per topic) and is also the basis for matrix factorization
methods like NMF [30].

However, counts-based representation has limitations, especially with short documents.
Short responses contain very few words (perhaps one sentence), so a single word’s presence
or absence can dominate the representation. There is often little redundancy of wording,
meaning the raw counts can be very sparse indicators. Also, common function words or
prompt words may appear in many responses, contributing counts that do not signal any
meaningful topical content (although this can be mitigated with stopword removal, as de-
scribed in Chapter 4). Another issue is that counts-based representation does not account
for word significance; for example, it is possible that a word appearing only once in a cor-
pus could be highly informative but counts-based representation would fail to capture the
word’s significance.

Despite these issues, counts-based representation is a strong baseline and is used in
this dissertation as the foundation for several topic models. However, the limitations of

counts-based representation motivate using TF-IDF variant for word embedding.
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5.1.2 TF-IDF Weighted Representation

The TF-IDF weighted representation applies term frequency—inverse document frequency
(TF-IDF) weighting to counts-based representation, down-weighting common terms and
up-weighting rare but potentially significant terms [86]. The TF-IDF weight of word w in

document d is usually defined as:
tf-idf(w, d) = tf(w, d) x idf(w),

where tf(w,d) is the term frequency of word w in d (often just the raw count, possibly
normalized), and idf(w) is the inverse document frequency of word w. Inverse document
frequency is given by: idf(w) = log %, where N is the total number of documents and
df (w) is the number of documents containing word w. Conceptually, idf(w) is high if w is
rare (appears in few documents) and low if w is ubiquitous. Thus, TF-IDF weights words
by their relative importance; which means a word that is frequent in this document but rare
in the corpus will get a high score, whereas a word that appears in almost every document
(like a common stopword or a word from the prompt repeated by everyone) will get a low
or even zero score.

Using TF-IDF weighted vectors can improve clustering and matrix factorization perfor-
mance [87]. In matrix factorization approaches, TF-IDF weighting is first applied to the
term counts and then dimensionality reduction techniques are used to reduce the data into
a smaller set of dimensions. This step downweights generic words and highlights the words
that carry more meaning, which helps uncover broader themes. In clustering methods such
as k-means, TF-IDF weighting ensures that distance or similarity measures are not dom-
inated by generic terms [88]. In educational surveys, words like “the”, “student”, “class”
might appear in nearly all responses (especially if the question prompt includes those terms).
Counts-based representation would count them, but TF-IDF weighting neutralizes them (if
df (w) =~ N, log(N/df(w)) =~ 0). On the other hand, a word like “tutoring” that appears
only in a subset of responses will have a higher weight, making those responses stand out
in similarity comparisons.

For short texts, TF-IDF weighting is particularly helpful because there are so few words

per document and each word should be weighted appropriately. If a student writes “I
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struggled with calculus”, the word “calculus” might appear in only some students’ answers;
TF-IDF weighting will highlight it, whereas counts-based representation would treat it on
par with any other single occurrence. More distinctive terms drive the factorization or
clustering rather than common prompt words.

When applying TF-IDF weighting to a small corpus, one must be cautious because
rare terms may receive disproportionately high weights. But since documents are usually
compared in vector space, this means the document’s vector will be oriented along those rare
terms, which is acceptable if that truly indicates a unique theme. LDA, being a probabilistic
model of raw word counts, typically does not use TF-IDF weighting (it has its own internal
weighting via probabilities). For this reason, counts-based representation is used for LDA
in this dissertation to adhere to its theoretical foundations, while TF-IDF weighting is used
for methods that rely on distance or linear algebra.

Regardless, both counts-based and TF-IDF weighted representations have core limita-
tions. They treat words as independent tokens and cannot capture semantic relationships
between words or understand context. For example, “good” and “excellent” would be
treated as completely different words, even though they have similar meanings. Similarly,
words with multiple meanings would be represented identically regardless of context. This
motivates the development of more sophisticated representations that can capture semantic

similarity and contextual meaning, which leads to neural embedding-based approaches.

5.2 Neural Word and Document Embeddings

More recently, neural embedding techniques have become popular for representing text,
including educational survey responses. Unlike frequency-based embeddings which create
sparse vectors (mostly zeros), neural embeddings are dense vector representations learned

from large corpora that encode semantic information (Figure [5.1)).

5.2.1 Word2Vec Approach to Neural Embedding

Word2Vec, a commonly used neural embedding model, learns word embeddings such that
words appearing in similar contexts have vectors that are close to one another in a high-

dimensional space [39]. The model learns these representations by analyzing how words
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Figure 5.1: Comparison of sparse frequency-based and dense embedding representations.

Frequency-based vectors have dimensions equal to vocabulary size with mostly zeros

(sparse). Embedding vectors have fixed dimensions (typically 100-300) with all meaningful

values (dense).
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appear together in large text collections [38, [89]. The core insight is that words appearing
in similar contexts likely have similar meanings. For instance, “doctor” and “nurse” might
both appear near words like “hospital,” “patient,” and “medical,” so they would get similar
vector representations. Similarly, “happy” and “joyful” would have vectors that are close
together, while “happy” and “sad” would be far apart.

Mathematically, Word2Vec learns a mapping from each word w to a dense vector e,, of
dimension d (typically 100-300), where words with similar meanings have vectors that point
in similar directions. The similarity between two word vectors is measured using cosine

similarity:

) ew, * €w;
) = o 1 e

This formula measures the angle between two vectors: similar words have small angles
(high similarity scores), while different words have large angles (low similarity scores).

For documents, embeddings can be created by combining the embeddings of individual

words. A simple approach is to average the word embeddings in the document:

n
1
ey = — E €w,
n -
=1

where n is the number of words in document d. This document-level embedding repre-
sents the overall semantic content of the text, aggregating word-level meanings into a single

vector representation that can be used for document comparison and clustering.

5.2.2 BERT Approach to Neural Embedding

Modern approaches like BERT (Bidirectional Encoder Representations from Transformers)
[0] create contextualized embeddings that address a key limitation of earlier embedding
methods like Word2Vec. While Word2Vec assigns a single vector to each word regardless of
its usage, BERT generates different vector representations for the same word based on its
surrounding context. For example, “bank” in “river bank” would have a different embedding

than “bank” in “financial bank,” allowing the model to capture word sense disambiguation.
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BERT"s architecture, based on the transformer model [90], processes words in relation to
all other words in a sentence simultaneously through self-attention mechanisms. This bidi-
rectional processing allows BERT to capture complex semantic relationships and contextual
nuances that unidirectional models miss. The model is pre-trained on large text corpora us-
ing masked language modeling and next sentence prediction tasks, learning representations
that encode language structure, syntax, and semantic meaning [5].

For document-level embeddings, BERT can generate sentence or document represen-
tations by pooling the contextualized word embeddings, typically using the [CLS] token
embedding or averaging the token embeddings. These document-level embeddings capture
the overall meaning of entire texts while preserving the contextual understanding gained
from the word-level representations. This makes BERT embeddings particularly suitable for
tasks requiring semantic document comparison, such as topic modeling applications where
documents with related meanings should be close in embedding space even if they do not
share exact words [91]. For example, BERTopic [65] uses pre-trained BERT embeddings to
cluster documents, then applies a modified TF-IDF to extract topic-representative words
from each cluster, combining the semantic richness of contextualized embeddings with the
interpretability of traditional topic modeling.

The main advantage of neural embeddings, whether word-level or document-level, is
their ability to capture semantic relationships that frequency-based representations miss.
However, they require more computational resources and may be harder to interpret since
the numbers in the vectors do not have obvious meanings like word counts do. For topic
modeling applications, neural embeddings work particularly well when grouping documents

by meaning rather than just by shared vocabulary.

5.3 Vectorization Choice and Evaluation

No matter which representation is chosen from counts-based, TF-IDF weighted, or neural
embeddings, the output is a numeric matrix ready for modeling. Each row of this matrix
corresponds to a document (e.g., a student’s response), and each column corresponds to a
feature (a word or a vector dimension). This matrix is the starting point for topic modeling

algorithms, which will seek patterns in these numbers. The quality of the topics ultimately
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derived is strongly influenced by this representation step.

The choice between frequency-based representations and other embeddings can meaning-
fully impact model results, so it is important to evaluate and justify the representation used.
Simpler representations (like frequency-based methods) preserve direct information about
word usage, whereas more complex ones (like embeddings) incorporate levels of abstraction
and prior knowledge. The chosen representation must align with the modeling algorithm’s
assumptions and the nature of the data (short student texts). The choice of vectorization is
treated as a hyperparameter that must be empirically determined for each algorithm. The-
oretical considerations guide initial expectations: LDA’s probabilistic framework favors raw
counts [30], while matrix factorization methods like NMF [56] can benefit from either (raw)
counts-based or (weighted) TF-IDF representation. Which method is best is determined
through thorough comparison of both frequency-based variants across the three datasets
using topic model performance metrics (Chapter 6, Section . This approach maintains
that the chosen representation optimizes performance on educational research data rather
than relying on general assumptions that may not hold for short educational research texts.

For clustering and matrix factorization methods in this study, both frequency-based
variants (counts-based and TF-IDF weighted) are evaluated using the metrics described
in Chapter 6 (Section . Neural-based topic models (BERTopic, zero-shot classification
[72]) use different representations (BERT embeddings) and bypass traditional vectoriza-
tion, though they often reintroduce TF-IDF through techniques like class-based weight-
ing for topic word extraction [65]. In this dissertation, the shared preprocessing pipeline
(Chapter 4) provides consistency across methods so that differences in topic quality can be

attributed to the algorithms themselves rather than to vectorization choices.
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Chapter 6
METHODS: TOPIC MODELS

This chapter describes the five topic modeling methods applied in this dissertation: k-
means clustering, Latent Dirichlet Allocation (LDA), Non-Negative Matrix Factorization
(NMF), BERTopic, and Zero-Shot Classification (ZSC). Each algorithm is presented along-
side its assumptions and the implementation choices made for this study. Latent Semantic
Analysis (LSA) was also evaluated with default parameters, but because it underperformed
compared to its companion matrix factorization technique (NMF) on all three datasets,
it is not described in detail here; its results appear alongside the traditional methods in
Chapter[7] k-means, LDA, NMF, and BERTopic methods follow a discovery-first approach,
where themes emerge from statistical patterns in the text without predefined categories. In
contrast, ZSC follows a themes-first approach, where domain experts define themes before
any automated labeling occurs.

These five topic modelling methods were selected to represent distinct algorithmic fam-
ilies. k-means provides a non-probabilistic baseline that partitions documents by geometric
similarity. LDA introduces a probabilistic framework that models documents as mixtures
of topics. NMF offers an additive matrix decomposition that produces non-negative, in-
terpretable topic weights. BERTopic combines pre-trained transformer embeddings with
clustering and class-based term weighting. ZSC inverts the workflow entirely by classifying
responses into expert-defined categories using natural language inference. Together, these
methods span the major approaches available for thematic analysis of short educational
text.

All five methods share a common evaluation framework (Section [6.9), the same three
datasets (Chapter 4), and the same expert-coded ground truth against which performance is
measured. This controlled design isolates the effect of algorithmic differences from parameter

selection. The following sections describe the shared dataset context and the selection of the
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number of topics that applies to all methods before presenting each method individually.

6.1 Dataset Context and Characteristics

The study participants were undergraduate engineering students from a single institution,
with demographic details provided in Chapter 4. The three datasets of student responses
varied in size and characteristics, with detailed statistics on word counts, character counts,
and preprocessing outcomes summarized in Table [6.1] After preprocessing, the faculty
support dataset had a median length of eight words; the TA support dataset had a median
length of seven words; and the peer support dataset had a median length of five words.
All datasets underwent identical preprocessing as described in Chapter 4 to maintain fair

comparison across methods.

Table 6.1: Dataset Characteristics

‘Word Count Character Count
Dataset Docs Raw After Preprocessing Raw After Preprocessing
M Mdn SD M Mdn SD M Mdn  SD M  Mdn SD

Faculty 1,667 232 17.0 21.7 120 9.0 10.2 139.0 101.0 125.0 90.6 69.0 7.3
TA 1,592 193 14.0 186 9.71 7.0 8.61 111.0 81.0 103.0 69.9 53.0 61.7

Peer 1,376 15.1 11.0 15,6 7.94 6.0 7.36 88.3 61.0 90.3 584 42.0 55.6
Note: Docs (Documents), M (Mean), Mdn (Median), SD (Standard Deviation).

6.2 Optimal Topic Number Selection

To support a fair comparison across all topic models, the number of topics chosen to rep-
resent each dataset for each topic model was held constant at three. The optimal number
of topics was determined using the elbow method by plotting a key metric for each topic
model as a function of the number of topics. The point at which the metric begins to level
off (that is, the point of diminishing returns) was identified as the optimal number of topics
for that model and dataset. Mathematically, this elbow point is found by calculating the

point of maximum curvature:
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Elbow Point = arg max

d*Metric(T)
dT?

The metric used for the elbow plot depends on the model:
For k-means, within-cluster sum of squares (WCSS) measures the total squared dis-
tance between each document and its assigned cluster centroid:

T

WCSS(T) =YY |lz — il

i=1 zeC;
where C; is the set of documents assigned to cluster ¢ and p; is the centroid of cluster i. As
the number of clusters increases, WCSS decreases; the elbow identifies the point at which
additional clusters yield diminishing reductions in within-cluster variation. The silhouette
score (Section independently validates the elbow-identified 7' = 3 by confirming that
documents are well-separated from adjacent clusters at that value.

For LDA, negative log-likelihood measures how well the model fits the training data
given the learned topic distributions. Lower values indicate better fit; as with WCSS,
negative log-likelihood decreases as the number of topics increases, and the elbow identifies
the point of diminishing improvement.

For NMPF, reconstruction error measures how well the matrix factorization approxi-
mates the original document-term matrix X. For T topics with learned factor matrices W

(document-topic weights) and Hy (topic-word weights):
Reconstruction Error(T) = || X — WrHr||%

where || - || denotes the Frobenius norm, which is the square root of the sum of all squared
matrix elements. Lower reconstruction error indicates a better approximation of the orig-
inal data. Unlike a metric that peaks at an optimal value, reconstruction error decreases
monotonically as the number of topics increases, because each additional component allows
the factorization to capture more variance in the original matrix. The elbow for NMF is
therefore identified not at a peak but at the point where the rate of decrease slows substan-
tially, indicating that adding more topics produces only marginal improvement in fit. For

all three datasets, this point of diminishing returns occurred at 7" = 3.
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Figure 6.1: Elbow method results for k-means (WCSS), LDA (negative log-likelihood), and
NMEF (reconstruction error) across all three datasets. The elbow point at 7' = 3 is consistent

across these three topic models and datasets.
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BERTopic’s elbow analysis is described in Section [6.7] ZSC used three expert-defined
themes established prior to any model fitting, with the elbow analysis providing heuristic
structure cues to inform expert theme definition rather than determining T' algorithmically.
For all three traditional topic models and across all three datasets, three topics were de-
termined to be optimal or near-optimal. To further validate this selection, domain experts
examined clustering results with T' values ranging from 2 to 5, reviewing representative
sample responses from each cluster. This qualitative validation revealed that T = 3 con-
sistently produced the most interpretable and thematically coherent groupings, and the

experts’ judgment aligned with the quantitative elbow analysis.
6.3 Topic Model Variants

To explore the capability of the four discovery-first topic models, two sets of variants were
applied in this comparative analysis. The first (Figure evaluated each model using
default hyperparameters. Two approaches were used to define ground truth for purposes of
computing external performance metrics. Approach 1 used NLP-generated labels, in which
the topic model’s own cluster assignments served as the reference. Approach 2 used human-
coded labels, in which a domain expert manually assigned each response to one of the three
themes. Approach 2 provides a stronger external validity check because it is independent of
the model output. The first variant compared model performance against both approaches
to assess the sensitivity of results to ground truth choice. The second variant (Figure
used the best ground truth approach identified in the first variant (Approach 2) while also

optimizing hyperparameters.
6.4 K-Means Clustering

6.4.1 Algorithm Description

k-means clustering is a centroid-based partitioning algorithm that groups documents into k
clusters by minimizing the within-cluster sum of squares [88], [02]. The algorithm operates

through three iterative steps:

1. Initialization: Randomly place k cluster centroids in the feature space.
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Default Parameters

> K-Means
Ground Truth
g LLIDI2 Approach 1
Data Collection,
(NLP-Generated) Performance
Cleaning, and > NMF > >
. J and Metrics
Preprocessing
> BERTopic Approach 2
(Human-Coded)
> LSA

Figure 6.2: Phase 1 analysis process: all five methods evaluated at default parameters,
with results compared against both Approach 1 (NLP-generated) and Approach 2 (human-
coded) ground truth. Evaluation metrics are defined in Section

Optimized Parameters

> K-Means
Data Collection, > LDA Ground Truth
Performance
Cleaning, and —> Approach 2
Metrics
Preprocessing > NMF (Human-Coded)
> BERTopic

Figure 6.3: Phase 2 analysis process: four methods (LSA excluded) evaluated with dataset-
specific optimized parameters, using Approach 2 (human-coded) ground truth exclusively.

Evaluation metrics are defined in Section
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2. Assignment: Assign each document to the nearest centroid using Euclidean distance.

3. Update: Recalculate centroids as the mean of assigned documents until assignments

stabilize.

The algorithm minimizes the within-cluster sum of squares (WCSS) objective function:

k
J=3"3" (e — il

i=1 z€C;

|| is the squared

where C; represents cluster i, p; is the centroid of cluster i, and ||z — y;
Fuclidean distance between data point « and centroid p;. The algorithm iteratively updates

centroids as:

1
Mi:|0‘ ZOU

i z€C;
where |C;| is the number of points in cluster i.
k-means assigns each document to exactly one cluster, which makes it a hard clustering
method. This property provides clear, non-overlapping assignments but cannot represent

documents that express multiple themes.

6.4.2 Implementation Choices

To evaluate different preprocessing approaches, clustering quality was assessed using four
performance metrics: silhouette score, Davies-Bouldin index, Calinski-Harabasz index, and
within-cluster sum of squares (WCSS) (defined in Section [6.9.1). These metrics capture
different aspects of clustering quality, balancing cluster separation with cluster tightness.
Vectorization Strategy: Counts-Based and TF-IDF Weighted Embedding.
Both counts-based and TF-IDF vectorization were evaluated. Across all three datasets,
counts-based methods outperformed TF-IDF on all clustering quality measures. The counts-
based approach achieved higher silhouette scores (0.0471-0.0815) compared to TF-IDF
(0.0162-0.0232), lower Davies-Bouldin indices, higher Calinski-Harabasz indices, and lower
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Table 6.2: Counts-Based vs TF-IDF Vectorization Comparison

Dataset Variant Silhouette (Euclidean) (1) | DB ({) | CH (1) | WCSS ({)
Faculty Support | Counts-Based 0.0471 4.19 46.30 19,993
TF-IDF 0.0162 5.22 25.94 1,571
TA Support Counts-Based 0.0446 4.18 56.07 14,768
TF-IDF 0.0225 5.79 32.74 1,481
Peer Support Counts-Based 0.0815 3.29 69.86 9,278
TF-IDF 0.0232 5.56 34.45 1,259

Note: Results shown are the best across 5 random states (42, 123, 456, 789, 101). DB = Davies-Bouldin
Index; CH = Calinski-Harabasz Index; WCSS = Within-Cluster Sum of Squares.

WCSS values. Thus, the counts-based method was selected as the primary vectorization
method for all subsequent k-means clustering analyses.

Dimensionality Reduction and Feature Representation. Following the selec-
tion of counts-based vectorization as the primary method, Principal Component Analysis
(PCA) was integrated before clustering to address the curse of dimensionality inherent in
text vectorization [3]. Three preprocessing variants were evaluated to test the effects of

dimensionality reduction and normalization:

e Counts-Based (L2 Normalized): Standardizes document length without dimen-

sionality reduction.

e Counts-Based + PCA: Applies PCA without scaling to preserve sparse matrix

structure.

e Counts-Based + PCA (L2 Normalized): Combines PCA with L2 normalization

to control for document length variation while reducing dimensionality.

L2 normalization scales each document vector to unit length by dividing each element
by the vector’s Euclidean norm: %X = x/||x||2. This places all documents on a unit hyper-

sphere so that distances reflect differences in word composition rather than response length.
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Without normalization, longer responses produce larger vectors and can dominate distance
calculations in k-means clustering.

These variants were evaluated using the four metrics described in Section Counts-
Based + PCA (L2 Normalized) provided an optimal balance, achieving competitive silhou-
ette scores with the best Calinski-Harabasz indices and lowest WCSS values. In effect, the
combination of PCA dimensionality reduction with L2 normalization effectively addresses
the curse of dimensionality while maintaining cluster compactness. Counts-Based + PCA
(L2 Normalized) was therefore selected as the final preprocessing approach for k-means

clustering.

Table 6.3: Preprocessing Variants Comparison: Counts-Based + PCA Approaches

Dataset Variant Silhouette DB ({) CH (1) WCSS ({)
(Euclidean)
)

Faculty Support  Counts-Based (Normalized) 0.0327 4.45 51.81 1,492
Counts-Based + PCA 0.1030 4.32 45.15 18,026
Counts-Based + PCA (Normalized) 0.0382 4.06 54.38 1,340

TA Support Counts-Based (Normalized) 0.0537 3.85 75.03 1,373
Counts-Based + PCA 0.0579 3.97 62.72 13,192
Counts-Based + PCA (Normalized) 0.0611 3.64 84.18 1,223

Peer Support Counts-Based (Normalized) 0.0701 3.61 85.42 1,127
Counts-Based + PCA 0.0868 3.38 77.19 8,273
Counts-Based + PCA (Normalized) 0.0961 3.40 96.16 1,001

Note: Results shown are the best across 5 random states (42, 123, 456, 789, 101).

Seed Selection. For each dataset, clustering was run across five random seeds (42,

123, 456, 789, 101). The seed producing the best combination of Silhouette Score, Calinski-

Harabasz Index, and Davies-Bouldin Index was selected for final evaluation.
Computational Requirements. The k-means preprocessing comparison required sub-

stantial computational resources to ensure thorough evaluation. Each variant analysis con-

sumed approximately 30-45 minutes per dataset for the full k-means clustering pipeline
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including PCA dimensionality reduction, cluster initialization, convergence iterations, and
metric calculations. Across three datasets and three preprocessing variants, this analy-
sis represented approximately 4.5 hours of computation time. The thorough comparison
was necessary to ensure optimal preprocessing selection, as suboptimal choices could alter

clustering behavior and invalidate subsequent comparisons with other methods.

6.5 Latent Dirichlet Allocation (LDA)

6.5.1 Algorithm Description

Latent Dirichlet Allocation models each document as a mixture of topics, where each topic
is characterized by a distribution over words [30]. The algorithm assumes a generative

process:

1. For each document d, a topic distribution 6y is drawn from a Dirichlet distribution

with parameter a.
2. For each word position in document d, a topic z is sampled from 6.

3. A word w is sampled from the topic-specific word distribution ¢, with parameter 5.

The probability of observing word w in document d is:

w\d ZP U)|Z Z¢zw9dz

where T is the number of t0p1cs, qbzw is the probablhty of word w in topic z, and 64, is
the probability of topic z in document d.

Unlike k-means, LDA provides soft topic assignments. Each document receives a prob-
ability distribution over all topics rather than a single cluster label, which better reflects

responses that express multiple themes.

6.5.2 Implementation Choices

In the initial analysis of the topic models using default parameters, LDA used counts-based

vectorization with standard Dirichlet priors (« = f = 1/T =~ 0.333 for T = 3). The
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hyperparameter optimization below identifies the dataset-specific values that replaced these
defaults.

Vectorization. Counts-based vectorization was selected over TF-IDF because LDA
assumes word frequencies follow a multinomial distribution. TF-IDF converts raw counts
into weighted values that no longer satisfy this multinomial count formulation [30].

Hyperparameter Optimization. A two-stage approach identified optimal values for

« (document-topic density) and S (topic-word density):

e Stage 1A (30 experiments per dataset): Grid search over six « values [0.05, 0.08, 0.1,
0.2, 0.3, 0.5] with 3 fixed at 0.01, evaluated across five random seeds.

e Stage 1B (35 experiments per dataset): Fine-tuning of seven § values [0.01, 0.02, 0.05,
0.1, 0.2, 0.3, 0.5] with « fixed at the optimal value from Stage 1A, across five seeds.

This approach resulted in 65 experiments per dataset to provide thorough coverage of
the hyperparameter space while maintaining computational feasibility.

Hyperparameter configurations were evaluated using three metrics: log-likelihood, per-
plexity, and UMass coherence. Log-likelihood measures how well the model explains the ob-
served word counts; perplexity is a monotonically decreasing transformation of log-likelihood

defined as

1
Perplexity(Dyes) = exp <_ 2glog p<wcl>>

Zd Ng
where Dyegt is a held-out test corpus, wy are the words in document d, Ny is the word

count of document d, and p(wy) is the probability of the document under the model. Lower
perplexity indicates better generalization to held-out data. Although perplexity is a mono-
tonic function of log-likelihood, scikit-learn’s LDA implementation reports them through
separate APT calls (score() and perplexity()); both were tracked to cross-check numer-
ical consistency across optimization runs. UMass coherence (defined in Section [6.9.1)) was
included because perplexity alone does not guarantee human-interpretable topics. The op-
timal values selected were a = 0.3 and 8 = 0.01 for Faculty Support, o = 0.5 and 5 = 0.05
for TA Support, and o = 0.5 and 8 = 0.01 for Peer Support.



72

Table 6.4: LDA Optimal Hyperparameters and Model Quality Metrics

Dataset Best a | Best 3 | Coherence (UMass) (|) | Log-Likelihood (1) | Perplexity ({)
Faculty Support (n=1,667) 0.3 0.01 -2.125 72.19 706.61
TA Support (n=1,592) 0.5 0.05 -2.348 55.31 458.98
Peer Support (n=1,376) 0.5 0.01 -2.674 41.54 410.30

Note: Results shown are the best across 5 random seeds (42, 43, 44, 45, 46).

Computational Requirements. The two-stage hyperparameter optimization process
required approximately 3—4 hours of computation per dataset, with each LDA model taking
2-3 minutes to converge. Across the three datasets, this analysis took approximately 9-12
hours of total computational time. This exploration was important given LDA’s sensitivity
to hyperparameter selection, as preliminary experiments showed that suboptimal o and
values could degrade topic coherence scores by 20-30% and classification accuracy by 10—
15%. The tuning process produced results that represent each method’s actual performance

rather than artifacts of poor parameter choices.
6.6 Non-Negative Matrix Factorization (NMF)

6.6.1 Algorithm Description

Non-Negative Matrix Factorization decomposes a document-term matrix V' (of dimension

m X n) into two non-negative matrices [56]:

Va~WH

where W (dimension m x T') represents document-topic weights and H (dimension 7" x n)
represents topic-word weights, with 7" as the number of topics.
The factorization minimizes the reconstruction error between the original matrix V' and

the approximation W H:

i V — WHI|? w2 H|3
Wé%f?fzo” 7 + al[W[E + o [H||7

where || - || denotes the Frobenius norm, and « controls regularization strength. The
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non-negativity constraints (W > 0, H > 0) produce an additive parts-based representation
where words contribute positively to topics [93].
NMF uses multiplicative update rules that iteratively refine W and H while preserving

non-negativity:

(VHT)y
(WHHT);’

WTV)y

BN (WTWH),

Hz'j — Hij

This decomposition produces interpretable topics where each document is a non-negative

combination of topics, and each topic is a non-negative combination of words.

6.6.2 Implementation Choices

In the default analysis, NMF applied TF-IDF vectorization with no regularization (ap =
ag = 0, l1_ratio = 0.5), following scikit-learn defaults. The optimization below refined
these parameters.

Vectorization Strategy: Counts-Based vs TF-IDF. Both counts-based and TF-
IDF vectorization were evaluated for NMF, as the method’s reconstruction error optimiza-
tion makes it sensitive to input matrix characteristics. TF-IDF achieved lower recon-
struction errors (0.0007-0.0011) compared to counts-based (0.0079-0.0085), showing better
model fit across all datasets. TF-IDF was therefore selected as the optimal vectorization

approach for NMF.

Table 6.5: NMF Vectorization Strategy Comparison: Counts-Based vs TF-IDF

Dataset Vectorizer | Reconstruction Error (J) | UMass Coherence ()
Peer Support Counts-Based 0.0079 -2.6167
TF-IDF 0.0011 -4.0180
Faculty Support | Counts-Based 0.0085 -2.3456
TF-IDF 0.0007 -3.6342
TA Support Counts-Based 0.0084 -3.2451
TF-IDF 0.0009 -2.6692

Note: Fixed parameters: init="nndsvd’, solver="cd’, beta_loss="kullback-leibler’, alpha=0.0,

11_ratio=0.0
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Hyperparameter Optimization Strategy. A two-phase parameter optimization

strategy was implemented to identify optimal hyperparameters for NMF across all datasets.

This approach follows established practices in sparse NMF regularization where moderate

non-zero regularization improves interpretability [46].

Phase 1: Alpha W and Alpha H Optimization (80 experiments per dataset)

ayw values: [0.0, 0.1, 0.3, 0.5] (4 values)

agp values: [0.0, 0.1, 0.3, 0.5] (4 values)

[1_ratio fixed at 0.5 to balance L1 and L2 regularization
Seeds: [42, 43, 44, 45, 46] (5 seeds for stability)

Total experiments: 4 x 4 x 5 = 80 per dataset

Selection criterion: Highest UMass coherence (Section[6.9.1)) with reconstruction error
(Section within 5% of best-fitting model. Among configurations meeting this
threshold, the one with lowest reconstruction error was selected. Diagnostic checks
(topic entropy and topic balance with more than 60% of documents on a single topic)

were used to flag and exclude degenerate configurations.

Phase 2: L1 ratio Fine-Tuning (25 experiments per dataset)

aw and ap fixed at optimal values from Phase 1

[1_ratio values: [0.0, 0.25, 0.5, 0.75, 1.0] (5 values)

Seeds: [42, 43, 44, 45, 46] (5 seeds for stability)

Total experiments: 5 x 5 = 25 per dataset
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e Selection criterion: Highest UMass coherence (Section|6.9.1]) with reconstruction error
(Section [6.9.1)) within 5-8% of Phase 1 best. Configurations where topics became too

sparse (fewer than ten words per topic) were excluded by lowering [1_ratio.

For convergence, max_iter was set to 1000 with KL divergence loss and multiplicative
update solver (solver=’mu’), as KL-based NMF with multiplicative updates converges
more slowly than Frobenius-based alternatives. Optimization stopped early when toler-
ance criteria were met to maintain computational efficiency. This approach resulted in 105
experiments per dataset (80 Phase 1 + 25 Phase 2) to provide thorough coverage of the

hyperparameter space while maintaining computational feasibility.

Table 6.6: NMF Optimized Hyperparameters (TF-IDF vectorization)

Dataset alpha W | alpha_H | 11_ratio | UMass Coherence (1) | Reconstruction Error (])
Peer Support 0.0 0.1 0.5 -3.9414 0.0011
Faculty Support 0.0 0.3 0.0 -3.6342 0.0007
TA Support 0.0 0.3 0.0 -2.5224 0.0009

Note: Vectorization: TF-IDF (selected from Table ; Fixed parameters: init="nndsvd’,

solver="mu’, beta_loss="kullback-leibler’, n_components=3, max_iter=1000

Computational Requirements. The two-phase NMF hyperparameter optimization
process required approximately 5.5-7 hours per dataset (Phase 1: 4-5 hours for 80 runs;
Phase 2: 1.5-2 hours for 25 runs), with each factorization taking 3-4 minutes to converge.
Across all three datasets, this analysis consumed approximately 16.5-21 hours of total com-
putation time. This optimization was necessary as NMF’s performance is highly sensitive to
regularization parameters: preliminary tests showed that suboptimal ay, ag, and [1_ratio

values could degrade Fl-scores by 15-25% and increase reconstruction error by 30-40%.
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6.7 BERTopic

6.7.1 Algorithm Description

BERTopic is a neural topic modeling method that combines pre-trained transformer em-
beddings with clustering and interpretable topic representation [65]. It operates through
four sequential steps:

Step 1: Document Embedding Generation. Each response is converted into a
dense vector representation using a pre-trained transformer model. The transformer assigns
numerical weights that capture contextual meaning, producing a high-dimensional vector

that encodes semantic relationships.

ey = Transformer(d)

where ey is the embedding vector for document d. Pre-trained on large text corpora,
the transformer model places texts with similar meanings near each other in the embedding
space regardless of word choice.

Step 2: Dimensionality Reduction. The embedding vectors are reduced to a lower-
dimensional space using Uniform Manifold Approximation and Projection (UMAP), which

preserves distances between nearby points and the overall topology of the data manifold [94].

ejedueed — UMAP (ey)

Step 3: Clustering. The reduced vectors are grouped using a clustering algorithm.
Although BERTopic typically uses HDBSCAN for automatic topic discovery, this study
applies k-means with k=3 to provide direct comparison with the traditional methods in

Sections 6.4-6.6.

clusters = KMeans(e/?4? | = 3)

HDBSCAN determines the number of topics automatically and treats low-density regions
as outliers, which introduces inconsistency that complicates quantitative comparison across

methods. k-means enforces a predefined number of topics, providing a fixed structure that
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aligns with the three expert-coded themes and isolates the effect of neural embeddings from
automatic topic number estimation.

Step 4: Topic Representation via Class-Based TF-IDF. All responses within a
cluster are concatenated into a single composite document. Representative topic words are
extracted using class-based TF-IDF (c-TF-IDF), which modifies the traditional TF-IDF

scheme for topic-level analysis [65]:

A
C—TF—IDF(U}7 C) = tf(w, C) X log <1 + tf(w))

where tf(w,c) is the frequency of word w within topic ¢, A is the average number of
words per topic, and tf(w) is the total frequency of w across all topics. Standard TF-IDF
operates at the document level, while c-TF-IDF aggregates all documents within a topic

and identifies words that are distinctive for each topic compared to all others.

6.7.2 Embedding Model Selection and Comparison

In the default analysis, BERTopic used the all-MiniLM-L6-v2 embedding with UMAP di-
mensionality reduction and k-means (k = 3) clustering. The embedding model comparison
below evaluates whether a higher-capacity model improved performance across datasets.

The choice of pre-trained transformer model affects BERTopic’s performance because
models differ in representational capacity, computational requirements, and training data.
This study compares two widely used sentence embedding models from the Sentence-BERT
(SBERT) family, which are designed to generate meaningful sentence-level embeddings [95].

all-MiniLM-L6-v2: A compact model with 384 dimensions, 22.7 million parameters,
and 80 MB size [96]. This model was trained on over 1 billion sentence pairs and uses a
6-layer MiniLM architecture optimized for efficiency with strong representational quality.
Its smaller size makes it computationally efficient and suitable for resource-constrained
environments.

all-mpnet-base-v2: A larger model with 768 dimensions, 109 million parameters, and
420 MB size [97]. This model uses the MPNet architecture and was trained on multiple

high-quality datasets. Its higher dimensionality and parameter count provide richer repre-
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sentations but require more computational resources.

Both models use contrastive learning objectives [95], which place sentences with similar
meanings near each other in the embedding space.

Cluster quality metrics (silhouette score, Davies-Bouldin index, and Calinski-Harabasz
index, defined in Section were evaluated for both models across all three datasets using
five random seeds (Table [6.7). No consistent advantage emerged for either model: MiniLM
achieved higher silhouette scores on Faculty and Peer Support, while MPNet produced
higher Calinski-Harabasz values on TA Support. Because neither model dominated across

datasets, both were retained for the optimized analysis reported in Chapter

Table 6.7: Cluster quality metrics for embedding models across datasets

Model Faculty Support TA Support Peer Support

Sil. DB CH Sil. DB CH Sil. DB CH

all-MiniLM-L6-v2 0.446 0.779 1710.5 0.484 0.761 2019.0 0.446 0.779 1710.5
all-mpnet-base-v2 0.436 0.767 1720.5 0.577 0.638 3904.2 0.433 0.825 1652.1

Note: Sil. = Silhouette Score (higher is better), DB = Davies-Bouldin Index (lower is better), CH =
Calinski-Harabasz Index (higher is better). All metrics were computed in the UMAP-reduced space using

five random seeds, and the best result was selected.

6.7.3 Fized Parameters and Implementation Details

Several components of the BERTopic pipeline remained fixed across all experiments to
ensure a fair comparison with k-means, LDA, and NMF approaches. This design isolates
the effect of embedding model choice and maintains consistency with the traditional methods
in Sections 6.4-6.6, as summarized in Table

UMAP Parameters. In BERTopic, sentence embeddings were reduced using UMAP
with n_neighbors=15, n_components=>5, min_dist=0.1, and metric=cosine [94]. UMAP was
selected because it preserves local groups of similar texts in embedding space, which sup-

ports coherent topic formation. Traditional models in Sections 6.4-6.6 used PCA as their
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Table 6.8: Fixed parameters used across all BERTopic experiments

Component Configuration

UMAP n_neighbors=15, n_components=>5, min_dist=0.1, metric=cosine

Random Seeds Tested: [0, 24, 42, 77, 99]; best seed selected per dataset/model

Clustering Algorithm: KMeans, n_clusters=3
Vectorizer ngram_range=(1,1), stop_words="english’
BERTopic nr_topics=3, language="english’, calculate_probabilities=True

standard reducer. Using the same sentence-transformer embeddings and identical random
seeds across models ensures that performance differences reflect clustering behavior rather
than the dimensionality-reduction step. For each dataset-model combination, the best seed
was selected based on the cluster quality metrics of Silhouette Score, Davies-Bouldin Index,
and Calinski-Harabasz Score, as described in Section [6.9.1]

Clustering Parameters. k-means with n_clusters=3 ensured direct comparability
with the traditional topic modeling methods. This design disabled BERTopic’s automatic
topic discovery (HDBSCAN) in favor of a fixed T' = 3 across all methods. For discovery-
mode checks, HDBSCAN was tuned on each dataset with min_cluster_size in {10, 15, 20,
25, 30} and min_samples in {3, 5, 7, 10}. The adopted configuration (min_cluster_size=15,
min_samples=>5, Euclidean metric) balanced higher UMass coherence with lower outlier
rates across datasets; Appendix summarizes the tuning grid and outcomes.

Vectorizer and Tokenization Parameters. After clustering, each topic was com-
bined into one text and tokenized into single words (unigrams) with English stop words
removed. Unigrams were used because the responses are short (typically under 20 words)
and to keep BERTopic consistent with the traditional models in Sections 6.4—6.6. A test
run with ngram range=(1,2) revealed small subtopics without improving coherence; bigram
outputs are shown in Appendix

BERTopic Configuration. The model reduced topics to T' = 3 (nr_topics=3), com-

puted topic probabilities (calculate_probabilities=True), and processed English-language
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responses. A parallel set of discovery runs left the topic count open (nr_topics=None) to
check whether automatic clustering diverged from the fixed baseline. Those runs confirmed
that the three expert themes remained dominant; metrics therefore report the fixed-T' con-
figuration, and the flexible outputs appear in Appendix for qualitative reference.
Computational Requirements. All BERTopic experiments ran in Google Colab.
Each dataset was evaluated across five random seeds for both embedding models (all-
MiniLM-L6-v2 and all-mpnet-base-v2). On a GPU-enabled runtime, one full BERTopic
run for a dataset of about 1,800 short responses completed within minutes; CPU-only runs
required under two hours per dataset. Overall, BERTopic required roughly 1.5-3 times
more wall-clock time than traditional methods from Sections 6.4-6.6, but remained feasible
for all three datasets. The larger all-mpnet-base-v2 model incurred slightly higher run-
time and memory cost than all-MiniLM-L6-v2, but UMAP and k-means dominated total

computation, so the difference between models was modest.

6.7.4 Discovery-Mode Sensitivity Check

To verify that fixing T' = 3 did not hide additional structure, BERTopic was also run in dis-
covery mode using HDBSCAN clustering with a CountVectorizer set to ngram range=(1,2).
These exploratory runs preserved the three main themes while revealing finer subtopics and
a small outlier group. The analysis is qualitative and does not report accuracy or F1 because
the goal was to inspect topic stability, not to compare metrics. Detailed topic hierarchies and

examples appear in the Appendix based on the higher-capacity MPNet configuration.

6.8 Zero-Shot Classification (ZSC)

Zero-shot classification follows a themes-first approach that differs from the four discovery-
first methods described above. In k-means, LDA, NMF, and BERTopic, statistical patterns
in the text determine groupings, and expert interpretation occurs after the model has already
assigned responses to clusters. ZSC inverts this sequence. Domain experts define themes
before any automated labeling occurs, and the model classifies each response directly into

those predefined categories. Figure [6.4] illustrates this contrast.



Expert
Judgment

Data Collection
Semi-structured

student responses

!

Data Collection
Semi-structured

student responses

Data Preprocessing

Clean, tokenize, prepare

!

!

Data Preprocessing
Normalize casing,

whitespace, punctuation

Optimize Word
Embedding
BOW (Count or TF-IDF)

and neural embedding

|

!

Expert Theme
Definition
Domain expert defines

themes and descriptions

Topic Modeling
k-means, LDA,
NMF, BERTopic

|

!

Prompt Design

Create label prompt

Evaluation
Accuracy, F1, coher-

ence, theme ranking

!

Topic Modeling Workflow

Zero-Shot
Classification
BART-large-MNLI assigns
labels to responses based

on theme descriptions

!

Evaluation
Accuracy, F1, coher-

ence, theme ranking

ZSC Workflow

Expert
Judgment

81

Figure 6.4: Comparison of the discovery-first topic modeling workflow (left) and the themes-
first ZSC workflow (right). In the topic modeling workflow, statistical patterns in the data
determine groupings before expert judgment is applied. In the ZSC workflow, expert theme

definition precedes automated classification.
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6.8.1 Algorithm Description

Zero-shot classification assigns text to predefined categories without training on labeled
examples from the target dataset. In this study, ZSC is implemented using a natural
language inference (NLI) framework. The model evaluates whether a student response
supports a given theme description. Each response is paired with each expert-defined theme
label, and the model estimates the strength of this relationship.

For each response d and label description hy, the model outputs a probability vector:

p(d, hy) = fo(d, hy) = softmax(Zent, Zneus Zent )
where Zept, Zneu, and z.p; are the logits for entailment, neutrality, and contradiction; the
softmax normalizes these into probabilities that sum to one.
For single-label classification, the model assigns the label with the highest entailment

probability:

@\(d) = arg m?X pent(da hf)
For multi-label classification, responses are assigned to all labels whose entailment prob-

ability exceeds a threshold 7:

Y(d) = {0 : pent(d, he) > 7}

This entailment-based approach aligns with qualitative thematic analysis. Human coders
assess whether a response reflects a theme based on meaning rather than specific words. The
model performs a similar comparison by evaluating semantic similarity between responses
and theme descriptions. Figure illustrates the classification process: a student response
and the expert-defined theme labels are provided as inputs, and the model outputs an

entailment score for each theme.

6.8.2 Implementation Choices

Model Configuration. The analysis used facebook/bart-large-mnli, a transformer

with a bidirectional encoder and an autoregressive decoder, fine-tuned on the Multi-NLI
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Figure 6.5: ZSC classification process. A student response (Peer Support dataset) and
expert-defined theme labels are provided as inputs to the BART-large-MNLI model. The
model outputs an entailment score for each theme, indicating how well the response matches

each theme description.

corpus [73]. This model treats each student response as the premise and each label de-
scription as the hypothesis in an NLI framework and predicts whether the response entails,
contradicts, or is neutral to the label. BART-large-MNLI was selected because it has strong
reported zero-shot performance in NLI-based classification settings and runs reliably on
CPU-only hardware, which avoids the high computational cost of much larger models [73].
The model was implemented using the Hugging Face pipeline interface (Python 3.84), with
data manipulation handled by pandas and numpy and evaluation conducted in scikit-learn.

Threshold. A fixed entailment threshold of 7 = 0.5 was applied for multi-label classi-
fication. This value was selected as a balanced default that requires strong support before
assigning a label while still permitting multi-label assignment when multiple themes are
present. This threshold avoids dataset-specific calibration and preserves the zero-shot set-
ting, but future work could explore threshold optimization. If no label exceeded 7, the
model assigned the single label with the highest entailment probability to avoid unlabeled
responses.

Dataset Focus. The empirical analysis focuses on the Peer Support dataset. This
dataset contains three validated themes (Interactions, Questioning, and Civility) with strong
inter-rater agreement (x = 0.75, Table and a low proportion of ambiguous responses

(5.89%). These properties reduced the risk that classification errors would reflect theme
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ambiguity, making it the most suitable starting point for demonstrating ZSC feasibility.
Applying ZSC to all three datasets was beyond the scope of this study, as each dataset
would require a separate round of expert theme definition, prompt design, and validation.
Extension of ZSC to the Faculty Support and TA Support datasets is identified as a direction
for future work in Chapter 11. After de-duplication and cleaning, the dataset included
1,376 responses. To match student language, Interactions and Civility are referred to as
Collaboration and Professionalism in the ZSC analysis, while Questioning retains its original

label.

6.8.8 Data Analysis Pipeline

Three phases structured the analysis (Figure .

Phase 0 Phase 1 Phase 2
Data Preprocessing Primary Theme Secondary Theme
and Word Embedding Classification Classification

Figure 6.6: Overview of the three-phase ZSC analysis pipeline: Phase 0 (preprocessing and
topic estimation), Phase 1 (primary theme classification), and Phase 2 (secondary theme

analysis).

Phase 0: Data Preprocessing and Topic Estimation. Unlike the discovery-first
methods, ZSC relies on the semantic meaning captured by the pretrained NLI model rather
than on word frequency counts. Aggressive stopword removal and lemmatization that bene-
fit frequency-based topic models can strip the natural language context that the NLI model
uses for semantic comparison. ZSC therefore uses lighter preprocessing variants, compared
in Chapter 8. Three preprocessing steps (basic, moderate, and advanced) were applied to
the peer support dataset. Basic preprocessing converted text to lower case, normalized
whitespace, and standardized punctuation. Moderate preprocessing also removed common
stop words, numbers, and extraneous tokens while lemmatizing words. Advanced prepro-

cessing added light stemming, rare-word filtering, and removal of very short tokens. For
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preliminary structure estimation, the preprocessed student responses were embedded with
a TF-IDF matrix. Elbow distortion and silhouette scores were evaluated for k = 2 to
k = 10 to provide heuristic guidance on potential theme structure. Phase 0 does not
produce final themes. Instead, it provides rough structure cues to support expert theme
definition through vocabulary pattern analysis. Although ZSC starts with expert-defined
themes, Phase 0 helps the expert understand dominant vocabulary patterns in the corpus
before defining themes, ensuring themes reflect both computational patterns and qualitative
meaning. Selection among the three preprocessing variants was determined empirically by
comparing classification performance against expert-coded labels; results and the selected

variant are reported in Chapter |8, The Phase 0 workflow is illustrated in Figure

Determination
Data Preprocessing: Retain Best
Word Embedding of Optimal
Basic, Moder- Preprocessing
using TF-IDF Number of Top-
ate, Advanced Approach
ics in Data
[ Transfer to Phase 1 }4—

Figure 6.7: Phase 0: Data Preprocessing and Topic Estimation.

Phase 1: Primary Theme Classification. A domain expert reviewed structure cues
from Phase 0 along with a 200-response subset to identify and define themes. The expert
then labeled each theme using three prompt strategies varying in specificity and language
register. The model was configured for multi-label classification so that each response could
map to multiple relevant themes. Specific prompt wording is reported in Chapter 8, as these
prompts were informed by the topic modeling results in Chapter 7. The Phase 1 workflow
is shown in Figure

Phase 2: Secondary Theme Analysis. Secondary theme analysis examined pri-
mary themes that experts identified as containing subthemes. Since these smaller themes

can overlap in meaning, entailment-based prompts were explored to guide the ZSC models.
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Figure 6.8: Phase 1: Primary Theme Classification.

An entailment prompt is a hypothesis such as “This student response expresses a desire for
more collaborative study sessions” that is compared to each document via NLI to determine
whether the document entails, contradicts, or is neutral with respect to the hypothesis. En-
tailment prompts provide additional context relative to labels, which can otherwise restrict
models to superficial string matching. Prior work shows that NLI-guided prompting can
tease apart closely related topics in zero-shot classification tasks [72]. Specific subtheme

prompt wording is reported in Chapter 8. The Phase 2 workflow is shown in Figure

Phase 1 Sec- Prompt Design
ondary Theme Thematic Analysis (Domain Expert)
‘ 7ZSC Models
Analysis Rec- (Domain Expert) with and with-
ommendations out entailment I
Performance
Metrics

Figure 6.9: Phase 2: Secondary Theme Analysis.
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Computational Requirements. Experiments ran on Google Colab with CPU-only
runtime. Processing one label set (for example the mainstream label prompts) required
about 1.5 hours from prompt execution through metric calculation. Evaluation metrics
followed the framework described in Section and included accuracy, precision, recall,

macro- and sample-weighted F1, Jaccard overlap, and UMass coherence.

6.9 Performance Evaluation

The performance of each topic model was evaluated using a combination of internal and
external metrics. Internal metrics assess model quality against the data without requiring
labeled examples; external metrics compare model outputs against ground truth labels
established through expert coding. Model-specific internal metrics (reconstruction error for
NMF, perplexity for LDA, and within-cluster sum of squares for k-means) are defined in

the respective method sections above and are not repeated here.

6.9.1 Internal Metrics
Topic Coherence

UMass coherence measures the average log conditional probability of top-word pairs in
a topic, computed directly on the training corpus [98]. For a topic with top-N words

W = {wl,wg,... ,’U)N}:

9 )
CUMass(W) = m Z log Tw])

where D(w;, w;) is the number of documents containing both w; and w;, D(wj) is the
number of documents containing w;, and the +1 smoothing avoids zero counts. Unlike PMI-
based variants that require an external reference corpus, UMass coherence uses training data
directly, making it well-suited for domain-specific corpora such as student survey responses.
More negative values indicate lower coherence; values closer to zero reflect better word-pair
co-occurrence. In this study, UMass coherence is used to guide LDA hyperparameter tuning,

to support NMF regularization selection, and as a cross-method measure of topic quality
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reported in results. This metric is particularly useful for short student responses, where

sparse co-occurrence patterns can produce misleading topics.

Silhouette Score

Silhouette score measures how well each document fits its assigned cluster relative to adja-

cent clusters [99]. For a document i:

b(i) — ali)
s(i) = max(a(i), b(i))

where a(i) is the average distance from document i to other documents in the same
cluster, and b(7) is the minimum average distance from document ¢ to documents in any
other cluster. The score ranges from —1 to 1: values near 1 indicate well-assigned documents,
values near 0 indicate documents on cluster boundaries, and values near —1 indicate likely
misassigned documents. The overall silhouette score for a given clustering is the mean across

all documents:

1 N
Silhouette(T') = =N Z

In this study, silhouette score is used to validate the elbow-identified T' = 3, to compare
preprocessing variants during k-means optimization, and to select the best random seed in

BERTopic experiments.

Calinski-Harabasz Index

The Calinski-Harabasz index (also called the Variance Ratio Criterion) measures cluster
quality by comparing the dispersion between clusters to the dispersion within clusters [100].

For T clusters with N total documents:

BCSS/(T — 1)

CH(T) = WCSS/(N —T)

where BCSS is between-cluster sum of squares and WCSS is within-cluster sum of

squares. Higher values indicate more compact and better-separated clusters. In this study,
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the Calinski-Harabasz index is used alongside the silhouette score to compare k-means pre-

processing variants and to select the best seed for BERTopic.

Davies-Bouldin Index

The Davies-Bouldin index measures average cluster similarity, where similarity is defined

as the ratio of within-cluster scatter to between-cluster distance [101]:

1 T o;+0j
— max ———
T jF#i d(Ci,Cj)

=1

DB(T) =

where o; is the average distance from points in cluster 4 to its centroid ¢;, and d(c;, ¢;)
is the distance between centroids ¢; and c¢;. Lower values indicate better-separated, more
compact clusters. The Davies-Bouldin index is used alongside the silhouette score and
Calinski-Harabasz index for k-means preprocessing comparisons and BERTopic seed selec-

tion.

6.9.2 FExternal Metrics

External metrics assess how well discovered topics correspond to expert-coded ground truth
themes. Each discovered topic is mapped to the most frequently occurring expert cate-
gory among the documents it contains; this cluster-to-class mapping then allows standard

classification metrics to be applied.

Accuracy, Precision, Recall, and F1-Score

Accuracy is the fraction of documents correctly assigned to their true theme. Precision for
a given topic is the proportion of documents assigned to that topic that truly belong to the
corresponding expert category. Recall is the proportion of documents in an expert category

that the topic captured. The F1-score balances precision and recall:

Precision x Recall

F1=2
% Precision + Recall

Macro-averaged F1 is the primary summary performance metric used throughout this

study. Macro-averaging weights each theme equally regardless of its frequency in the dataset,
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which prevents dominant themes from masking poor performance on less frequent ones.
These metrics are standard in classification evaluation [102, [103]. Results are interpreted
with the recognition that moderate performance may reflect genuine differences in thematic
boundaries between models and expert coders rather than model failure. Related metrics
such as Normalized Mutual Information and Adjusted Rand Index are not used here, as
classification metrics provide more directly interpretable topic-label alignment information

for educational research [3].

Jaccard Index

The Jaccard index measures the overlap between predicted and true label sets and is used
for zero-shot classification evaluation in Chapter [§, where each response may be assigned to
more than one theme simultaneously [104]. For a document d with predicted label set P,

and true label set Ty:

PN Ty

J(Pg, Ty) = [P UTy|

A value of 1 indicates that predicted and true label sets are identical; 0 indicates no

overlap. The mean Jaccard index across the dataset is:

1 N
J= ; J(Py,Ty)

Cohen’s Kappa

Cohen’s kappa measures inter-rater agreement beyond the level expected by chance [105]:

Po — Pe

1_pe

where p, is the proportion of responses on which two raters assigned the same label and
Pe is the proportion expected to agree by chance alone. Cohen’s kappa values are interpreted
using the Landis and Koch scale: values above 0.80 indicate almost perfect agreement; values
between 0.61 and 0.80 indicate substantial agreement; values between 0.41 and 0.60 indicate

moderate agreement; values between 0.21 and 0.40 indicate fair agreement; and values below
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0.20 indicate slight or no agreement beyond chance [106]. In this study, kappa is used to
assess inter-rater reliability for expert coding of all three datasets (Table . The kappa
values achieved across all three datasets (0.72-0.75) fall in the substantial agreement range,
establishing that the ground truth labels reflect consistent human judgment rather than

individual interpretation.

6.9.3 Fine-Tuning the Models

Once the number of topics is fixed at T = 3, hyperparameter selection optimizes each
model’s configuration using the metrics defined above. For LDA, perplexity and UMass
coherence jointly guide « and § selection: perplexity assesses how well the model predicts
held-out data, while coherence rewards topic-word distributions that form interpretable
groupings. This combination guards against selecting parameters that lower perplexity at
the cost of thematic clarity. For NMF, reconstruction error and UMass coherence guide
regularization selection (ayw, agy, [1_ratio): reconstruction error measures how accurately
the factorization approximates the original document-term matrix, while coherence ensures
the resulting topics are semantically meaningful. For k-means, silhouette score and Calinski-
Harabasz index are used to identify the preprocessing variant and random seed that produce
the most compact and well-separated clusters (Section |6.4). BERTopic does not require
hyperparameter tuning in the same sense; instead, the embedding model and random seed

that yield the highest silhouette score are selected for each dataset.

6.9.4 Evaluation of Model Performance

The final evaluation stage assesses how well the topics produced by each method correspond
to the expert-coded themes. Each topic is mapped to its most frequent expert category,
and accuracy, precision, recall, and macro-F1 are computed at both the per-topic and over-
all levels. Cohen’s kappa confirms that the expert-coded themes reflect consistent human
judgment across independent coders. For ZSC, the Jaccard index additionally captures how
well multi-label predictions match the full set of expert-assigned labels for each response.

Quantitative metrics served a dual role throughout this study: as performance bench-
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marks for comparing methods and as diagnostic tools to guide expert review. Low-coherence
topics were candidates for splitting, merging, or relabeling based on qualitative reason-
ing, keeping interpretive control with domain experts rather than with algorithm outputs.
When k-means, LDA, NMF, BERTopic, and ZSC converged on the same theme content,
this agreement across methods provided additional confidence that the identified themes
reflect genuine patterns in student responses rather than method-specific artifacts. These
diagnostics served as guidance rather than verdicts, consistent with the human-in-the-loop
approach described in the Human in the Loop chapter.

With this evaluation framework established, the dissertation turns to results. Chapter [7]
presents results from the five discovery-first topic modeling methods (k-means, LDA, LSA,
NMF, and BERTopic) across all three datasets. Chapter |8 presents results from zero-shot

classification on the Peer Support dataset.
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Chapter 7
RESULTS: K-MEANS, LDA, LSA, NMF, AND BERTOPIC

7.1 Introduction

This chapter presents the performance of four discovery-based topic modeling methods
(k-means, LDA, NMF, and BERTopic) across three educational support datasets. The
analysis proceeded in two phases. The first phase established baseline performance using
default parameters across all methods, including Latent Semantic Analysis (LSA). The
second phase refined the analysis by optimizing hyperparameters for the remaining four
methods after excluding LSA based on Phase 1 findings. This two-phase design addresses
RQ1: What are the strengths and weaknesses of topic modeling approaches for thematic
analysis of semi-structured short texts?

The chapter begins with the theme identification and validation framework that estab-
lishes the ground truth for all evaluations, then presents results from five topic models
implemented with default parameters, the rationale for excluding LSA, optimized results

for the remaining four methods, and a comparative summary.

7.2 Theme Identification and Validation Framework

Three topics per dataset produced nine total topics. These topics were evaluated for overlap
and thematic content and distilled into five overarching themes by domain experts using
traditional thematic analysis techniques:

Theme #1: Interactions was present in all datasets and represented students’ desire
for interactions with others to enhance learning. The specific nature of interactions (e.g.,
with peers or instructors) and formats (e.g., office hours, forums) varied among the three
datasets but shared a consistent underlying focus.

Theme #2: Teaching Practice was emphasized in both faculty and TA support

datasets and focused on students’ desire for TAs and faculty to be more effective in their
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teaching practice, whether through better delivery in the classroom, providing additional
resources to support learning, synchronizing faculty-led lectures with TA-led quiz/recitation
and lab sections, or similar adjustments.

Theme #3: Examples and Experience was emphasized in both faculty and TA
support datasets and called for faculty and TAs to provide ample examples and experi-
ences to reinforce teaching practice (and learning) including appropriate homework, exams,
practice problems, active learning/problem solving experiences, and lab support.

Theme #4: Questioning specifically applied to the peer support dataset. Students
desired that their peers ask not only more questions but more appropriate questions in class
to support a more effective and interactive atmosphere for their learning.

Theme #5: Civility also applied only to the peer support dataset and included a broad
range of civil behaviors expected of peers in class including but not limited to refraining
from disruptive talking and other distracting activities as well as being on time to class.

These five themes represent the cross-cutting thematic structure that emerged from
evaluating the nine computational topics. The expert-coding scheme used as ground truth
for performance evaluation mapped these themes to each dataset, with three themes per
dataset matching the k=3 validation described in Chapter 6. Two independent domain
experts (raters) coded a subset of 100 responses from each of the three datasets using this
expert-coding scheme to evaluate interrater reliability. The results showed strong agreement
across all datasets: Faculty Support (kappa = 0.74), TA Support (kappa = 0.72), and Peer
Support (kappa = 0.75). Once sufficient interrater reliability was established through this
validation process, the primary domain expert coded the remaining data. These codes were
then used to calculate performance metrics that required a reference (accuracy, precision,
recall, Fl-score, Cohen’s kappa).

Once codes were refined and sufficient reliability established, the primary domain ex-
pert coded the remaining data without any further access to the topic model results (Ap-
proach 2). For Approach 1, another domain expert used the most relevant and informative
of the top-ten words (i.e., keywords) associated with each topic identified by the NLP topic
models (Table to guide manual coding of the data. These codes, whether they aligned

with pedagogically relevant themes or not, became the ground truth for the purposes of
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Table 7.1: Interrater Reliability (Cohens k).

Faculty Support TA Support Peer Support

Approach 1 0.64 / 0.77" 0.71 0.73
Approach 2 0.74 0.72 0.75

* A second pass was conducted after revising and clarifying themes.

computing performance metrics.
7.3 Baseline Performance with Default Parameters

The initial comparative analysis applied five topic modeling methods (k-means, LDA, NMF,
BERTopic, and LSA) to three datasets using default or standard parameter configurations.
Each method assigned student responses to one of three topics (k = 3) corresponding to
themes identified through traditional thematic analysis. Performance was evaluated us-
ing accuracy, Cohen’s kappa, precision, recall, Fl-score, and UMass topic coherence. The

following sections present results organized by dataset.

7.8.1 Faculty Support Dataset

Quantitative, internal and external performance metrics for the Faculty Support dataset
are summarized in Table Across all metrics, Approach 2 (A2, expert-led ground truth)
performed consistently better than Approach 1 (A1, machine-led ground truth).

In a one-for-one comparison of topic models within Approach 2, k-means produced
the highest external performance scores with 74.8% average accuracy and 71.8% macro-
F1, followed by NMF (59.1% accuracy, 59.5% macro-F1). BERTopic produced the most
consistent performance as measured by the standard deviation of performance across the
three topics. LDA reached 51.7% average accuracy and 52.6% macro-F1. LSA performed
poorly across all themes, achieving only 45.6% average accuracy and 28.6% macro-F1, with
negative Cohen’s x values for two of the three themes.

At the theme level, performance varied substantially. The Teaching Practice theme

showed the widest variation, with k-means achieving 79.9% F1 (A2) compared to LSA’s



Table 7.2: Keywords for Approach 1 Manual Coding.

Dataset

Topic

Relevant Keywords

Faculty
Support

0

k-means (lecture, material, note, record, clear, recording); LDA (lecture,
record, online, flexible); LSA (lecture, record, recording, note, homework);
NMF (lecture, record, note, slide); BERTopic (lecture, note, slide, record-
ing)

k-means (example, problem, practice, exam, homework); LDA (problem,
example, material, practice, homework); LSA (example, problem, practice,
exam); NMF (problem, example, exam, homework, solution); BERTopic
(problem, practice, exam, example, homework)

k-means (office, hour, offer, available, email); LDA (hour, office, question,
ask, available, help); LSA (office, hour, available, answer); NMF (hour,
office, offer, help, available, email); BERTopic (office, hour, help, available,

online)

TA

Support

k-means (lab, problem, section, example, material); LDA (lab, problem,
section, example, material, homework); LSA (lab, problem, example, quiz);
NMF (lab, problem, example, material, practice); BERTopic (problem,

material, example)

k-means (office, hour, offer, available, help); LDA (hour, office, help, offer,
email); LSA (office, hour, help, available, answer); NMF (office, hour, offer,
available, help); BERTopic (hour, office, email, time, help, available)

k-means (question, answer, ask, available, help, email); LDA (question,
answer, ask, help, available); LSA (question, answer, problem, help); NMF
(question, answer, available, ask, email, help); BERTopic (lab, help, time,

question)

Peer

Support

k-means (help, group, participate, respectful, study, discussion); LDA
(group, study, discussion, breakout); LSA (study, group, help, talk); NMF
(study, group, help, willing, discussion); BERTopic (talk, group, help,

study, discussion)

k-means (talk, distract); LDA (professor, talk, participate, respectful, dis-
tract); LSA (talk, participate, distract, respectful); NMF (talk, participate,
distract, respectful, quiet); BERTopic (ask, think, understand)

k-means (question, ask, answer, think); LDA (help, willing, open, under-

stand); LSA (question, ask, answer, participate); NMF (ask, question, an-

swer, think, afraid); BERTopic (question, ask, answer, insightful, valuable)
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60.9% F1 (A2). The Examples and Experience theme proved difficult for all methods ex-
cept k-means, which achieved 78.5% F1 (A2) while the remaining models clustered between
50.3% and 52.6% F1. The Interactions theme produced moderate performance across meth-
ods, with LDA reaching the strongest F1 of 67.1% (A2).

In terms of internal performance (measured by Upass topic coherence), NMF produced
both the best coherence scores (—2.40) and the smallest variation in coherence across the
three topics. BERTopic showed the weakest average coherence (—4.88), driven by poor

coherence on the Examples and Experience theme (—10.6).

7.8.2 TA Support Dataset

Quantitative, internal and external performance metrics for the TA Support dataset are
summarized in Table ﬂ (Approach 1) and Table[7.5| (Approach 2). The three topics deter-
mined by the topic models did not align with the three themes identified independently by
the domain expert (Approach 2). Instead, the topic models generated topics associated with
TA availability, question-and-answer opportunities (Q&A), and teaching practice, while the
domain expert identified themes of examples and experience, interactions, and teaching
practice. The availability and Q&A topics were, in combination, aligned with the inter-
actions theme, while the examples and experience theme was absorbed into the teaching
practice topic identified by all five topic models.

This misalignment between topics and themes restricted the Approach 2 performance
metrics to two topics (Table rather than the three topics enabled by Approach 1 (Ta-
ble . Because Approach 2 was fundamentally unable to align all themes with topics, it
was limited to two-topic evaluation for this dataset.

Approach 1 Results (Three Topics). In a one-for-one comparison of topic models
using Approach 1, NMF produced the highest average external performance scores (72.5%
accuracy, 71.9% macro-F1). LSA achieved the best per-topic performance on the TA Avail-
ability theme (91.0% accuracy, 83.9% F1) but produced 0.0% F1 on Teaching Practice,
yielding inconsistent results overall. k-means (67.6% accuracy, 66.4% macro-F1) and LDA

(67.3% accuracy, 66.9% macro-F1) produced comparable mid-range performance. LDA pro-



Table 7.3: Faculty Support Performance Metrics (Default Parameters).
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All Metrics are Percentage (%)

Theme Metric K-Means LDA LSA NMF BERTopic
Al A2 Al A2 Al A2 Al A2 Al A2
Accuracy 82.0 923| 594 656| 708 69.8| 655 67.8| 664 678
Cohen’s x| 0.37 074| 0.19 032|-0.16 —-0.16| 030 0.35| 031 0.34
Examples &  Precision 488 822| 272 345| 050 1.00| 328 36.3| 333 36.0
Experience Recall 475 75.2| 776 927 | 030 060| 919 955| 90.5 920
F1-Score 48.1 785| 40.2 50.3| 040 0.80| 484 52.6| 487 51.7
Umass —2.74 —2.74 | —4.46 —4.46 | —2.07 —2.07 | —2.21 —-2.21 | —-10.6 —10.6
Accuracy 77.8 81.8| 77.0 80.6| 71.0 748| 79.9 85| 792 789
Cohen’s k| 0.41 047| 047 053] 0.16 0.18| 048 0.55| 0.49 0.46
Precision 914 91.8| 66.7 66.3| 100.0 100.0| 86.2 85.6| 764 67.6
Interactions
Recall 364 41.3| 604 679| 121 13.7| 46.5 52.2| 534 534
F1-Score 52.0 570| 634 67.1| 21.6 241| 604 64.8| 628 59.7
Umass —-2.13 —-2.13|-2.09 —-2.09|—-247 —247|-2.73 -2.73|-1.75 —-1.75
Accuracy 614 755| 522 572| 432 46.7| 675 67.0| 654 619
Cohen’s x| 0.23 050| 004 0.16|-0.13 —-0.10| 035 0.35| 0.30 0.25
Teaching Precision 57.7 698 | 541 734| 456 493| 755 79.0| 754 741
Practice Recall 81.5 935| 216 278| 779 79.7| 504 499| 444 413
F1-Score 676 799| 309 404| 575 609| 60.5 61.2| 559 53.1
Umass —245 —-2.45|-2.13 —-2.13|—-2.89 —2.89|—-2.26 —2.26 | —2.25 —2.25
Owverall Performance
Avg. Accuracy 60.6 748 | 443 51.7| 425 456| 56.4 59.1| 555 544
Avg. Cohen’s k 032 056| 0.22 032|-0.05 —0.03| 037 040| 036 0.34
Avg. Unass —244 -2.44|-289 —2.89|—-248 —2.48| —-2.40 —2.40| —4.88 —4.88
Macro F1 55.9 71.8| 448 526| 265 286| 564 59.5| 558 548
Micro F1 60.6 748 | 443 51.7| 425 456| 564 59.1| 555 544
Wtd. F1 59.0 73.0| 433 50.0| 356 389| 583 60.6| 56.9 54.8
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duced the most consistent performance as measured by standard deviation across topics.
BERTopic performed poorly with 41.7% average accuracy and 36.9% macro-F1. In terms
of internal performance, k-means produced both the best average coherence scores (—2.50)
and the smallest variation in coherence across the three topics.

Approach 2 Results (Two Topics). With the reduced two-topic structure, NMF
again led with 69.2% average accuracy and 48.8% macro-F1. LDA followed with 64.3%
accuracy and 43.9% macro-F1. k-means achieved 62.3% accuracy and 44.2% macro-F1.
BERTopic reached 59.7% accuracy and 41.8% macro-F1. LSA remained the weakest at
47.6% accuracy and 22.0% macro-F1.

7.8.8  Peer Support Dataset

Quantitative, internal and external performance metrics for the Peer Support dataset are
summarized in Table In terms of the best per-topic metrics, Approach 2 (A2) per-
formed consistently better than Approach 1 (A1l). However, when considering the average
performance metrics across all topics within a model, results were mixed: Al performed
best for LDA and LSA models while A2 performed best for k-means, NMF, and BERTopic.
When comparing the performance of the best approach for each model, the matrix factor-
ization techniques (NMF, LSA) generated the highest scores for both the best per-topic
performance measures and the average metrics across all three topics.

NMEF achieved the highest overall average performance with 75.6% accuracy and 75.5%
macro-F1 (A2). LSA followed closely with 74.4% accuracy and 71.6% macro-F1 (Al) or
71.8% accuracy and 71.3% macro-F1 (A2). BERTopic reached 64.2% accuracy and 61.9%
macro-F1 (A2). k-means showed 63.7% accuracy and 57.8% macro-F1 (A2). LDA achieved
60.2% accuracy and 53.7% macro-F1 (Al).

At the theme level, the Questioning theme produced the strongest individual F1-scores
across methods, with LSA achieving 86.4% F1 (A2) and NMF reaching 84.5% F1 (A2).
The Civility theme also showed strong performance from matrix factorization methods,
with NMF at 77.2% F1 (A1) and LSA at 74.2% F1 (Al). The Interactions theme benefited
from BERTopic under Approach 2, reaching 78.2% F1.



Table 7.4: TA Support Performance Metrics (Approach 1).

All Metrics are Percentage (%)

Theme Metric K-Means LDA LSA NMF BERTopic
Accuracy 69.0 78.2 53.0 77.8 66.9
Cohen’s k 0.42 0.55 —0.15 0.57 0.34
Teaching Precision 56.3 70.8 0.00 65.3 56.1
Practice Recall 947 759 000 928 73.0
F1-Score 70.6  73.2  0.00 76.6 63.4
Umass —2.09 —4.65 —2.79 —4.53 —5.47
Accuracy 89.7 836 91.0 89.9 60.0
Cohen’s k 0.72 0.59 0.78 0.72 —0.04
TA Precision 96.7 71.6 84.4 95.2 24.8
Availability  Recall 65.6 68.9 834 673 20.8
F1-Score 781 70.2 839 78.9 22.6
Umass —241 —-224 -221 -2.17 —2.00
Accuracy 76.4 729 509 77.3 56.5
Cohen’s k 038 037 0.11 0.45 —0.05
Precision 80.5 58.9 373 70.5 28.4
Q&A
Recall 36.6 55.7 73.8 52.4 22.0
F1-Score 50.3 57.2 495  60.1 24.8
Umass -3.01 —-2.12 -3.03 -2.53 —2.63
Overall Performance
Average Accuracy 67.6 67.3 475 72.5 41.7
Average Cohen’s K 0.49 050 0.23 0.57 0.10
Average Unass —-2.50 —-3.00 —-2.68 -3.07 —3.36
Macro F1 66.4 66.9 445 71.9 36.9
Micro F1 67.6 67.3 475 72.5 41.7
Sample Weighted F1 66.1 67.2 39.7 71.9 39.4
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Table 7.5: TA Support Performance Metrics (Approach 2).

All Metrics

are Percentage (%)

Theme Metric K-Means LDA LSA NMF BERTopic
Accuracy 73.0 752 476 79.8 68.9
Cohen’s k 0.48 0.50 —-0.14  0.60 0.38
Precision 90.9 758 51.2 89.0 74.1
Interactions
Recall 56.3 80.2 86.6 71.8 66.2
F1-Score 69.6 78.0 644 79.5 70.0
Umass —2.71 —-2.18 —-2.62 -2.35 —-2.31
Accuracy 629 65.0 59.1 70.2 62.1
Cohen’s k 0.33 0.26 —0.13 0.43 0.25
Teaching Precision 476  48.6 4.10 53.6 46.0
Practice Recall 93.0 605 0.90 885 69.6
F1-Score 62.9 539 1.50 66.8 55.4
Unass —2.09 —4.65 —2.79 —4.53 —5.47
Overall Performance
Average Accuracy 62.3 64.3 47.6 69.2 59.7
Average Cohen’s 0.36 0.34 —-0.12 0.46 0.28
Average Unass —-2.50 —-3.00 —2.68 —3.07 —3.36
Macro F1 44.2 439 22.0 488 41.8
Micro F1 62.3 64.3 476 69.2 59.7
Sample Weighted F1 59.3  60.8  35.7 66.1 57.0
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In terms of internal performance (measured by Upass topic coherence), LSA produced
the best average coherence scores (—2.78), while NMF showed the smallest variation in

coherence across the three topics.

7.8.4 Qualitative Theme Assessment

A qualitative evaluation of topic quality required revisiting the number of topics appropriate
for describing the data. While all five topic models independently determined that three
topics were optimal, human evaluation through traditional thematic analysis determined
that four, three, and five themes for the Faculty, TA, and Peer Support datasets respectively
were appropriate. For all three datasets, both the traditional analysis and the topic models
identified a theme corresponding to interactions with students and among students. The
teaching practice theme also emerged from both traditional analysis and topic models for
the Faculty and TA Support datasets.

However, the hospitality theme, prominent in traditional analysis for Faculty Support,
failed to emerge as a distinct topic in any of the NLP topic models. The examples and expe-
rience theme identified from traditional analysis of the TA Support dataset did not emerge
as a distinct theme from the topic models but was instead merged with teaching practice.
In its place, the topic models split the interactions theme into two topics corresponding to
TA availability and Q& A with students. The topic models absorbed the preparation theme
into the civility theme and the engagement theme into the interactions theme in the Peer
Support dataset. While these merging events did not compromise the alignment between
traditional thematic analysis and topic model analysis for Peer Support, they reduced the

granularity of the results.

7.8.5 Theme Rankings

As an additional measure of topic model performance, topics were ranked by frequency
for each model and compared to the rankings from traditional thematic analysis. None of
the topic models replicated the rankings from traditional thematic analysis for the Faculty

Support dataset. Three of the five topic models replicated rankings for the TA Support



Table 7.6: Peer Support Performance Metrics (Default Parameters).
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All Metrics are Percentage (%)

Theme Metric K-Means LDA LSA NMF BERTopic
Al A2 Al A2 Al A2 Al A2 Al A2
Accuracy 51.5 65.2| 725 61.5| 822 765| 795 809| 777 831
Cohen’s x| 0.20 0.35| 0.18 0.13| 047 047| 051 0.60| 0.48 0.64
Precision 30.3 54.2| 36.0 548| 59.0 89.9| 51.6 80.0| 49.1 816
Interactions
Recall 95.6 914 347 283| 578 47.3| 847 703 | 847 752
F1-Score 46.0 68.0| 354 373| 584 620| 64.1 T48]| 622 782
Umass —5.43 —543| —4.30 —4.30 | —2.48 —2.48 | —3.80 —3.80 | —9.26 —9.26
Accuracy 76.2 73.6| 705 674| 827 76.7| 865 804 | 64.6 67.1
Cohen’s x| 0.23 0.16| 0.28 021| 062 049| 0.68 053] 0.30 0.35
Precision 74.0 60.6| 46.5 424| 62.8 56.0| 72.1 63.3| 42.3 454
Civility
Recall 206 16.6| 499 445| 906 79.0| 8.1 T71.6| 794 834
F1-Score 323 26.0| 481 434| 742 655| 772 67.2| 552 5838
Umass —254 —-254|-294 —-294|-324 —-324|-6.16 —6.16 | —8.20 —8.20
Accuracy 726 88.6| 775 753| 84.0 90.4| 80.1 90.0| 59.8 781
Cohen’s x| 046 0.72| 055 0.51| 068 079 060 0.77| 0.21 0.39
Precision 98.8 91.7| 785 56.8| 946 77.9| 97.3 828 | 98.0 933
Questioning
Recall 46.7 70.0| 7v6.7 89.7| 728 97.0| 627 86.2| 214 329
F1-Score 63.5 794| 776 69.6| 823 86.4| 762 845| 352 486
Unass —-3.64 —3.64| —-6.25 —6.25|—2.63 —2.63| —3.03 —3.03 | —6.20 —6.20
Owverall Performance
Avg. Accuracy 50.1 63.7| 60.2 52.1| 744 71.8| 73.0 756]| 51.0 64.2
Avg. Cohen’s k 030 042| 036 029| 060 0.58| 0.60 063| 032 046
Avg. Unass —3.87 —3.87| —4.50 —4.50 | —2.78 —-2.78 | —4.33 —4.33 | —7.89 —7.89
Macro F1 473 578 53.7 50.1| 716 71.3| 725 755| 50.8 61.9
Micro F1 50.1 63.7| 60.2 521| 744 71.8| 73.0 756]| 51.0 64.2
Wtd. F1 51.1 59.8| 604 49.2| 749 70.6| 739 75.7| 46.5 635
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Table 7.7: NLP Topics vs. Traditional Themes by Dataset.

Dataset NLP Topics® Themes Theme Descriptions (Traditional Analysis)
Faculty 3 4 Interactions: interactions with students, active learning,
Support providing feedback, facilitating collaborations.

Ezamples & Experience: plentiful examples, real-world
applications, and resources for learning; quality delivery.
Teaching Practice: reasonable assessment practices,
clear expectations, and well-organized materials and
assignments. Hospitality: kindness, empathy, flexibility,
and other elements of care (did not emerge in NLP
topic models).

TA Support 3 3 Interactions: similar to Faculty Support; split into two
topics by NLP topic models (TA Availability and
Q&A). Examples & Experience: similar to Faculty
Support; did not emerge as a distinct topic in NLP
models (absorbed into Teaching Practice). Teaching
Practice: similar to Faculty Support.

Peer Support 3 5 Questioning: expectations of other students to ask
relevant questions. Interactions: social interactions and
collaborations with other students (merged with
Engagement by NLP topic models). Civility: polite,
respectful behavior; refraining from disruptive talking;
being on time to class (merged with Preparation by
NLP topic models). Engagement: paying attention and
participating in class. Preparation: coming to class

prepared to be productive.

- Keywords associated with topics identified by NLP topic models are listed in Table
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dataset (Approach 2), and two of the five topic models did so for the Peer Support dataset
(Approach 2).

For Faculty Support, k-means and LSA correctly ranked Teaching Practice first but
failed to replicate the correct second- and third-place order (Interactions then Examples
and Experience), while LDA, NMF, and BERTopic all placed Examples and Experience first
despite its third-place ranking from traditional analysis. For TA Support under Approach
2, k-means, LDA, and BERTopic correctly ranked Interactions first, while LSA and NMF
reversed the rankings. For Peer Support under Approach 2, k-means and NMF correctly
ranked Interactions first, while the remaining models showed various inversions across the

three themes.



Table 7.8: Theme Frequency Rankings by Model.

Dataset Approach Theme (Rank)’k k-means LDA LSA NMF BERTopic
Al Examples & Experience (3)
Interactions (2) 3 3
Teaching Practice (1) 1 1
Faculty Support
A2 Examples & Experience (3) 1 2 1
Interactions (2)
Teaching Practice (1) 1 1
Al Examples & Experience” — — — — —
Interactions (2) 1 1 2 2
Teaching Practice (1) 2 2 1 1 2
TA Support
A2 Examples & Experience”” — — — — —
Interactions (1) 1 2 2 1
Teaching Practice (2) 2 2 1 1 2
Al Civility & Preparation (2) 3 1 3
Interactions & Engagement (3) 1 1
Questioning Practice (1) 2 2
Peer Support
A2 Civility & Preparation (3) 3 1 3
Interactions & Engagement (1) 1
Questioning Practice (2) 2 2

" Rank in parentheses indicates ranking from traditional (manual) thematic analysis (1 = most frequent theme).

= Examples & Experience did not emerge as a distinct theme with topic model analysis for the TA Support dataset.

901
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Figures[7.1] [7.2] and [7.3]show the document frequency distributions for Faculty Support,
TA Support, and Peer Support, respectively, comparing expert-coded and model-assigned

theme counts across all five methods.

Topic Frequency Distribution: Human vs NLP Models - Faculty Support
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Figure 7.1: Faculty Support Topic Frequency Distributions.

Note on LSA exclusion. In the default phase, LSA applied TF-IDF vectorization with
truncated SVD at k=3 components using scikit-learn defaults. LSA was excluded from
the optimized parameter analysis based on Phase 1 results: LSA produced 0.0% F1 for
Teaching Practice (TA Support), negative Cohen’s x values in Faculty Support, and was
outperformed by NMF on external metrics in two of three datasets. NMF was retained as

the representative matrix factorization method.

7.8.6 Interferents in Topic Model Performance

Ambiguity and multiple-topic responses affected performance across all methods and datasets.

The TA Support dataset had the highest rates of ambiguous responses (18.6%), and the
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Topic Frequency Distribution (A1l): Human vs NLP Models - TA Support
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Figure 7.2: TA Support Topic Frequency Distributions.
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Topic Frequency Distribution: Human vs NLP Models - Peer Support
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Figure 7.3: Peer Support Topic Frequency Distributions.

Faculty Support dataset had the highest rate of multiple-topic responses (26.5%), while Peer
Support demonstrated the lowest rates overall (5.89% ambiguous, 6.86% multiple-topic).

Table 7.9: Ambiguous and Multiple Topic Responses

Faculty Support TA Support Peer Support

Ambiguous Response 13.7% 18.6% 5.89%
Multiple Topic Response 26.5% 11.7% 6.86%

7.4 Optimized Parameter Results

The second phase applied hyperparameter optimization to four methods: k-means, LDA,
NMF, and BERTopic. Optimization strategies are detailed in Chapter 6. Since Section [7.3]
established Approach 2 as consistently superior to Approach 1 across all methods and

datasets, all results in this section use the expert-coded ground truth (Approach 2) exclu-
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sively. BERTopic was evaluated with two sentence-embedding models: all-MiniLM-L6-v2
(MiniLM; 384 dimensions, 22.7M parameters) and all-mpnet-base-v2 (MPNet; 768 dimen-
sions, 109M parameters). Both models used UMAP dimensionality reduction and k-means
with £ = 3, maintaining comparability with the traditional methods. Cluster quality met-
rics showed no consistent advantage for either model across datasets (Chapter @ Table ;

both are therefore included in the per-dataset comparisons below.

7.4.1 Faculty Support Dataset

Quantitative performance metrics for the Faculty Support dataset with optimized parame-
ters are summarized in Table NMF and BERTopic MPNet achieved the highest overall
accuracy (76.76% and 76.8% respectively). BERTopic MPNet also led on macro-F1 (65.7%),
with NMF close behind at 62.82%. k-means and LDA showed comparable accuracy (68.67%
and 68.13%) but LDA achieved higher macro-F1 (48.07% vs 45.79%).

Theme-level variation was substantial across all methods. The Examples and Experience
theme was the most challenging: k-means reached only 23.64% F1 and LDA 22.01% F1,
while NMF improved markedly to 62.81% F1 and BERTopic MPNet to 63.0% F1. Teaching
Practice was handled most consistently, with NMF (69.75% F1) and BERTopic MPNet
(67.0% F1) leading. For Interactions, LDA achieved the strongest F1 among traditional
methods (66.35%), while BERTopic MPNet reached 67.1% F1 with better balanced precision
and recall. UMass coherence scores were generally low, with k-means showing the least
negative average (—2.10) and NMF the most negative (—3.63).

Frequency distributions (Figure showed that k-means and NMF produced nearly
identical patterns, both over-representing Teaching Practice (1,003 vs 790 expert-coded)
and Examples and Experience (446 vs 307) while under-representing Interactions (218 vs
550). LDA produced a more balanced distribution, approximating expert counts for Inter-
actions (517 vs 550) and Teaching Practice (739 vs 790) while still inflating Examples and
Experience (411 vs 307). Both BERTopic models under-represented Teaching Practice by

approximately 30% and over-represented Examples and Experience.
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Table 7.10: Faculty Support Performance Metrics (Optimized Parameters, Approach 2).

All percentage metrics (%); Upass and & are unitless.

Theme Metric K-Means LDA NMF BERT-Mini BERT-MPNet

Teaching Practice Accuracy 58.85 59.51 67.01 67.4 68.2
Precision 54.58 57.78 61.67 72.5 70.8
Recall 78.48 54.05 80.25 50.3 64.1
F1-Score 64.38 55.85 69.75 59.3 67.0
Umass -1.79 —-2.15 -1.91 —-2.19 —2.50

Interactions Accuracy 76.84 78.46 78.70 77.9 84.0
Precision 88.68 68.47 88.24 70.2 68.4
Recall 34.18 64.36 40.91 57.3 69.6
F1-Score 49.34 66.35 55.90 63.1 67.1
Umass —244 —-1.75 —2.40 —2.36 —2.27

Examp. & Exp. Accuracy 71.33 66.41 84.58 72.6 78.1
Precision 23.20 19.22 56.51 38.8 52.3
Recall 24.10 25.73 70.68 84.7 79.2
F1-Score 23.64 22.01 62.81 53.2 63.0
Umass —2.08 —2.48 —-1.98 —3.55 —2.69

Overall Performance

Overall Avg. Accuracy (%) 68.67 68.13 76.76 72.6 76.8
Macro F1 (%) 45.79 48.07 62.82 58.6 65.7
Micro F1 (%) 68.67 68.13 64.94 72.6 76.8
Wtd. F1 (%) 45.79 54.50 64.55 59.5 68.0
Cohen’s k 0.207 0.234 0.441 0.390 0.416
Avg. Unass —-2.10 —-2.12 -3.63 —2.49 —2.70
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Figure 7.4: Optimized topic frequency distributions for Faculty Support: expert-coded

counts versus five NLP methods.
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7.4.2 TA Support Dataset

Quantitative performance metrics for the TA Support dataset with optimized parameters are
summarized in Table BERTopic MPNet achieved the highest overall accuracy (70.3%)
and macro-F1 (54.2%), followed closely by NMF (69.91% accuracy, 43.74% macro-F1) and
k-means (69.87% accuracy, 42.39% macro-F1). LDA showed both the lowest accuracy
(58.27%) and the lowest macro-F1 among the three traditional methods (32.38%), despite
achieving the strongest Interactions F1 among those three methods (68.29%).

The Examples and Experience theme was the most difficult across all methods. k-
means reached only 6.72% F1, NMF 3.35% F1, and both BERTopic models below 28%
F1; only LDA partially captured this theme with 33.18% F1 due to high recall (80.0%).
Teaching Practice was handled well by NMF (66.67% F1) and BERTopic MPNet (67.1% F1).
Interactions showed strong precision across most methods (76.67%-96.20%) but consistently
low recall (37.39%-57.07%), indicating that topic models assigned a substantial share of
Interactions-labeled responses to other categories. UMass coherence scores were low overall,
with the Interactions theme showing the weakest coherence for BERTopic (—4.42 for both
models), likely reflecting the thematic breadth of TA-student interaction responses.

Frequency comparisons (Figure showed that k-means substantially over-represented
Interactions (1,026 vs 813 expert-coded) while under-representing Teaching Practice (250
vs 643). LDA inflated Examples and Experience (516 vs 135 expert-coded) and under-
represented Interactions (546 vs 813). Both BERTopic models captured only about half
the expert-coded Interactions count (MiniLM: 457; MPNet: 452 vs 813) while inflating
Examples and Experience substantially (MiniL.M: 580; MPNet: 394 vs 135 expert-coded).

7.4.8 Peer Support Dataset

Quantitative performance metrics for the Peer Support dataset with optimized parameters
are summarized in Table BERTopic MiniLM achieved the highest performance by a
clear margin: 85.0% accuracy and 77.0% macro-F1 with a Cohen’s  of 0.642. LDA followed
with 78.46% accuracy and 67.17% macro-F1. k-means (73.33% accuracy, 58.01% macro-
F1) and NMF (72.94% accuracy, 59.02% macro-F1) performed comparably. BERTopic
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Table 7.11: TA Support Performance Metrics (Optimized Parameters, Approach 2). All

percentage metrics (%); Unass and & are unitless.

Theme Metric K-Means LDA NMF BERT-Mini BERT-MPNet

Teaching Practice Accuracy 65.01 56.85 71.67 59.3 68.9
Precision 54.20 45.85 63.52 49.6 66.8
Recall 86.31 37.79 70.14 42.8 67.5
F1-Score 66.59 41.43 66.67 45.9 67.1
Umass —1.47 —-256 —1.77 —2.39 —2.05

Interactions Accuracy 67.27 7293 67.02 70.5 72.4
Precision 96.20 84.98 76.67 87.5 91.4
Recall 37.39 57.07 50.92 49.2 56.8
F1-Score 53.85 68.29 61.20 63.0 69.6
Umass —-1.74 —-193 -1.79 —4.42 —4.42

Examp. & Exp. Accuracy 77.32 72.68 71.04 67.5 71.2
Precision 5.16  20.93 2.34 17.1 28.0
Recall 9.63 80.00 5.93 73.3 24.3
F1-Score 6.72 33.18 3.35 27.7 25.9
Umass —1.57 —-2.56 —2.16 —1.93 —2.65

Overall Performance

Overall Avg. Accuracy (%) 69.87 58.27 69.91 65.8 70.3
Macro F1 (%) 42.39 32.38 43.74 45.5 54.2
Micro F1 (%) 69.87 58.27 54.85 65.8 69.7
Wtd. F1 (%) 42.39 47.03 54.84 53.1 59.3
Cohen’s k 0.214 0.256 0.222 0.246 0.295
Avg. Unass —-1.59 —-2.35 —2.52 —3.04 -3.01
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MPNet showed notably weaker results (70.7% accuracy, 56.6% macro-F1), representing a
20.4 percentage point macro-F1 gap versus MiniLM on this dataset.

The Questioning theme was handled well by most methods: k-means reached 84.38%
F1, BERTopic MiniLM 85.4% F1, and NMF 82.53% F1, while LDA achieved 73.40% F1.
BERTopic MPNet was a clear outlier on Questioning (48.8% F1). Civility was the most
variable theme: k-means achieved only 31.29% F1 compared to LDA (62.35%), BERTopic
MiniLM (71.8%), and BERTopic MPNet (72.9%). Interactions showed the widest spread
between BERTopic models: MiniLM reached 73.8% F1 while MPNet achieved only 48.2%
F1. BERTopic MiniLM maintained close alignment with expert-coded frequencies across

all three themes (within 10%), while MPNet amplified Questioning and under-represented
Civility (Figure [7.6)).
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Figure 7.6: Optimized topic frequency distributions for Peer Support: expert-coded counts

versus five NLP methods.
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Table 7.12: Peer Support Performance Metrics (Optimized Parameters, Approach 2). All

percentage metrics (%); Unass and & are unitless.

Theme Metric K-Means LDA NMF BERT-Mini BERT-MPNet

Questioning Accuracy 90.55 83.36 88.95 89.7 62.8
Precision 87.10 73.15 81.41 83.5 42.7
Recall 81.82 73.66 83.68 87.5 56.9
F1-Score 84.38 73.40 82.53 85.4 48.8
Umass -3.40 —-291 -1.76 —3.05 —2.10

Interactions Accuracy 64.53 74.42 64.53 82.1 64.0
Precision 49.42 61.68 49.20 75.3 48.3
Recall 71.25 70.42 51.25 72.3 48.1
F1-Score 58.36  65.76  50.20 73.8 48.2
Umass —1.83 —2.66 —2.52 —6.71 -3.19

Civility Accuracy 64.90 77.62 65.33 82.0 85.3
Precision 39.15 64.39 43.68 69.1 83.5
Recall 26.07 60.43 45.02 74.6 64.7
F1-Score 31.29 62.35 44.34 71.8 72.9
Umass —1.63 —2.46 —2.52 —3.54 —4.23

Overall Performance

Overall Avg. Accuracy (%) 73.33 7846 7294 85.0 70.7
Macro F1 (%) 58.01 67.17 59.02 77.0 56.6
Micro F1 (%) 73.33 78.46 58.74 7.1 57.4
Witd. F1 (%) 58.01 67.50 57.78 7.2 57.4
Cohen’s K 0.386 0.511 0.388 0.642 0.348
Avg. Umnass —2.29 —-2.67 -—-3.94 —-3.17 —4.43
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7.4.4 BERTopic Performance Summary

BERTopic performance across both embedding models and all three datasets is summarized
in Table Averaged across datasets, the compact MiniLM model (60.4% macro-F1)
slightly outperformed the larger MPNet model (58.8% macro-F1) despite having 4.8 times
fewer parameters. Dataset properties determined which model led: MiniLM dominated Peer
Support (77.0% vs 56.6% macro-F1), while MPNet achieved higher macro-F1 in Faculty
Support (65.7% vs 58.6%) and TA Support (54.2% vs 45.5%). A discovery-mode sensitivity
check using HDBSCAN clustering with bigram tokenization confirmed the same three high-
level themes in each dataset while revealing finer subtopics. The fixed-k results are retained

as the metric baseline, and qualitative discovery outputs appear in Appendix

Table 7.13: BERTopic Macro-F1 Scores by Embedding Model.

Dataset MiniLM (%) MPNet (%) Difference Winner
Faculty Support 58.6 65.7 +7.1% MPNet
TA Support 45.5 54.2 +8.7% MPNet
Peer Support 77.0 56.6 -20.4% MiniLM
Average 60.4 58.8 -1.6% MiniLM

Chapter 8 presents results from zero-shot classification, a themes-first approach that
incorporates expert-defined labels at the start of the analysis rather than discovering topics

post hoc.
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Chapter 8
RESULTS: ZERO-SHOT CLASSIFICATION

8.1 Introduction

This chapter presents results from the zero-shot classification (ZSC) analysis of the Peer
Support dataset. ZSC follows a themes-first approach in which domain experts define themes
before any automated labeling occurs. The model then assigns each response directly to
these predefined themes using natural language inference. This approach contrasts with
the discovery-first methods presented in Chapter 7, where themes emerge from statistical
patterns and require post-hoc interpretation.

The analysis focused on the Peer Support dataset (1,376 responses after de-duplication
and cleaning), which contains three validated themes with strong inter-rater agreement (k =
0.75, Chapter 7) and a low proportion of ambiguous responses (5.89%). These properties
make the dataset suitable for evaluating how prompt phrasing affects classification accuracy.
To match student language, Interactions and Civility are referred to as Collaboration and
Professionalism in this chapter, while Questioning retains its original label.

The ZSC method, model configuration, and three-phase data analysis pipeline are de-
scribed in Chapter 6. Briefly, the analysis proceeded through Phase 0 (data preprocessing
and topic estimation), Phase 1 (primary theme classification with three prompt design
strategies), and Phase 2 (secondary theme analysis examining subthemes within primary
categories). The following sections present results from each phase. A cross-method com-

parison with the discovery-first methods from Chapter 7 appears in Chapter 9.
8.2 Data Preprocessing and Topic Estimation (Phase 0)

Phase 0 compared basic, moderate, and advanced preprocessing pipelines on the 1,376
peer-support responses. Moderate and advanced pipelines nearly halved mean word counts,

removing short context markers such as negations and pronouns that the NLI classifier uses
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for entailment decisions. The analysis retained the basic pipeline, which normalized only
casing, whitespace, and punctuation. Table summarizes the effect of each preprocessing

level on mean word count.

Table 8.1: Peer Support Document Statistics Across Preprocessing Pipelines

Pipeline Word Count Character Count

Mean Median SD Mean Median SD

Raw 16.2 11.0 16.0 94.7 66.0 92.7
Basic 16.2 11.0 16.0 94.5 66.0 92.6
Moderate 7.7 6.0 7.1  58.2 42.0 55.6
Advanced 7.6 6.0 7.0  56.5 41.0 53.9

For preliminary structure estimation, the preprocessed student responses were embedded
with a TF-IDF matrix. Elbow distortion and silhouette scores were evaluated for £ = 2
to k = 10 to provide heuristic guidance on potential theme structure. The domain expert
reviewed the k& = 3 elbow point and silhouette scores, along with sample responses from
preliminary clusters, to guide theme definition in Phase 1.

The Phase 0 pipeline is illustrated in Figure (Chapter 6).
8.3 Primary Theme Classification (Phase 1)

8.3.1 Expert Prompt Design (Phase 1A)

Chapter 7 results confirmed three themes in the Peer Support dataset: Interactions, Ques-
tioning, and Civility. These themes guided the domain expert in designing ZSC prompts
for Phase 1.

The domain expert reviewed the Phase 0 structure cues along with a 200-response sam-
ple (15% of the corpus) and identified five themes describing how students support each
other: asking relevant questions, arriving prepared, working collaboratively, maintaining
respectful behavior, and engaging during class. When tested on the full corpus, some

themes overlapped and others appeared rarely. The expert consolidated these into three
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primary themes: Collaboration (mapping to Interactions), Questioning, and Professionalism
(mapping to Civility). Engagement and Preparation were treated as minority themes.

The domain expert labeled these themes in three ways:

Domain-Specific Labels (DS-Lab): Prompts used specialized educational terminol-
ogy, such as “Collegial and Professional Conduct,” to mirror researcher vocabulary.

Mainstream Labels (MS-Lab): Prompts adopted accessible, non-specialist language
that reflects student phrasing, for example “Respect, Civility, and Professionalism.”

Mainstream Labels with Descriptions (MS-LabDesc): Prompts paired main-
stream labels with concise descriptions (e.g., “This text addresses professional behaviors in
class including not causing disruptions...”) to provide additional context.

These prompts were used to configure multi-label classification, allowing each student
response to map to multiple relevant themes. Zero-shot outputs were then compared with
the domain expert annotations using accuracy, precision, recall, F1-score, and UMass co-
herence.

The exact wording for each prompt strategy is provided in Table The Phase 1
pipeline is illustrated in Figure (Chapter 6).

8.3.2  Primary Theme Evaluation (Phase 1B)

Table[R.3|reports performance metrics for all three prompt strategies across primary themes.

Mainstream labels without descriptions (MS-Lab) achieved the highest accuracy (85%)
and weighted F1 (60%), matching the best-performing unsupervised method (BERTopic
MinilLM) without requiring any training data (Table. This result indicates that ZSC can
achieve competitive performance when prompt language aligns with the model’s pre-training
distribution. Domain-specific labels scored lower on both metrics (accuracy 82%, weighted
F1 56%). Mainstream labels with descriptions achieved higher confidence scores (0.88)
and improved recall for some themes, but lower aggregate accuracy (81%) and weighted
F1 (50%). The lower Jaccard index (0.35) for this strategy indicates weaker alignment
with expert-coded themes when descriptions are added, suggesting that broader descrip-

tions reduce class separation. UMass coherence values were generally low across all three
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Table 8.2: ZSC Prompt Designs for Peer Support Themes

Theme Domain-Specific = Mainstream Mainstream + Description
Primary Themes
Collaboration Peer-peer Interac- Talking and Work- This text discusses students’ desire to in-
tions ing with Each teract with each other to be social or to
Other collaborate on class work.
Questioning Questioning Prac- Asking Appropri- This text discusses students’ desire for
tice ate and Relevant their peers to adjust the questions they
Questions ask in class either by asking more relevant
questions or refraining from asking irrele-
vant or tangential questions.
Professionalism  Collegial and Pro- Respect, Civility, This text addresses professional behaviors
fessional Conduct and  Professional- in class including not causing disruptions
ism in class by talking, playing video games,
or other use of technology or being pro-
fessional and civil to the professor or be-
ing friendly, helpful, positive, and polite
or avoiding condescending and complain-
ing behaviors.
Minority Themes
Engagement Productive Engage- Participating This text addresses paying attention or at-
ment tending class or being a part of class dis-
cussion or similar behaviors.
Preparation Timely Preparation Preparing This text addresses completing assigned

reading and videos prior to class or com-
ing to class prepared to ask relevant ques-
tions or working on homework before class

or similar behaviors.
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Table 8.3: Detailed ZSC Model Performance for Primary Themes

Theme Prompt n Acc Prec Rec F1 UMass

Primary Themes

Collab DS-Lab 192 0.78 0.70 0.40 0.50 -1.55

ollaboration

(n=369)* MS-Lab 247 0.84 0.81 0.54 0.65 -1.62
MS-LabDesc 341 0.81 0.66 0.61 0.63 -1.70

Professionall DS-Lab 371 0.82 0.66 0.69 0.67 -1.20

rofessionalism

(n=351)* MS-Lab 339 0.86 0.76 0.72 0.74 -1.15
MS-LabDesc 567 0.78 0.59 0.79 0.68 -1.45
DS-Lab 365 0.80 0.72 0.64 0.67 -1.80

Questioning

(n=428)* MS-Lab 471 0.83 0.73 0.77 0.74 -1.72
MS-LabDesc 60 0.72 0.61 0.15 0.24 -1.50

Minority Themes

DS-Lab 415 0.75 0.32 0.65 0.43 -1.65

Engagement

(n=141)* MS-Lab 279 0.82 0.36 0.61 0.45 -1.68
MS-LabDesc 299 0.83 0.39 0.71 0.51 -1.75
DS-Lab 33 0.93 0.35 0.40 0.37 -1.25

Preparation

(n=21)* MS-Lab 39 0.91 0.30 0.32 0.31 -1.28
MS-LabDesc 109 0.89 0.22 0.43 0.29 -1.40

No Match (n=66)**

Note: Abbreviations: Acc=Accuracy, Prec=Precision, Rec=Recall. DS=Domain Specific,
MS=Mainstream, Lab=Labels, LabDesc=Label Descriptions. *Expert-coded count. **Unsuitable

for any theme.
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strategies, consistent with short-text sparsity, and should be interpreted qualitatively. Ta-
ble provides a summary comparison of accuracy and weighted F1 across all three prompt

strategies.

Table 8.4: Aggregate ZSC Performance Summary for Primary Themes

Prompt Avg Acc Macro F1 Weighted F1 Avg UMass Jaccard Avg Conf
DS-Lab 0.82 0.53 0.56 -1.49 0.36 0.82
MS-Lab 0.85 0.58 0.60 -1.41 0.41 0.86
MS-LabDesc 0.81 0.47 0.50 -1.42 0.35 0.88

Note: Abbreviations: Acc=Accuracy, Conf=Confidence. DS=Domain Specific, MS=Mainstream,
Lab=Labels, LabDesc=Label Descriptions.

8.4 Secondary Theme Analysis (Phase 2)

Secondary subthemes were analyzed for Questioning (n = 471 responses from Phase 1) and
Professionalism (n = 339 responses from Phase 1) to compare label-based and entailment-
based prompting. The exact prompt wording is provided in Tables[8.5 and [8:6] The Phase 2
pipeline is illustrated in Figure (Chapter 6).

8.4.1 Questioning Subthemes

Label prompting achieved higher F1 (0.91) than entailment (0.79) for the Productive Ques-
tioning subtheme and produced higher average F1 (0.71 vs 0.63) across all Questioning
subthemes despite similar accuracy. Table presents detailed performance metrics for

each Questioning subtheme.

8.4.2 Professionalism Subthemes

Label prompting slightly outperformed entailment prompting (mean F1: 0.68 vs 0.65). Pro-
ductive Attitude achieved the highest F1 with labels (0.81), while Unproductive Disruptions
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Table 8.5: Prompts for Secondary Themes: Questioning Behavior

Theme Type Prompt
Label Asking thoughtful and numerous questions that benefit
Productive Questioning
the entire class
Entailment This response describes productive questioning behavior
that benefits the entire class
Label Asking too many questions or questions only relevant to
Unproductive Questioning
one or a small group
Entailment This response describes unproductive questioning be-

havior that is disruptive or only benefits few

Table 8.6: Prompts for Secondary Themes: Professionalism Behaviors

Theme Type Prompt
Label Not causing disruptions in class by talking, playing
Avoiding Disruptions
video games, or other technology use
Entailment This response describes behavior that avoids classroom
disruptions
Label Being professional and civil to the professor
Professional Conduct
Entailment This response describes professional conduct toward
professors
Label Being friendly, helpful, positive, and polite to peers
Friendly Behavior
Entailment This response describes friendly and helpful behavior
toward peers
Label Avoiding condescending and complaining behaviors
Avoiding Negative Behavior
Entailment This response describes avoiding negative behaviors like

condescension or complaining
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Table 8.7: ZSC Performance for Secondary Themes: Questioning Behavior

Theme Prompt n Acc Prec Rec F1 UMass
Productive Label 375 086 093 090 091 -2.05
(n=350)* Entailment 350  0.87  0.73  0.86  0.79 -2.40
Unproductive  Label 96 085 047 053  0.50 1155
(0=77)"* Entailment 121 0.82 043 050 046 -2.03
Average
Label AT1 086 070 072 0.71 -1.80
Entailment 471 085 058 068 0.63 2.2

No Match (n=9)**

Note: Abbreviations: Acc=Accuracy, Prec=Precision, Rec=Recall. *Expert-coded count.

**Unsuitable for any theme.

remained the most challenging (label F'1 = 0.42). UMass coherence values were low across

both subsets, reflecting short-text sparsity. Table presents detailed performance metrics

for each Professionalism subtheme.

Across both Questioning and Professionalism subthemes, label-based prompting consis-

tently matched or outperformed entailment-based prompting, with simpler phrasing pro-

ducing more reliable classification for short educational text. Interpretation of these results,

including comparison with the discovery-first methods from Chapter 7, appears in Chap-

ter 9.
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Theme Prompt n Acc Prec Rec F1 UMass
Productive Label 61 0.80 0.62 0.66 0.64 -1.62
Conduct (n=41)* Entailment 38 084 069 071 0.70 170
Productive Label 48 0.90 0.76 0.86 0.81 -1.40
Attitude (n=48) Entailment 44 088 071 072 072 1.55
Unproductive Label 141 0.86 0.84 0.88 0.86 -1.75
Conduct (n=239)* Entailment 182 083 080 074 077 1.78
Unproductive Label 71 0.80 0.46 0.39 0.42 -1.60
Disruptions (n=23)" " poiailment 48 078 050 033 040 1.55
Average
Label 339 0.84 0.67 0.70 0.68 -1.59
Entailment 339 0.83 0.68 0.63 0.65 -1.65

No Match (n=15)**

Note: Abbreviations: Acc=Accuracy, Prec=Precision, Rec=Recall. *Expert-coded count.

**Unsuitable for any theme.
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Chapter 9
DISCUSSION

9.1 Introduction

This study explored how NLP-based topic modeling of short texts can bridge the gap be-
tween machine learning techniques and traditional thematic analysis of short texts asso-
ciated with education and education research. Five topic modeling techniques (k-means
clustering, LDA, LSA, NMF, and BERTopic) were applied with default parameters to three
datasets of short student responses exploring expectations for faculty, TA, and peer sup-
port, and compared to traditional thematic analysis conducted by a domain expert. A
second stage optimized hyperparameters for four methods after excluding LSA, and intro-
duced zero-shot classification (ZSC) as a themes-first alternative to unsupervised discovery.
Performance was evaluated using a wide range of internal and external metrics.

Overall, no single topic model consistently excelled in extracting topics from the three
datasets with high accuracy, reliability (F1-score), topic coherence, and theme ranking
(Table . While no one model fit all performance needs, several trends were observed in
performance that provide valuable guidance to practitioners who rely on qualitative data
analysis to guide their research, teaching, or other pursuits in education.

This chapter interprets those results. Method-by-method discussion traces each method’s
behavior under default parameters, explains why each method performed as it did, and then
examines what changed after optimization. Subsequent sections address how vectorization
choices shaped model behavior, evaluate ground truth considerations, compare discovery-
first and themes-first approaches on the peer support dataset, and close with evidence-based

recommendations for practitioners.
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Table 9.1: Best performing topic models by metric and dataset under default and optimized

parameters.
Metric Metric Faculty TA Support Peer Support
Type Support
Default Parameters (k-means, LDA, LSA, NMF, BERTopic)
Internal Single Coherence (Umass) BERTopic BERTopic LSA
Average Coherence (Umass) NMF k-means LSA
Variation in Coherence NMF LSA LSA
(Umass)
External Single Topic Accuracy k-means LSA LSA
Average Accuracy k-means NMF NMF
Variation in Accuracy BERTopic BERTopic LSA
Single Topic F1-Score k-means LSA LSA
Average F1-Score k-means NMF NMF
Variation in F1-Score BERTopic LDA NMF
Aggregate Topic/Theme Ranking k-means NMF NMF
Evaluation Approach 2 Approach 1 Approach 2
Approach
Optimized Parameters (k-means, LDA, NMF, BERTopic; LSA excluded)
Internal Single Coherence (Umass) k-means k-means k-means
Average Coherence (Unass) k-means k-means k-means
Variation in Coherence BERT-MPNet k-means LDA
(Umass)
External Single Topic Accuracy NMF k-means k-means
Average Accuracy BERT-MPNet BERT-MPNet BERT-MiniLM
Variation in Accuracy BERT-MiniLM BERT-MPNet BERT-MiniLM
Single Topic F1-Score NMF BERT-MPNet BERT-MiniLM
Average F1-Score BERT-MPNet BERT-MPNet BERT-MiniLM
Variation in F1-Score BERT-MPNet LDA LDA
Aggregate Topic/Theme Ranking k-means k-means k-means, NMF
Evaluation Approach 2 Approach 2 Approach 2
Approach

Note: Internal metrics assess cluster or topic structure without reference to ground truth. External metrics

measure alignment with expert-coded themes (Approach 1: model-led coding; Approach 2: expert-led

coding). Variation = most consistent performance across themes (smallest spread). BERT-MPNet =

BERTopic with MPNet embedding; BERT-MiniLM = BERTopic with MiniLM embedding.
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9.2 Method-by-Method Interpretation

9.2.1 k-means Clustering

In the analysis of topic models using each model’s default parameters, k-means clustering
served as the baseline partitioning and topic modeling method because it treated words
as words without regard to semantic or contextual relationships. The k-means technique
clusters documents based on distance in a vector space, is simple and computationally effi-
cient, but is sensitive to initial centroid placement and assumes spherical cluster shapes of
similar sizes. When textual data reflect more complex or indirect ideas such as those involv-
ing emotion, context, or multiple overlapping topics, k-means often splits related responses
across clusters or groups unrelated responses together, ignoring conceptual meaning in the
process.

Given these limitations, it is surprising how well k-means replicated the perspective
and assessments of the domain expert (Approach 2) with the Faculty Support dataset.
A closer look at the vocabulary associated with each of the three themes in this dataset
gives important insight into why. The words students used to describe their preferences
for how faculty should support them were very distinct across themes. The words “office
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hours,” “available,” and “email” almost exclusively belonged to the Interactions theme,

while “example,” “real world,” and “experience” uniquely signaled Examples and Experi-
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ence, and “teach,” “explain,” “lecture,” “resources,” and “organized” referred to Teaching
Practice. These distinct word choices form tight, well-separated clusters in TF-IDF vector
space, which is exactly what k-means optimizes. Furthermore, the fact that Faculty Sup-
port responses are longer on average (12 words) than those in the TA and Peer Support
datasets provided k-means with more lexical information per document, further supporting
its performance. Another more subtle performance advantage was k-means’ bias toward
the Teaching Practice theme, assigning approximately half of student responses to this cat-
egory. Since Teaching Practice is the majority class, this bias improved correct assignments
by chance. Such coincidental alignment cannot be relied upon in every dataset. Neverthe-

less, the success of k-means on the Faculty Support dataset and its corresponding struggle

on the Peer Support dataset illustrate a key point regarding model selection: more sophis-
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ticated models are not always better than simpler ones. More complex methods should be
used only when topics share substantial vocabulary and require decomposition, probabilistic
analysis, or pre-trained language models to separate.

Once topic model parameters were optimized, however, k-means produced mixed results
that reveal an important mismatch between internal cluster quality metrics and thematic
alignment. The optimized pipeline for k-means used counts-based vectorization (CV) with
PCA dimensionality reduction and L2 normalization, a configuration that scored highest on
silhouette and Calinski-Harabasz indices during the optimization of preprocessing for the
model. TF-IDF was used as the default vectorization in the initial analysis for k-means,
NMF, and LSA because it is the scikit-learn default and was described as the standard
baseline in Chapter Despite optimization, the accuracy of classifying faculty support
documents declined from 74.8% to 68.67% and macro-F1 fell sharply from 71.8% to 45.79%.
PCA projects documents onto the directions of maximum variance across the entire cor-
pus, which tends to capture the most frequently occurring vocabulary rather than the rare,
discriminative words that cleanly separate themes. In the default model, TF-IDF was used
to vectorize words in each document and in so doing, amplified theme-specific terms such
as “office hours” for the interactions theme and “real world” for the examples and expe-
rience theme. Replacing TF-IDF with counts-based vectorization and PCA discarded this
discriminative signal, producing clusters that were geometrically tighter but semantically
blurred. The fact that k-means forces each document into a single topic disproportionately
hurt the minority themes: once the preference that TF-IDF gave to interactions vocabulary
was removed, more responses were absorbed into the majority teaching practice topic. The
sharp macro-F1 decline reflects the concentration of errors in the two smaller themes.

In contrast, the accuracy of classifying peer support documents using the optimized k-
means model improved from 63.7% to 73.3% and for TA support from 62.3% to 69.87%
for the opposite reason. In both datasets, students used informal, overlapping vocabulary
where thematically relevant terms appeared frequently across responses. TF-IDF penalized
these high-frequency terms, thereby suppressing thematic cues that raw counts preserve.
The gain in cluster separation under the counts-based representation was substantial: the

Calinski-Harabasz index for peer support nearly doubled from 34.45 (TF-IDF) to 69.86
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(counts-based vectorization), and TA support rose from 32.74 to 56.07. Those separation
gains translated into accuracy gains because both datasets had low rates of multiple-topic
responses (6.86% for peer support, 11.7% for TA support). When most responses address
a single theme, better cluster separation converts directly into more correct assignments.
Faculty support faced an additional structural constraint: 26.5% of its responses addressed
multiple themes simultaneously (Table reported in Chapter|7)), and the rigid assignment
of each document to a single cluster cannot correctly classify a document that genuinely
spans two themes regardless of how well the cluster representation separates them. The
accuracy ceiling imposed by this incompatibility meant that removing TF-IDF’s rare-term
amplification produced a net loss rather than a gain.

These contrasting outcomes carry a practical implication: optimizing k-means based
on internal cluster metrics can improve performance when the default representation sup-
presses thematically relevant cues, but gains in cluster geometry cannot compensate for
rigid assignment (one topic per document) in datasets with high rates of multiple-topic
documents.

Another persistent limitation was consistent in both default and optimized models: the
Euclidean distance metric used by k-means to optimize cluster formation is sensitive to dif-
ferences in magnitude in high-dimensional text data, thereby causing clustering to weight
document length alongside semantic content. Since document length is largely irrelevant,
this characteristic of k-means can substantially compromise performance in classifying doc-

uments by topic/theme.

9.2.2  Latent Dirichlet Allocation (LDA)

LDA, a widely used topic modeling algorithm, represents each document as a mixture of
topics and each topic as a mixture of words. To do so, LDA relies heavily on the same
words occurring across multiple documents, making short texts prone to inaccurate topic
assignments. While this limitation likely affected LDA performance relative to other models,
other factors also contributed, since the dataset with the shortest texts (peer support)

produced the best LDA results in the default analysis. One possibility is that the improved
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performance of LDA on the peer support dataset resulted from the fact that fewer student
responses were ambiguous (5.89%) compared to the TA support (18.6%) and faculty support
datasets. Since LDA was constrained in this analysis to assign only a single topic to each
document and does not consider context, word sequence, or semantic information, topic
selection in ambiguous cases is effectively random, leading to errors compared to domain
expert assessment. A domain expert is better able to assess subtle differences in language
necessary to determine the dominance of a single topic when ambiguous language is in use,
an ability LDA lacks. While the lack of robustness in the face of ambiguity is a weakness
of LDA, it also provides guidance for model selection: when ambiguity in documents is
frequent, LDA should be avoided.

If ambiguity were the only factor contributing to LDA performance variation, a simple
decline in scores from the low-ambiguity peer support dataset to the higher-ambiguity fac-
ulty and TA support datasets would be expected. Since that monotonic decline was not
observed, other factors must have been at play. Prior research has noted that the reliability
and validity of LDA-derived topics can be limited when short responses provide sparse word
co-occurrence information. In this analysis, word co-occurrence was particularly frequent
in the peer support dataset, where the words “ask” and “questions” co-occurred in 60.6%
of the documents assigned to the Questioning theme. This strong co-occurrence produced
Fl-scores of 77.6% and 69.6% and accuracy of 77.5% and 75.3% for Approaches 1 and 2
respectively, underscoring the value of LDA when the same words are frequently used to
express similar ideas. The TA support dataset presented a different kind of challenge: the
three topics generated by LDA did not align with the three themes identified by the domain
expert, constraining Approach 2 evaluation to only two topics in that dataset.

Optimization of LDA showed the widest performance variation across datasets, with
accuracy spanning from 58.3% to 78.46%, illustrating a fundamental characteristic of the
method: hyperparameter tuning can only amplify what the co-occurrence structure of the
corpus already supports. Both alpha and beta were reduced toward sparser distributions
during optimization. Alpha controls how many topics dominate each document, and beta
controls how many words define each topic. For peer support, this worked well. The

three themes (Questioning, Civility, Interactions) are lexically distinct, and most responses



134

address a single concern in four to six words. Reducing alpha pushed LDA to assign each
document strongly to one topic, aligning model output more cleanly with how students
actually wrote. Peer support accuracy rose from 60.2% (default Approach 1) to 78.46%, a
gain of over 18 percentage points. Faculty support also improved, from 51.7% to 68.13%,
because reducing diffuse default distributions sharpened assignments in a dataset where
theme vocabularies, while not as distinctly separated as in peer support, are still reasonably
distinguishable by word co-occurrence. The improvement was bounded, however, by the
26.5% rate of multiple-topic responses in that dataset. LDA, like k-means, assigns each
document to a single topic by selecting the topic with the highest posterior probability;
responses that genuinely span two themes will be misclassified regardless of how precisely
alpha concentrates topic assignments.

TA support declined from 67.3% to 58.3% despite tuning both alpha and beta. This
result reveals the outer limit of what hyperparameter optimization can accomplish. The
difficulty in TA support is structural. The corpus’s word co-occurrence patterns naturally
produce topics corresponding to Q&A, availability, and teaching practice, not the three
themes the domain expert identified (interactions, examples and experience, and teaching
practice). Reducing alpha made each document’s topic assignment more decisive, but it
concentrated the model more strongly onto the wrong thematic structure. The frequency
analysis confirmed this: LDA assigned 516 responses to Examples and Experience against
135 expert-coded instances, merging documents where students requested “more worked
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examples in lecture,” “a TA available to answer example problems,” and “real-world expe-
rience in industry.” All three share the word “example” and co-occur in the same documents,
but each refers to a pedagogically distinct concern. No adjustment of alpha or beta can
teach LDA to distinguish these intent differences; that contextual awareness is beyond what
counts-based co-occurrence statistics can provide.

The divergence between coherence and accuracy observed in the default phase persisted
and sharpened after optimization. Faculty support achieved the strongest coherence (—2.12)
yet only moderate accuracy (68.13%), while peer support showed the opposite: weaker co-

herence (—2.67) but the highest accuracy (78.46%). In TA support, the optimized model

produced internally coherent topics that were structurally misaligned with the expert cod-
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ing. A high coherence score in this case would mislead a practitioner into accepting outputs
organized around the wrong thematic categories. When the intended thematic structure
diverges from what the corpus’s co-occurrence statistics naturally produce, optimization

tends to reinforce that divergence rather than correct it.

9.2.8 Matriz Factorization (LSA and NMF)

Unlike LDA, matrix factorization considers relationships between words by grouping words
that often appear together in documents. This approach goes beyond treating documents
as sets of words and provides elementary insight into the latent semantic structure of text.
Consideration of basic semantics was a major contributor to the fact that 63% of the best
performers in terms of internal and external performance metrics were matrix factorization

methods (NMF or LSA) in the default analysis.

Latent Semantic Analysis

Despite considering semantic meaning more so than k-means and LDA, LSA still struggles
with words that have multiple meanings. This vulnerability was demonstrated in the Fac-
ulty Support dataset in the Examples and Experience theme, where interrater reliability
(Cohen’s k) was worse than expected by chance (indicated by negative scores). Students
often used the word “examples” to express different ideas. Consider the following three

documents:

Go through lots of examples, and when they do, explain your thought process.

Have clear, focused lectures with supplementary materials such as lecture notes

and practice problems available.

To give abstract examples for topics before going to examples.

While all three documents refer to opportunities for practice or examples, only the first
is pedagogically related to the Examples and Experience theme, where teachers expose their
thought processes around problem-solving and gradually reduce scaffolding until students

can solve similar problems on their own. The remaining two refer to Teaching Practice with
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respect to how and what teachers present in lecture and how they supplement lectures with
readily available resources.

LSA also performed particularly poorly in classifying documents as Interactions in the
Faculty Support dataset, producing a large number of false negatives (missed responses)
as evidenced by recall scores of 12.1% and 13.7%. This poor recall is a direct consequence
of how LSA constructs its topic dimensions using singular value decomposition (SVD).
SVD requires its components to be mathematically orthogonal, which forces the weight
of each word to be distributed across multiple topic dimensions rather than concentrated
on a single dimension. The words “office” and “hour,” which together appeared in 41.8%
of Interactions documents but only 4% of documents belonging to other themes, are the
strongest indicators for the Interactions theme. However, these words appear so frequently
in the overall corpus that they are captured by the first SVD component, which represents
maximum variance and also corresponds to the Teaching Practice topic. As a result, LSA
assigns them substantial weight on both the Teaching Practice and Interactions dimensions.
This near-equal loading means that documents containing “office hours” are only marginally
more likely to be assigned to Interactions than to Teaching Practice, and in practice the
vast majority are absorbed into the larger Teaching Practice cluster: of 553 ground truth
Interactions documents, LSA misclassified 474 as Teaching Practice.

These limitations of LSA (its vulnerability to polysemy, the orthogonality constraint
that distributes high-frequency term weight across multiple dimensions, and its consistently
weaker performance on recall and reliability relative to NMF) were the primary basis for
excluding LSA from the optimized analysis and retaining NMF as the representative matrix

factorization method.

Non-Negative Matriz Factorization

NMF does not experience the multi-dimension loading problem described above because
its non-negativity constraint enforces sparsity. Each word concentrates its weight on the
single topic where it contributes most, causing “office” and “hour” to load exclusively on

the Interactions dimension with zero weight on all other components. This allows NMF to
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cleanly separate documents containing these words and produce recall scores substantially
higher than LSA for the Interactions theme. Poor recall scores that require such detailed
attention are typically confined to a single topic which, while not ideal, may limit the overall
impact of this problem.

NMF topic models decompose the document-term matrix into two non-negative matri-
ces, one representing topics and another representing word weights. Previous research has
suggested that this decomposition process produces more coherent topics than other tech-
niques. However, in the default analysis, statistical measures of topic coherence (UMass)
only partially supported this claim. Average coherence scores were worse than two other
models in the Peer Support and TA Support datasets. A qualitative evaluation of topic qual-
ity using top keywords contradicted the statistical scores. Keywords such as “ask, question,
answer, think, afraid” clearly point to not being afraid to ask and answer thoughtful ques-
tions, aligning with the Questioning theme. The same is true for “talk, participate, distract,
respectful, quiet” relating to civil behavior and aligning with the Civility theme, and “study,
group, help, willing, discussion” relating to collaboration and aligning with the Interactions
theme. The fact that qualitative evaluation indicated strong topic coherence while statis-
tical coherence did not strongly suggests that sensitivity to noise words in the documents,
not document sparsity or brevity, limited the accuracy of statistical coherence measures.
This contradiction underscores the need to include qualitative assessment of topic model
performance rather than relying exclusively on quantitative metrics.

Despite the cautionary tales regarding the confounding influence of multiple word mean-
ings (LSA) and noise words (NMF), matrix factorization methods dominated the perfor-
mance of topic models in the default analysis. While this superior performance can be
largely attributed to the consideration of basic semantics among words, it leaves open the
question of why BERTopic, which considers semantics at a more sophisticated level, did not
produce even better results.

After optimization, NMF produced the largest single improvement observed in the study.
Faculty Support accuracy rose from 59.1% (default Approach 2) to 76.76%, a gain of 17.7
percentage points, and macro-F1 improved from 59.5% to 62.82%. NMF’s additive struc-

ture, which decomposes each document as a weighted sum of topic components, was already
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a good match for Faculty Support, where 26.5% of responses addressed multiple themes.
Optimization sharpened that match in two ways. First, tuning the regularization parameter
made each topic definition more concentrated around its most characteristic words, reducing
noise-word contamination. Second, refined preprocessing, including domain-specific stop-
word removal, eliminated words that straddled themes without belonging exclusively to
either. This allowed the sparsity constraint to work with greater precision: “office” and
“hours” loaded even more exclusively onto the Interactions dimension, “example” and “real
world” concentrated onto Examples and Experience, and “lecture” and “explain” domi-
nated Teaching Practice. Teaching Practice achieved consistent F1-scores wherever it ap-
peared (69.75% in Faculty Support, 66.67% in TA Support), confirming that this theme’s
vocabulary is stable across datasets and well-suited to NMF’s sparse decomposition. The
Questioning theme in Peer Support reached 82.53% F1, similarly reflecting the precision of
the sparsity constraint when theme vocabularies are distinct.

The persistent limitation emerged in the Examples and Experience theme, where F1
swung from 62.81% in Faculty Support to 3.35% in TA Support. In Faculty Support, the
word “example” predominantly appeared where students requested concrete demonstra-
tions of problem-solving processes, so the non-negativity constraint cleanly concentrated
that word on one topic dimension. In TA Support, the same word appeared across all
three themes: students asking for “more worked examples in office hours” (Interactions),
“real-world examples to illustrate concepts” (Teaching Practice), and “practice example
problems” (Examples and Experience). When a word is genuinely multi-thematic in the
corpus, the sparsity constraint makes an allocation rather than a contextual judgment.
Optimization could not resolve this because the limitation lies in the information that five-

to-eight-word responses can provide about student intent, not in the model’s parameters.

9.2.4 Neural Networks (BERTopic)

While LSA and NMF rely on patterns determined by word co-occurrence to establish se-
mantic meaning, BERTopic goes a step further by taking into account words surrounding

other words (i.e., contextual embeddings) to determine meaning, and uses clustering to
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capture these deeper semantic relationships within text. In the default analysis, however,
BERTopic failed to deliver competitive results. These performance deficits do not reflect
inherent weaknesses of the neural approach. Rather, they underscore the need to select
appropriate scaffolding for BERTopic’s pipeline. In this analysis, k-means clustering was
substituted for HDBSCAN to ensure reproducibility and to fix the number of discovered top-
ics at three. While this choice was necessary for a fair one-for-one comparison among the five
topic models, this substitution minimized three essential capabilities available in BERTopic.
First, HDBSCAN identifies outliers, allowing documents that do not fit naturally into any
cluster to be set aside rather than forced into the nearest cluster regardless of semantic
distance. This is important for datasets containing documents with multiple topics or am-
biguous assignments, because such documents occupy boundary regions between clusters
and introduce noise when forced into a single topic. The Faculty Support and TA Support
datasets had much higher proportions of multiple-topic and ambiguous documents, lead-
ing directly to degraded performance compared to Peer Support results. Second, k-means
assumes clusters are spherical and of similar size, while UMAP’s dimensionality reduction
step intentionally produces irregular, density-varying cluster shapes that only HDBSCAN
is designed to detect. Replacing HDBSCAN with k-means discarded the density structure
that UMAP was specifically designed to preserve. Third, fixing k = 3 prevented BERTopic
from discovering the natural number of topics in the data. Under these constraints, default
BERTopic achieved only 54.4% accuracy on Faculty Support (Approach 2), 59.7% on TA
Support, and 64.2% on Peer Support.

Optimization introduced two embedding models evaluated within the same UMAP di-
mensionality reduction and k-means (k = 3) clustering framework, differing in both capacity
and training objective. All-MiniLM-L6-v2 (384 dimensions, 22.7 million parameters) was
pre-trained on shorter paired sentences with a mean-pooling objective that emphasizes over-
all sentence-level similarity. All-mpnet-base-v2 (768 dimensions, 109 million parameters)
was trained on a broader range of tasks including harder paraphrase detection, producing
representations that separate similar phrases more finely. Both models used UMAP for
dimensionality reduction and k-means with k& = 3 for clustering. None of the three archi-

tectural constraints identified in the default analysis were modified; the performance gains
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observed in optimization reflect the contribution of embedding quality within an otherwise
unchanged pipeline.

The choice of embedding model proved as consequential as the choice between BERTopic
and any traditional method. MiniLM dominated Peer Support (85.0% accuracy, 77.0%
macro-F1), where themes are well-separated and responses are short (median 5 words).
MiniLM’s compact space captured the most salient semantic relationships for these short
responses, grouping answers about “office hours,” “help sessions,” and “available time” into
the Interactions theme and linking communication channels such as “discord,” “zoom,”
“email,” and “breakout rooms,” compensating for the sparse lexical cues that limited counts-
based vectorization methods. When themes are more similar or responses longer (Faculty
Support averaged 12.0 words per response and TA Support 9.71, compared to 7.94 for
Peer Support), MiniLM’s pooling compresses away finer distinctions needed for separation.
MPNet outperformed MiniLM in Faculty Support (76.8% versus 72.6% accuracy; 65.7%
versus 58.6% macro-F1) and TA Support (70.3% versus 65.8% accuracy; 54.2% versus
45.5% macro-F1), where higher-capacity representations preserved those subtler distinc-
tions. Internal cluster quality metrics confirmed this: on TA Support, MPNet produced a
Calinski-Harabasz index of 3904.2 versus 2019.0 for MiniLLM, reflecting substantially tighter,
more separated clusters in the higher-dimensional space. The advantage reversed on Peer
Support, where the added capacity encoded more variation within themes than necessary,
separating responses that should have been grouped together. The 20.4 percentage-point
macro-F1 gap on Peer Support (77.0% for MiniLM versus 56.6% for MPNet) was the largest
difference between the two models across any dataset. Averaged across all datasets, MiniLM
(60.4% macro-F1) slightly outperformed MPNet (58.8%) despite having 4.8 times fewer pa-
rameters.

At the theme level, average UMass coherence scores added nuance to the accuracy results.
Both models achieved the strongest average coherence on Faculty Support (MiniLM —2.486,
MPNet —2.701), yet Faculty Support produced only moderate macro-F1 scores (58.6%
for MiniLM, 65.7% for MPNet). Peer Support showed the opposite pattern: MiniL.M’s
highest accuracy dataset produced weaker average coherence (—3.170). The Interactions

topic drove this divergence, recording a UMass score of —6.709, the weakest of any theme
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across any dataset in the study. Students addressing peer interaction used a wide range
of communication tools and meeting formats, producing a topic with statistically weak
word co-occurrence even while the embedding representation still classified those responses
correctly. The same coherence-accuracy inversion appeared on TA Support in the opposite
direction. The Examples and Experience topic for MiniLM produced the best coherence of
any TA Support theme (—1.928), yet F1 was only 27.7%, with precision as low as 17.1% and
topic frequencies approximately three times the expert-coded count. Statistical coherence
here reflects only that the words co-occur, not that the co-occurrence corresponds to the
intended theme.

Two limitations persisted across both embedding models. Retaining k-means with k£ = 3
for cross-method comparability meant HDBSCAN could not identify boundary documents
as outliers; responses that did not fit cleanly into any theme were still assigned to the
nearest cluster, introducing noise proportional to dataset ambiguity. The Examples and
Experience theme in TA Support remained the most resistant case across both phases of
analysis. Students requesting more worked examples in office hours, conceptual examples
in lecture, and practice example problems all produced semantically similar embeddings,
because pre-trained models encode surface meaning and lexical proximity rather than ped-
agogical intent. No change in embedding model resolved this, because the constraint is in
what five-to-eight-word responses can communicate about student intent, not in how the
model represents them. A sensitivity check using full HDBSCAN clustering with bigram to-
kenization confirmed the same three high-level themes in each dataset while revealing finer

subtopics, providing qualitative validation that the themes were robust across clustering

approaches (see Appendix |A.1]).

9.2.5 Zero-Shot Classification (ZSC)

Zero-shot classification approaches thematic analysis differently from the discovery-first
methods evaluated above. Rather than discovering patterns in the data and then inter-
preting them, ZSC begins with expert-defined themes and assigns each response directly.

The analysis applied ZSC to the Peer Support dataset, selected for its strong inter-rater
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agreement (kappa = 0.75) and low ambiguity (5.89%).

The BART-large-MNLI model used for ZSC is pre-trained on general text corpora, so
its semantic representations align with everyday language patterns rather than domain-
specific terminology. This had direct consequences for prompt design. The model mapped
student responses more reliably to labels such as “respect” than to “collegial conduct”
because the pre-training distribution contains far more instances of common words than
specialized educational terminology. Mainstream language prompts outperformed domain-
specific prompts across all themes, with a 3 percentage-point accuracy advantage (85%
versus 82%) and a 4-point weighted F1 advantage (60% versus 56%). This finding shows
that alignment with the model’s pre-training distribution matters more than terminological
precision for classification accuracy.

Adding descriptions to mainstream labels improved recall but lowered overall accuracy
(81%) and weighted F1 (50%). The lower Jaccard index (0.35) for description-enhanced
prompts confirmed weaker alignment with expert-coded themes. Broader descriptions in-
creased multi-label matches but reduced class separation, because extending a label’s defi-
nition allowed more responses to cross the 0.5 entailment threshold for secondary themes.
The simpler label-only approach preserved stricter boundaries between classes.

ZSC achieved 85% accuracy on Peer Support, equal to BERTopic MiniLM on that
metric and without requiring any training data. The lower macro-F1 (58.0% versus 77.0%
for BERTopic MiniLM) indicates that accuracy alone does not capture theme separation
quality. ZSC forms internally consistent label groups, achieving the highest within-label
UMass coherence (—1.41) across all methods, but misses the boundaries between themes
that BERTopic MiniLM separates more reliably.

At the primary theme level, Questioning (F1 = 74%) and Professionalism (F1 = 74%)
outperformed Collaboration (F1 = 65%) under mainstream labels. Professionalism ben-
efited from a behaviorally concrete vocabulary: students consistently used words such as
“respect,” “attentive,” and “distract,” which mapped cleanly to the mainstream label and
produced precision of 76% with recall of 72%. Questioning achieved similar performance
because it was the largest theme in the corpus (n = 428) and its vocabulary, centered on

“ask” and “questions,” was consistent across responses, giving the model strong evidence
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even when students phrased their ideas differently. Collaboration produced the lowest recall
(54%) and correspondingly lower F1. Students writing about collaborative peer support
often combined elements of asking for help and working together, using vocabulary that
overlapped with both Questioning and Professionalism. Because ZSC scores each label’s
entailment probability independently rather than treating labels as competing categories,
a response signaling collaborative intent but also mentioning asking questions can cross
the 0.5 threshold for Questioning and be assigned there instead of to Collaboration. This
independent scoring is the structural reason the 85% overall accuracy did not translate to
balanced macro-F1: the majority theme collected many correctly classified responses, while
Collaboration’s recall deficit and the near-absence of minority theme patterns in the model’s
pre-training distribution suppressed macro-F1 to 58%. The coherence advantage (average
UMass —1.41, best across all methods) reflects the same dynamic. Expert-defined themes
drew on more lexically consistent response sets than any unsupervised cluster, because cat-
egory membership was determined by pedagogical intent rather than word co-occurrence
statistics, producing tighter word-topic associations regardless of whether classification was
accurate.

A secondary analysis comparing label-based and entailment-based prompting found that
simpler prompts worked better. Label prompts outperformed entailment prompts for both
subthemes (average F1 of 0.71 versus 0.63 for Questioning; 0.68 versus 0.65 for Professional-
ism). For short educational text, concise prompts produced more reliable results than elab-
orated entailment phrasing. Elaborated phrases introduce vocabulary absent from student
responses, shifting the model’s entailment comparison toward the prompt’s own language
rather than the response content. In texts of five to eight words, this mismatch reduces the
probability assigned to the correct label and increases ambiguity across competing labels.

Three error patterns constrained ZSC performance. Under label-only prompts, multi-
label classification failed when entailment probabilities for secondary themes fell below the
0.5 threshold, producing false negatives where responses addressing two themes were as-
signed to only one. Description-enhanced prompts produced the opposite error: broader
definitions allowed more responses to cross the threshold for secondary themes, increasing

false positives and reducing class separation, as discussed above. Abstract themes were
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harder than concrete ones: the Unproductive Disruptions subtheme reached only 42% F1
despite a clear definition. Minority themes were consistently missed, with the Preparation
theme (n = 21) achieving only 29-37% F1 across prompt types. Without fine-tuning, the
model cannot learn patterns that are rare in its pre-training data. Expert review is still
needed for multi-theme responses, abstract concepts, and minority themes, even when a

themes-first approach is applied.
9.3 The Role of Vectorization in Topic Discovery

An important consideration that cuts across the model-by-model comparisons above is the
role of text vectorization in shaping topic discovery. In this analysis, LDA operated on raw
word counts (counts-based vectorization), k-means, LSA, and NMF operated on TF-IDF
representations in the default analysis, though k-means optimization subsequently substi-
tuted counts-based vectorization, a representation change whose effects on peer and TA
support performance are discussed in Section and BERTopic operated on contextual
embeddings from a pre-trained Sentence-BERT model. These are not interchangeable pre-
processing steps; each one determines what information the topic model has access to and,
consequently, what patterns it can detect. When comparing LDA to NMF or LSA, for
example, the observed performance differences reflect not only the mathematical properties
of the models themselves but also the advantage that TF-IDF confers over counts-based
vectorization in short-text settings. TF-IDF amplifies rare, discriminative words such as
“office” and “hours” while suppressing common words such as “class” and “help” that ap-
pear across all three themes, giving the model stronger signal from documents that may
contain only six to ten words. LDA, by contrast, treats every word occurrence equally,
leaving it with less discriminative information in sparse, short documents. This confound is
important to acknowledge: the consistently stronger performance of TF-IDF-based models
relative to LDA across all three datasets cannot be attributed to the topic model alone.
Contextual embeddings, as used in BERTopic, encode an additional layer of semantic
information by representing documents based on how and where words appear relative to
one another rather than simply which words are present. This feature is most valuable

when themes share substantial vocabulary and can only be distinguished by meaning rather
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than by the presence or absence of specific words. However, when the vocabulary associated
with each theme is already distinct, as in the Faculty Support dataset, the additional seman-
tic information offers little practical benefit over TF-IDF because the themes are already
well-separated in frequency-based vector space. Optimized NMF, operating on TF-IDF
representations, reached 76.76% accuracy on Faculty Support, a result nearly identical to
MPNet BERTopic at 76.8%, confirming that embedding-based representations provided no
measurable advantage when theme vocabularies were already well-separated. For practition-
ers, these observations suggest that vectorization should be treated as a deliberate design
decision rather than a default byproduct of model selection, and that the expected degree
of lexical overlap among themes in a given dataset should inform that decision alongside
the choice of model itself.

For BERTopic, the choice of embedding model replaces vectorization as the primary
representation decision. MiniLM’s compact 384-dimensional space worked well for clearly
separated themes in Peer Support, while MPNet’s richer 768-dimensional space helped
distinguish subtle thematic differences in the higher-ambiguity Faculty and TA Support
datasets. The choice between MiniLM and MPNet changed which groups of similar texts
the model captured and which errors it produced, a finding with direct implications for
practitioners selecting BERTopic for short-text analysis.

For zero-shot classification, label phrasing itself serves as the representation. Prompt
wording directly affects performance in the same way that TF-IDF term weighting affects
traditional methods: by emphasizing the features that best discriminate between categories.
Mainstream language that aligned with student vocabulary improved accuracy (85% versus
82% with domain-specific prompts), just as TF-IDF outperforms counts-based vectorization
by emphasizing discriminative features over common ones. Expert judgment in prompt
design becomes the defining representation choice for ZSC, giving researchers direct control

over how the model interprets text.
9.4 Ground Truth Considerations

The study used two approaches for calculating external performance metrics. The first

approach (Approach 1) was led by the topic model, where the top words from each topic
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were distilled into a list of keywords that enabled a domain expert to code the data manually.
The second approach (Approach 2) was human-led, where a domain expert coded the data
independently using only the optimal number of topics determined by the topic models as a
guide. The findings indicated that Approach 2 led to substantially better performance for
most models used to analyze the Faculty and Peer Support datasets. This result suggests
that topic models can identify pedagogically relevant themes and, while unexpected, adds to
existing literature that advocates for topic models to reduce the tedious and time-consuming
work involved in qualitative analysis of text-based data.

However, Approach 2 failed altogether in the analysis of TA Support data, telling a
cautionary tale about over-reliance on machine learning for language analysis. In the TA
Support data, the topic models produced topics that were misaligned with the themes iden-
tified by the domain expert. While the topic models generated topics corresponding to
Q&A, availability, and teaching practice (which absorbed Examples and Experience into
overall teaching practice), the domain expert identified themes of Interactions (combining
the Q&A and availability topics), Examples and Experience, and Teaching Practice. Thus,
while topic models can replicate themes assigned by domain experts using traditional anal-
ysis methods, topic-to-theme alignment is not guaranteed and must be supervised by a
human to avoid the largely erroneous results produced for TA Support.

The optimized analysis used Approach 2 exclusively, providing a consistent reference
point but also embedding the domain expert’s perspective into all evaluations. This means
the evaluation inherits the biases of the expert coding and can blur annotation limitations
with model error. Low precision scores in TA Support (as low as 17.1% for BERTopic
MiniLLM) may reflect boundary issues in the coding scheme as much as model shortcomings.
The interrater reliability scores (kappa values of 0.72 to 0.75 across datasets) provide confi-
dence that the expert coding was consistent, but they do not eliminate the possibility that
alternative thematic frameworks would produce different performance rankings. All auto-
mated methods depend on the quality of their reference categories: when ground truth has
clear, well-separated themes, all methods benefit; when it involves themes that overlap or
require contextual interpretation, the evaluation itself becomes more uncertain and model

rankings should be read with caution.
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9.5 Discovery-First versus Themes-First on Peer Support

The Peer Support dataset is the only corpus where all methods, both discovery-first and
themes-first, can be compared directly. BERTopic MiniLM and ZSC both achieved 85.0%
accuracy on this dataset, but their error profiles differed. BERTopic MiniLM produced
balanced theme separation (77.0% macro-F1), while ZSC achieved lower macro-F1 (58.0%)
despite matching overall accuracy. The gap between accuracy and macro-F1 indicates that
ZSC classified many responses correctly but struggled to distinguish between certain themes.
ZSC did produce the best within-label coherence (—1.41) across all methods, confirming
that expert-defined themes create more internally consistent groupings than unsupervised

discovery.

Table 9.2: Method comparison on peer support dataset: optimized models and ZSC.

Method Accuracy (%) Macro-F1 (%) UMass Coherence Theme Ranking
k-means 73.3 58.0 —2.29 Aligned
LDA 78.5 67.2 —2.67 Aligned
NMF 72.9 59.0 —3.94 Aligned
BERTopic (MiniLM) 85.0 77.0 —3.17 Aligned
BERTopic (MPNet) 70.7 56.6 —4.43 Partially Aligned
Zero-Shot (ZSC) 85.0 58.0 —1.41 Aligned

Note: Accuracy and macro-F1 measure alignment with expert-coded themes (Approach 2). UMass
coherence measures internal topic consistency (higher is better). Theme ranking indicates whether method

output aligns with expert-defined theme priorities. All topic model results are from the optimized analysis.

These complementary strengths suggest that the two approaches serve different analyt-
ical needs. Discovery-first methods are better suited for exploratory analysis when themes
are unknown or when the researcher wants the data to reveal unexpected patterns. ZSC is
better suited for confirmatory analysis when expert-defined categories are available and the
goal is to apply a known coding framework at scale. An important caveat is that ZSC was
evaluated only on Peer Support, the dataset with the lowest ambiguity and clearest thematic

boundaries. Whether ZSC would maintain its competitive accuracy on the more challenging
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Faculty Support (26.5% multi-topic responses) or TA Support (18.6% ambiguity) datasets

remains an open question and a direction for future work.
9.6 Implications

The results and discussion to this point have addressed the primary research question of this
comparative analysis: how do topic models based on NLP perform when applied to datasets
used for education research. The overall goal of this work, however, is to provide actionable
recommendations to practitioners (instructors, TAs, researchers, and other stakeholders)
for integrating NLP-based topic models into their work at all levels of education. While
neither the comparative analysis conducted here nor the prior literature can provide a
comprehensive set of recommendations for using NLP effectively, key insights have emerged,
summarized in Table It is important to note that all topic models in the default
analysis were baseline models, constructed in a way that enables one-for-one comparison
with minimal bias. The resulting recommendations are therefore starting points for analysis;
further optimization of the chosen model will only improve the value and performance of

results.

Table 9.3: Recommendations for using topic models in education practice.

I have a dataset (corpus) of Recommendation

documents and...

I have no idea what they are telling Process the documents with a simple topic model (k-means,

me. LDA) using the optimal number of topics determined by the
elbow method as well as fixed numbers of topics on either
side of this optimal number to explore the data using the

top n words for each topic or word clouds.

(continued on next page)
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Table 9.3 — continued

I have a dataset (corpus) of

documents and...

Recommendation

I want to quickly identify the
low-hanging fruit in my dataset so
I can spend my time focusing on
the documents that are more

difficult to interpret.

Process the documents with LDA using the optimal number
of topics determined by the elbow method. Generate word
clouds of the results and seek out frequent word
co-occurrences in the data (indicated by large font in the
word clouds). Use these word co-occurrences to fast-track

coding of documents that contain them.

I have looked at my data and
noticed that students/respondents
are using distinct (non-overlapping)
vocabularies to express different

ideas.

Process the documents with k-means using the optimal
number of topics determined by the elbow method as well as
fixed numbers of topics on either side of this optimal
number to enable identification of dominant topics in the
data. Align the topics with themes relevant to the research

question or task at hand.

While there seem to be a few
distinct patterns in the data, there
are subtle differences within
patterns that I am interested in

diving into.

Use BERTopic with UMAP dimensionality reduction and
HDBSCAN clustering to break the data down into as many
natural clusters as are relevant. Combine clusters via human
evaluation as necessary to find themes relevant to the
research question or task at hand. Choose all-MiniLM-L6-v2
for short responses with clearly separated themes; choose
all-mpnet-base-v2 when themes overlap or require more

contextual differentiation.

Students/respondents are using
similar but not the same words to

express the same ideas.

Process the data with a matrix factorization method (e.g.
NMF) using the optimal number of topics determined by the
elbow method to gain a basic idea of semantic similarity
across different documents. Advance to BERTopic if

granularity is insufficient to address the task at hand.

(continued on next page)
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Table 9.3 — continued

I have a dataset (corpus) of Recommendation

documents and...

Analysis of my data is worthless Process the data using NMF and the optimal number of
unless resulting topics or groups of  topics determined by the elbow method as well as fixed
documents have clear semantic numbers of topics on either side of this optimal number.
meaning. Adjust NMF parameters to optimize both statistical
coherence (e.g., Unmass) and qualitative coherence (human

evaluation of top words corresponding to each topic).

Although my documents tend to Process the data using LDA and the optimal number of
use the same sets of words topics determined by the elbow method. Filter out
frequently, I need to identify those ~ documents where one topic probability stands out (is much
documents that are ambiguous so I higher) than the others. Consider the remaining documents
can have multiple human ambiguous.

evaluators figure out what’s going

on with them.

I know my documents have outliers Use BERTopic with UMAP dimensionality reduction and

that are pretty much not HDBSCAN clustering to identify outliers. Manually
interpretable or irrelevant and I evaluate outliers for different types of anomalous behavior
want to filter those out before and eliminate documents from further analysis as desired.

proceeding with the more

meaningful documents.

My documents are very short and Avoid LDA. Use a matrix factorization method (e.g. NMF)
use a wide range of words (large to gain a basic understanding of how semantic meaning
vocabulary). differs among different topics. Advance to BERTopic if

results do not provide sufficient insight or granularity.

(continued on next page)
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Table 9.3 — continued

I have a dataset (corpus) of Recommendation

documents and...

I already know the themes I am Use zero-shot classification (ZSC) with a pre-trained

looking for and want to apply them entailment model (e.g. BART-large-MNLI). Use

at scale without manual coding. plain-language prompts that mirror how students express
concepts rather than domain-specific terminology. Keep
label descriptions brief to preserve class separation. Plan for
expert review of multi-theme responses, abstract concepts,
and minority themes, as ZSC performance degrades for

these cases without fine-tuning.

Note: this study used k-means within BERTopic to fix kK = 3 for cross-model comparison under default parameters.

Regardless of topic model type or optimization approach, this study has added to the
existing literature in cautioning against fully automated analysis of text-based data when a
high degree of rigor or performance is required. In these situations, which are very common
in education and education research, manual (human) intervention is not only desirable
but required to make sure that topic modelling does not lead the analysis astray and into
unacceptably erroneous conclusions. While short-text topic modeling is clearly a useful tool
in thematic (and other related qualitative) analyses of text, it is in no way a magic bullet
replacement for domain expert assessment. The frameworks for integrating human expertise

into automated workflows systematically are developed in Chapter 10.
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Chapter 10
HUMAN-IN-THE-LOOP INTERVENTION IN TOPIC MODELS

10.1 Introduction

Expert judgment at defined stages of thematic analysis improved topic model performance
on the three datasets examined in this study as evidenced by increases in macro-F1 of
up to 17.7 percentage points and increases in accuracy up to 9.3 percentage points. This
chapter documents where human-in-the-loop (HITL) judgment entered the workflow, what
decisions it drove, and how each decision connects to RQ2: How can a domain expert be
best integrated into the analysis of short educational research texts to improve the value and
accuracy of NLP methods?

Automated topic models find patterns by counting which words appear together most
often. In many settings this works well, but the student feedback regarding instructional
support used herein (and datasets with similar characteristics) have three problems that
word-counting alone cannot solve. First, students describe the same idea using different
words which impairs a model that groups responses by word overlap and treats synonymous
phrases as separate topics. Second, many responses cover more than one topic or theme in a
single answer; models that assign each response to exactly one topic consistently misclassify
these. Third, high-frequency domain words embedded in the survey prompts (e.g., students,
class, professor) appear in every topic-word list and make different topics look more similar
than they are. These problems mean that automated results alone are not sufficient to
determine which outputs are trustworthy; a domain expert is needed at targeted stages to
review model outputs, identify where they align with underlying, relevant meaning, and
correct where they do not.

Results from Chapters 7 and 8 show how much these problems affect model accuracy.
The k-means topic model exhibited a macro-Fl-score of 84.4% when classifying the ques-

tioning theme in the peer support dataset while the NMF topic model demonstrated a
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macro-F1-score of only 3.35% when classifying the examples and experience theme in the

TA support dataset. Figure shows this variation across all methods and datasets.
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Figure 10.1: Performance Volatility in Traditional Models (macro-F1, %)

A wide range of performance means a model that works well for one theme can fail
completely for another, even within the same dataset. Existing approaches address this
instability through targeted expert involvement at single points in the workflow.

Existing HITL research in educational feedback analysis clusters human involvement in
topic modeling into four patterns: expert review after modeling [107, 108 109], expert-
defined constraints before modeling [110} [IT1], interactive refinement during modeling [112],
113], [114], and supervised classification that requires predefined categories [115]. Each pat-
tern addresses one point in the workflow but leaves the rest unstructured. None of these
approaches distribute expert judgment across multiple stages, and few quantify how much
expert involvement improves model performance compared to a fully automated baseline
[26]. Table summarizes these limitations.

The approach to incorporating expert involvement in the topic modeling process used in
this dissertation is fundamentally different than existing approaches in that it does not serve
a topic model in isolation but rather uses topic modeling as an integral part of an accepted
approach to qualitative data analysis: thematic analysis. The thematic analysis process,

adapted with minor changes to the use of topic models, is shown in Figure Existing



154

Table 10.1: Thematic Analysis adapted for Natural Language Processing and HITL

Approach

Existing Research

How this framework addresses it

Post-model
validation

[107, [108]

Validates after modeling is complete;
cannot correct earlier modeling

errors; gains are not quantified

Expert input is present at every
stage; performance is measured at
each stage so validation informs

model choices

Pre-model

Requires predefined categories or seed

Supports open theme discovery;

constraints words; can limit discovery of validates impact with macro-F1 and
[110, 117 unexpected themes inter-rater reliability at each stage
Interactive Measures user interaction patterns Expert decisions are recorded at each
refinement and perceived usefulness rather than stage; accuracy is measured on
[112], 113] classification accuracy against a ground-truth datasets; process is
validated ground truth; expert reproducible
decisions are not documented; results
are difficult to replicate
Supervised Requires predefined categories; risks Enables open theme discovery while
learning missing emergent or unexpected maintaining validation rigor through

[115]

themes

inter-rater reliability
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HITL efforts tend to be concentrated in the “complete analysis” stage of thematic analysis;
in contrast, this study employs HITL at every stage across the full analytic process, rather

than concentrating expert involvement at a single correction point.

Data Preparation

~~

Familiarization <: Complete Analysis

~/ 1r

Identify
Topics

~~ 1t

Suggest Potential [:> Define Themes
Themes

Review Themes

Figure 10.2: Thematic Analysis framework adapted for Natural Language Processing and
HITL. The thematic analysis steps produce the verified ground truth codes used in the
Complete Analysis, where the full NLP pipeline runs with expert oversight at selected

stages.

The thematic analysis framework shown in Figure [10.2] is part of accepted and widely
used qualitative research methodology as described by Braun and Clarke [27]. When
adapted to the use of topic models to assist in the process, thematic analysis progresses

through seven stages, with the option for iteration to improve end results: data prepa-
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ration, familiarization, identifying candidate topics, suggesting themes, defining themes,
reviewing themes, and completing the analysis by classifying documents in a dataset with
the established themes. HITL intervention is valuable in each step to improve both the

performance and the rigor of the analysis.
10.2 Data Preparation

The analytic process begins with data preparation, the first of the seven thematic analysis
stages shown in Figure Short student responses present several characteristics that
require deliberate preprocessing before topic modeling. Responses are brief, often a single
sentence or brief phrase, which limits the word overlap information that traditional topic
models rely on. Students use informal language, colloquial abbreviations (e.g., “OH” for of-
fice hours, “HW” for homework), and discipline-specific vocabulary. Some responses address
more than one idea in a single sentence. Survey prompts also introduced high-frequency
role words (“professor,” “TA,” “student”) that appear in nearly every response but carry
no information about the type of support being requested.

The preprocessing pipeline addressed these characteristics through response-level filter-
ing, text normalization, and targeted stopword curation. Prompt-anchored role words were
removed; contractions were expanded to preserve negation (“don’t” became “do not”); mis-
spellings were corrected; abbreviations were expanded; and lemmatization was applied to
reduce inflected word forms. The full preprocessing specification (tools, rules, justifica-
tions, and before-and-after examples) is in Chapter 4. These decisions were fixed before any
topic model examined the data and applied consistently across all three datasets, ensuring
that observed performance differences in the Complete Analysis reflect algorithmic behavior

rather than preprocessing variation.
10.3 Familiarization

At a conceptual level, familiarization with text-based data focuses on becoming deeply and
thoroughly acquainted with the data. In traditional qualitative analysis practice, this step
involves a qualified human being (domain expert) reading and re-reading all of the docu-

ments within a data corpus as well as taking preliminary notes that include both observa-
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tions and impressions/insights. In traditional thematic analysis, familiarization is tedious,
time consuming, and vulnerable to bias because human beings invariably bring perspective
that is biased by their experience and training. Human beings are also vulnerable to bias
introduced by fatigue which invariably comes into play in large datasets. When NLP tools
like topic modeling are introduced to the process, however, familiarization can become much
more streamlined, thereby reducing fatigue, and in many cases, can reduce bias by reducing
the influence of how individual language use patterns may influence the human mind. Select

examples of using NLP tools for familiarization are described next.

10.3.1 Word Clouds for Data Visualization

Used frequently in topic models to visualize results, word clouds can also streamline the
familiarization process. For instance, a word cloud used to visualize an entire corpus can
give valuable insight into additional stopword removal or data preprocessing that can benefit
subsequent topic models. For instance, a word cloud of the entire peer support data corpus
after initial data cleaning and preprocessing (Figure [10.3n) illustrates that the corpus is
dominated by words such as “student,” “professor,” and “class.” While it is not surprising
that these words emerge frequently among student responses regarding their expectations
for peer support, they are not particularly useful for understanding how student responses
differ from one another. Removing these words provides more clarity into these differences
(Figure ) by enabling words like “ask” to join “question” at the forefront of the word
cloud and by presenting a larger range of words in a larger font for greater visibility.
Going a step further, a word cloud of an entire data corpus using bi-grams (pairs of
words) rather than single words can provide additional clarity about and insight into poten-
tial patterns of interest in the dataset. To illustrate this point, a bi-gram word cloud of the
peer support dataset is shown in Figure Some of the resulting (2,2) n-grams are obvious
(e.g., ask_question) while some are not particularly relevant (e.g., would_nice, feel like) and
others provide important context to the (1,1) word clouds (e.g., discussion_board, break-
out_room, pay_attention, relevant_question) and support further familiarization with the

data.
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Figure 10.3: Peer Support unigram word clouds: (a) after data preparation; (b) after

removal of low-value words.
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Figure 10.4: Peer Support bigram (2,2) word cloud.
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10.3.2 Additional HITL Insights from Familiarization

Word clouds and other data visualization tools borrowed from the natural language process-
ing community can streamline the familiarization step in thematic analysis and eliminate
the need for a human being to carefully read all documents in a corpus. For example, the
word clouds of the peer support dataset illustrated the dominance of how important it is
to students that their peers ask questions in class. Knowing this, a domain expert can jus-
tify scanning documents that refer to questions in a single pass, and reserve more in-depth
examination and multiple scans for documents whose characteristics are not as readily rec-
ognized. In the familiarization phase, however, the interaction of human and NLP tool is
bidirectional. NLP visualization tools help reduce the amount of time and effort a human
must invest in familiarization while the human also gains insight into how to improve the
efficiency of selecting and optimizing subsequent topic models. For example, in the process

of reviewing documents, HITL can:

1. Evaluate vocabulary diversity; more diversity (different ways of saying similar things)
ultimately points toward using a semantic embedding topic model (e.g., BERTopic,
ZSC) to classify the documents in the dataset, while a more limited vocabulary would
suggest the more computationally efficient frequency-based methods (LDA, NMF, k-

means) may be sufficient.

2. Estimate the prevalence of documents which contain more than one topic. High
incidences of multiple topics suggest the need for (a) using a model to complete the
classification/theme assignment analysis that makes room for multiple topics (e.g.,
LDA) or alternatively flags potential multiple topic responses for further analysis and
also (b) sets an expectation for reduced topic model accuracy and makes a case for
going beyond accuracy in evaluating performance. In this study, more than 20% of
TA support responses were flagged as multiple topics, thereby alerting the researcher
to expect lower accuracy across all methods in the dataset and informed the decision

to report macro-F1 alongside accuracy.

3. Gain an understanding of the proportion of documents in the dataset that are am-
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biguous. A high prevalence of ambiguity advises against the use of methods that seed
or predetermine the themes in the dataset (e.g., zero shot classification). In other
datasets where ambiguity is rare, such as the peer support dataset used in this study,

ZSC can be a powerful choice to classify documents (Chapter 8).

In summary, while no topic models per se are likely to be used in the data familiarization
step, the data visualization tools used by topic models prove useful not only for gaining initial
insight into what the data say but also for optimizing stopword curation, understanding
context of frequent words (e.g., via bigrams), and freeing up time and effort for a domain
expert to quantify additional characteristics of the data (e.g., vocabulary diversity) that

will be useful to complete the analysis in the thematic analysis cycle.
10.4 Identifying Candidate Topics

Preliminary topic models can be effectively used to identify candidate topics, determine the
appropriate number of topics for each dataset, and support subsequent HITL definition of

relevant and meaningful themes.

10.4.1  Preliminary Topic Models

To illustrate the usefulness of topic models in identifying candidate topics, preliminary LDA
models were run at k=2, 3, and 4 topics on the Peer Support dataset. Table shows the
top-10 words for each topic configuration.

These basic LDA models give insight into relevant topics present in the data including
but not limited to questioning (i.e., students desiring that their peers ask questions) and
collaboration (i.e., students desiring to work with one another). The model results across
different numbers of topics also provide important insight into the stability of topics. The
questioning topic emerges clearly regardless of the number of topics used in the model, while
other topics are more muddled. Highly stable topics require less HITL involvement in later
stages of thematic analysis while less stable topics will require more investment.

The stability of topics can also be explored using multiple topic models on the dataset

during the identification of candidate topics. For instance, when implementing preliminary
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Table 10.2: Preliminary LDA Topic Model Results: Peer Support Dataset

Configuration Topic

Top Ten Words

Topic 0 question, ask, help, think, time, good, group, people,
Two-Topic
study, answer
Topic 1 lecture, talk, discussion, participate, respectful, make,
distract, learn, sure, material
Topic 0 help, discussion, group, people, study, know, really, like,
Three-Topic willing, open
Topic 1 lecture, talk, participate, time, good, respectful, distract,
work, engage, helpful
Topic 2 question, ask, think, answer, make, learn, sure, material,
mute, understand
Topic 0 good, people, distract, really, helpful, open, problem,
zoom, attention, pay
Four-Topic
Topic 1 discussion, participate, time, answer, make, sure, chat,
mute, forum, lecture
Topic 2 talk, group, study, learn, work, engage, like, material,
feel, homework
Topic 3 question, ask, help, think, lecture, respectful, know, will-

ing, understand, need




162

topic models on the peer support dataset using both LDA and NMF, the questioning topic
again appears consistently across the two modeling methods, indicating that it is stable and
likely dominant in the underlying data. Across the two models, “respectful” is associated
with different behaviors related to: (a) talking and study groups according to LDA and
(b) talking and distractions in lecture according to NMF. In the first topic/word cloud, the
NMF model also points to studying together as a key component of collaboration among
peers while the LDA model lacks this clarity.

Applying the same preliminary modeling approach to the Faculty and TA Support
datasets produced a different set of candidate topics. For Faculty Support, three topics

W

appeared consistently: one anchored by “office,” “hours,” “email,” and “available” (sug-

gesting themes related to accessibility and direct communication); a second anchored by

7w ” W

“explain,” “clear,” “examples,” and “understand” (suggesting themes related to teaching
quality); and a third anchored by “practice,” “lab,” “hands-on,” and “project” (suggesting
themes related to applied learning). The TA Support dataset produced a closely parallel set
of topics, with the same three clusters emerging at k=3, and additional sub-topics appearing
at k=4 that split the teaching quality cluster into explanation style and pacing. Together,
the three datasets yielded a total of nine candidate topics prior to any expert-driven con-

solidation.
10.5 Suggesting Potential Themes

Topics do not always align with themes nor do multiple topics aggregate into themes. How-
ever, NLP offers some valuable tools for suggesting how alignment or aggregation might
proceed in thematic analysis. Based on the word cloud analysis and preliminary topic
model outputs, the expert moved from initial patterns to provisional conceptual labels,
identifying candidate theme names before any formal coding began.

The preliminary models consistently grouped responses around three clusters per dataset.
On Faculty and TA Support, one cluster emphasized communication and availability (words

7«

like “office,” “hours,” “answer,” “email”), a second emphasized instructional delivery (words

9w

like “explain,” “examples,” “clear”), and a third emphasized active and applied learning

(words like “practice,” “hands-on,” “lab”). On Peer Support, clusters organized around
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Figure 10.5: Preliminary three-topic model results for the Peer Support dataset: (a)—(c)
LDA: (d)(f) NMF.

time

participation and questions, respectful behavior, and collaborative support.

These groupings suggested three candidate themes for Faculty and TA Support (In-
teractions, Teaching Practice, and Examples and Experience) and three for Peer Support
(Questioning, Civility, and Peer Support). These labels were provisional at this stage; the
next step was to define their boundaries precisely and test whether independent coders

applied them consistently.

10.6 Define Themes

Preliminary topic models can be used to provide a range of topics that a domain expert can
then (a) use one-to-one as themes; (b) aggregate into themes; or (c) discard as irrelevant to
the thematic focus of the overall research design guiding the thematic analysis and use of
NLP tools and topic models in the analysis. Domain knowledge is required to distinguish
themes that are conceptually different. Experts reviewed candidate themes, assigned pre-
cise boundaries, and named each theme to capture what the underlying responses have in

cominon.
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10.6.1 Review Themes

In this study, themes were reviewed across three datasets to identify pedagogically similar
themes. Across faculty, TA, and peer support datasets, a domain expert reviewed the nine
themes resulting from the define themes stage of thematic analysis and consolidated them
into five themes conceptually aligned with teaching and learning.

This process requires expert judgment to determine whether terms referred to the same
instructional behavior or distinct dimensions of support, a distinction quantitative metrics
alone cannot capture. Weak topic associations were also examined to identify ideas that
automated clustering had missed. This extra HITL step recovered minority or less frequent
themes and prevented dominant patterns from overshadowing smaller but meaningful per-
spectives. For example, topics that both related to practical examples and hands-on experi-
ence were merged into one theme, examples and experience, showing how expert judgment
connects fragmented algorithmic outputs to meaningful educational themes.

Table shows how dataset-specific topics were consolidated into cross-cutting themes.
Faculty Support and TA Support collapsed into the same three themes: Interactions, Teach-
ing Practice, and Examples and Experience. Peer Support added two additional themes,

Questioning and Civility, reflecting the distinct nature of peer support experiences.

Table 10.3: Mapping of Algorithmic Topics to Expert-Interpreted Themes

Dataset Initial Topic (Algorithmic Output) — Final Theme (Expert-
Interpreted)
Topic 1: Office Hours & Communication —  Interactions

Faculty Support Topic 2: Lecture Delivery & Organization —  Teaching Practice

Topic 3: Examples & Practice Problems —  Examples & Experience
Topic 1: Availability & Help Sessions —  Interactions

TA Support Topic 2: Mentoring & Lab Guidance —  Teaching Practice
Topic 3: Quiz Materials & Examples —  Examples & Experience
Topic 1: Study Groups & Collaboration —  Interactions

Peer Support Topic 2: Asking Relevant Questions —  Questioning

Topic 3: Respectful Classroom Behavior —  Civility
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As a final step in reviewing themes, two independent (human) coders applied the defined
themes to 100 responses from each dataset (300 total) to test consistency of interpretation.
Cohen’s k was used because it adjusts for agreement expected by chance and is the standard
statistic for categorical coding reliability. Agreement levels across datasets were Faculty
Support (k = 0.74), TA Support (k = 0.72), and Peer Support (k = 0.75). These values fall
within the “substantial agreement” range on the Landis-Koch scale [106], confirming that
the expert-defined themes were interpretable and reproducible across coders.

Once reliability was confirmed, the primary expert coded all remaining responses to
create the reference dataset used for evaluating algorithmic predictions. Each topic and its
transformation were documented in an audit trail that recorded the source cluster, main
keywords, provisional labels, merge or split decisions, final theme assignment, and rationale,
making every interpretive step traceable and transparent. With x > 0.72 confirmed across
all three datasets, the verified theme codes were ready to serve as the reference for evaluating

the five NLP methods in the Complete Analysis.

10.7 Complete Analysis

Unlike most previous studies, this dissertation examined the role of a human being (HITL)
at all stages of thematic analysis. The six thematic steps preceding the complete analysis
step did not simply precede it but instead, played a substantial role in enabling it. Each
step added a layer:

e HITL in data preparation (including collection, cleaning, and preprocessing) estab-
lished a consistent corpus which highlighted words that had meaning to the task at

hand while minimizing or eliminating low-value words.

e Familiarization identified vocabulary patterns, multiple topic prevalence, and ambi-
guity rates that contributed to shaping method selection during the completion of the
analysis. NLP tools used during data familiarization also provided valuable insight

into topic stability.

e Identifying candidate topics used preliminary topic models that provided a broad range
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of potential codes and topics that could subsequently be aligned with or aggregated

into pedagogically (conceptually) meaningful themes.

e Hierarchical analysis tools in preliminary topic models provided important insights

into how topics could be combined into relevant themes.

e Defining and reviewing themes via HITL was made more accurate and insightful via

NLP tools used in prior steps of thematic analysis.

In short, insights gained by HITL at the first six stages of NLP-based thematic analysis
not only produced stable, meaningful themes for classification but also provided important
insights into how to configure and optimize the topic models in the final stages of analysis.
Before selecting and implementing a model for analysis completion, however, appropriate
metrics for capturing topic model performance that are aligned with the task or research

question at hand are necessary. These choices are described next.

10.7.1 Selecting Performance Metrics

Performance metrics for topic modeling divide into two categories based on whether a
ground truth is required. Internal metrics require no prior knowledge of topic labels and
can be computed directly from the corpus; they assess whether topics are coherent, stable,
and distinguishable. External metrics require a known ground truth (either human-coded
labels or an established classification) and measure how closely model outputs match that
reference.

Within these two categories, three classes correspond to the amount of human effort
required. Class A metrics are internal and fully automated: coherence scores (UMass, CV,
CNPMI) and topic stability measures are computed after every model run with no human
input. Class B metrics require a human to evaluate topic quality without a formal coded
dataset: an expert reads model outputs and judges whether topics are interpretable, non-
redundant, and correctly ordered. Class C metrics are external and quantitative: accuracy,
precision, recall, Fl-score, and inter-rater reliability (k) are computed from expert-coded

samples, typically 15-30% of the total response set.
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Class C metrics are preferred when topic modeling results will inform educational de-
cisions and a validated ground truth is available. Class A and the automated portion of
Class B suit early-stage model selection when no ground truth is available. Class B (expert-

driven) suits interpretability validation before committing to a coding scheme.

Table 10.4: Performance Metrics for Topic Modeling: Internal/External Classification and Educa-

tional Application

Metric Type Class When to Use Relevant Examples in
Education
UMass / CV Internal A To: (a) explore data; (b) Avoids building instruc-
Coherence Quant. to guide topic model op- tional decisions on inco-
timization herent topic structures;
surfaces whether student
feedback contains distin-
guishable patterns at all
Topic Stability  Internal A When results do not Prevents misleading pat-
Quant. make sense and major er- terns from driving instruc-
rors or spurious results tional decisions; confirms
are suspected the topic structure is con-
sistent enough to interpret
Topic Quality Internal B Validating that topics Ensures model-generated
Qual. are precise, distinguish- categories correspond to
able, and non-redundant meaningfully distinct stu-
dent experiences before
analysis proceeds
Topic Inter- Internal B Confirming that topic Validates that topic-word
pretability Qual. words connect to the re- distributions describe rec-

search goal

ognizable student experi-
ences, not statistical arti-

facts

Continued on next page
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Metric Type Class When to Use Relevant Examples in
Education
Topic Diversity Internal B Assessing whether topics Prevents dominant topics
Qual. capture the full range of from obscuring minority
ideas in the corpus perspectives; ensures the
full range of student con-
cerns is represented
Word Intrusion Internal B Blind test of topic coher- Catches topics that look
Qual. ence: evaluator identifies statistically valid but do
a planted outlier word not describe a coherent
student experience, before
those topics inform in-
structional change
Direct Label External B Comparing expert- Reveals whether model-
Comparison Qual. assigned labels to model- assigned categories align
assigned labels without with how an education
numerical scoring expert would naturally
group student responses
LLM Proxy External B Using an LLM to gener- Rapid diagnostic check
Comparison Qual. ate keywords for sampled of topic alignment when
documents and compar- expert time is limited;
ing to model topics identifies clusters that do
not represent recognizable
student concerns
Accuracy External C Overall classification cor- Supports selection of the
Quant. rectness; cross-method best-performing method
comparison for classifying student

feedback when the goal

is  broad instructional
improvement across all
themes

Continued on next page
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Metric Type Class When to Use Relevant Examples in
Education
Precision External C Minimizing false posi- Scholarship  evaluation:
Quant. tives when misclassifica- falsely ranking a student
tion is costly as a top candidate denies
the award to a more
qualified applicant
Recall External C Minimizing false nega- At-risk detection: failing
Quant. tives when missing a case to flag a student who
is costly signals academic difficulty
delays intervention
Macro-F1 External C Balanced performance Ensures that minority
Quant. across themes; minority themes in student feed-
theme coverage essential back receive equal weight
in evaluation, preventing
dominant topics from
masking gaps in coverage
Topic Ranking  External C Confirming topic fre- Confirms that model-
Quant. quency order matches identified themes reflect
expert or ground-truth what students actually
prevalence emphasized most, directly
informing where instruc-
tional resources should be
directed
Inter-Rater Re- External C Confirming that expert Establishes that expert-
liability (k) Quant. codes provide reliable coded themes are reliably

ground truth

interpretable before using
them as ground truth for

educational decisions

Defining metrics before modeling begins is itself a HITL decision. A research question that asks

“Which method classifies responses most accurately overall?” calls

for accuracy. A question that
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asks “Which method best captures all themes students express?” calls for Fl-score and recall. The
same methods rank differently depending on which metric is used, so choosing the wrong metric can

lead to the wrong method recommendation.

When to Use Internal Metrics (Class A and Class B)

Class A internal metrics (coherence scores such as UMass and CV, and topic stability measures)
require no ground truth and can be computed automatically after every model run. They are
the appropriate choice during early-stage exploration when no human-coded reference exists, when
comparing alternative parameter settings within a single method, or when assessing whether topics
are mathematically coherent before investing expert effort in evaluation. Coherence scores should be
treated as diagnostic tools rather than final judgments; a high coherence score does not guarantee
that topics are educationally meaningful.

Class B metrics require a domain expert to evaluate topic quality directly, without a formal coded
dataset. The expert reads topic-word distributions and assesses whether topics are interpretable,
non-redundant, and correctly ordered relative to the research question. Class B is appropriate when
a validated ground truth is not yet available, when checking that model outputs make sense before
proceeding to inter-rater coding, or when diagnosing whether a parameter change improved topic
coherence in ways that quantitative scores do not capture. Class B precedes Class C: expert review

of topics should confirm interpretability before coding effort is invested.

Choosing a Ground Truth for External Metrics

When one or more performance metrics is external, the analysis depends on a reference dataset
against which model outputs are measured. This reference must be established before any NLP
method runs, or the comparison will lack a stable baseline. As established in the Review Themes
section, the verified theme codes with k = 0.72-0.75 across three datasets serve as the ground
truth for this study. When researchers cannot establish a validated ground truth before modeling,

evaluation should be restricted to Class A and Class B metrics.

When to Prioritize Accuracy

Accuracy measures the overall proportion of correctly classified responses. It is the appropriate
primary metric when the research question focuses on comparative method performance across a
dataset, or when all themes carry equal weight in the decision. However, accuracy can mask im-

portant differences: two methods can match in overall accuracy while differing substantially in how
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well they handle each theme. Theme-level metrics should supplement accuracy whenever research

questions address theme-specific performance (Chapter 7).

When to Prioritize Precision

Precision measures the proportion of model-assigned theme labels that are actually correct: of all
responses the model assigned to a given theme, how many truly belong there? Precision is the
appropriate primary metric when the cost of false positives is high: incorrectly assigning a response
to a category leads to inappropriate action, wasted resources, or harm to individuals.

Two educational contexts illustrate high false-positive cost. In merit scholarship evaluation, a
model that falsely identifies a student as a top candidate for a competitive award not only misallocates
funding but denies the opportunity to a more qualified applicant. In fixed-capacity honors program
admissions, a false positive takes a seat from a deserving candidate who is then excluded. In both
cases, the harm from the misclassification falls on a third party, and the error cannot be easily
corrected after the decision is made. These contexts require precision to be verified before results
inform policy.

Per-theme precision, not just aggregate precision, must be verified before model outputs are
used to guide educational decisions. Aggregate precision can remain acceptable while a single theme
is largely invented by the model, directing resources toward a pattern that does not reflect actual

student experience.

When to Prioritize Recall

Recall measures the proportion of actual theme instances that the model correctly identifies. Recall
is the appropriate primary metric when missing themes is costly, when research questions focus on
coverage, or when identifying all instances of a theme matters more than avoiding false positives.
High accuracy with low recall indicates that the model captured dominant themes while systemati-
cally missing smaller ones; this pattern appeared in the ZSC results on Peer Support, where strong

overall accuracy masked notably low recall on a minority subtheme (Chapter 8).

When to Prioritize F'1-Score

F1-score is the harmonic mean of precision and recall, accounting for both false positives and false
negatives. It is the appropriate primary metric when research questions target theme-level clas-

sification quality, when themes carry different importance, or when using either false positives or



172

false negatives alone as the criterion would produce a misleading ranking. The comparative analy-
sis showed substantial F1 variation across methods and datasets, even when accuracy was similar

(Chapter 7).

When to Prioritize Macro-F1

Macro-F1 averages F1 equally across all themes regardless of theme size, making it more sensitive
to minority theme failures than weighted F1 (which favors dominant themes). Macro-F1 is the ap-
propriate primary metric when research questions address theme balance or equity across themes,
or when missing a smaller theme is as consequential as misclassifying the dominant one. In edu-
cational settings where minority voices (such as students with accessibility needs or students from
underrepresented groups) may cluster into smaller themes, macro-F1 ensures those themes are not

overlooked by a metric that rewards overall accuracy.

When to Prioritize Topic Ranking

Topic ranking measures whether model outputs align with expert-defined theme priorities or preva-
lence. It is the appropriate primary metric when research questions ask whether model-identified
themes reflect the relative prevalence of issues that respondents actually express. A model that
achieves acceptable accuracy may still fail topic ranking by assigning high salience to a minor theme
or by suppressing the dominant theme. The educational stakes are direct: if a model ranks a sec-
ondary concern as the primary theme, instructors and administrators invest in the wrong area while
actual barriers remain unaddressed. The comparative analysis confirmed this pattern: BERTopic
MPNet achieved high accuracy on Faculty Support but still failed theme ranking alignment on both
Faculty and TA Support, producing statistically coherent clusters that did not match expert-defined
theme priorities (Chapter 7). Topic ranking must therefore be validated against expert judgment

before results inform instructional change.

When to Use Inter-Rater Reliability

Inter-rater reliability (k) is the appropriate metric when external (Class C) metrics will be used to
evaluate model outputs and a human-coded ground truth has been established. Before any external
metric can be meaningfully interpreted, the ground truth itself must be verified as consistently
applied. A ground truth coded by a single researcher, or by multiple coders who disagree frequently,
introduces noise into every downstream metric. x must be established before modeling begins; its

role in this study is described in the Review Themes section.
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Selecting Multiple Metrics: A Balanced Approach

Research questions that address method performance broadly require multiple metrics: overall cor-
rectness (accuracy), theme-level balance (Fl-score), and alignment with expert priorities (topic
ranking). Each dimension captures something the others miss, and using only one metric can lead to
false conclusions about which method is best. In this study, two methods matched in accuracy but
differed substantially in macro-F1; another matched in accuracy but failed topic ranking; full details
are in Chapters 7 and 8. Defining consistent metrics before modeling begins creates a foundation
for fair cross-method comparison and connects later performance improvements directly to specific

research questions.

10.7.2  Selecting a Topic Model

Method performance varies substantially based on dataset characteristics, and expert review of
sample responses identifies the relevant patterns before any model runs. The comparative analysis
in Chapters 7 and 8 provides the empirical basis: the same method that performs well on one dataset
can perform poorly on another, a gap driven by dataset characteristics rather than method failure.

Five characteristics drive method selection. Reviewing a random sample of 30-50 responses per

dataset is sufficient to assess each:

1. Vocabulary diversity. Do different respondents use different words to describe the same
concept? High diversity (synonymous expressions across responses) favors semantic embedding
methods (BERTopic, ZSC) over frequency-based methods (LDA, NMF, k-means), which rely
on lexical co-occurrence. Low diversity, where a small shared vocabulary dominates, makes

frequency-based methods viable.

2. Ambiguity rate. What proportion of responses address more than one theme within a
single answer? Rates above 20% indicate that hard-assignment models will misclassify multi-
theme responses. Mixed-membership models (LDA, NMF) tolerate ambiguity better than
hard-assignment models (k-means). When ambiguity exceeds 30%, no unsupervised method

reliably separates themes without post-hoc expert correction.

3. Mean response length. Are responses short (under 15 words) or longer? Short responses
provide limited word overlap information, which reduces the advantage of frequency-based
methods and narrows performance differences across methods. BERTopic MiniLM handles

short responses well; BERTopic MPNet benefits from longer context.
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4. Domain terminology density. How frequently do responses use terms specific to the insti-
tutional or disciplinary context (e.g., role labels, course-specific vocabulary) that carry little
thematic meaning? High domain terminology density requires targeted stopword curation be-
fore any method will produce clean topics. If domain terms are not removed, they dominate

topic-word distributions regardless of method choice.

5. Theme stability across preliminary runs. Do preliminary LDA topic-word distributions
change substantially across runs with the same k? Unstable topics (major keyword shuffles
between runs) indicate high ambiguity or insufficient word overlap, and suggest that neural
methods or ZSC (which do not depend on co-occurrence frequency) may outperform traditional

models.

These observations feed directly into Table which maps each characteristic to a recom-
mended method, an empirical basis from this study, and a caution.

For example, when responses are short with clear themes, both frequency-based methods and
BERTopic MiniLM perform well. When vocabulary diversity is present, semantic methods are rec-
ommended. When multi-theme rates are high, mixed-membership models or human post-processing
are needed.

Expert judgment is needed to interpret these characteristics and apply them to new datasets.
The table provides guidance, but researchers must assess their own data characteristics through the
five-point review above before determining which recommendations apply. The five characteristics
are not independent: high vocabulary diversity and high ambiguity rate together are a strong reason
to avoid k-means and to weight BERTopic or ZSC higher in the selection. Low vocabulary diversity
with short responses and low ambiguity (the Peer Support profile) opens the field to all methods

and makes quantitative performance the deciding criterion.

10.7.8  Working with a Topic Model

Text representation selection is the preprocessing decision that directly shapes how each method
processes the text. This decision is made before the optimization loops begin and applied consistently

across all three datasets. Full descriptions of each algorithm are provided in Chapter 6.

Text Representation

Text representation is the second preprocessing decision shaped by expert input. The choice of

representation determines what information is available to the algorithm: frequency counts, term



175

Table 10.5: Model Selection Guidance Based on Dataset Characteristics

Dataset Char- Traditional Methods Neural Methods Zero-Shot Classifica-
acteristic tion

Short text, LDA recommended BERTopic MiniLM Use when: Themes al-
clear themes (78.5% accuracy) recommended  (85.0% ready defined

(5-8 words, dis- Cannot group responses accuracy) Requires testing and im-

tinct boundaries)

that use different words

but mean the same thing

May combine themes that

proving prompts

Multi-topic re-
sponses
(>20% multi-

topic)

NMF with TF-IDF
(76.8% accuracy)
Can assign responses to

multiple themes

sound similar but are
different
BERTopic MPNet

(70.3% accuracy)
Assigns each response to

only one theme

Limited: Assigns one la-
bel per response
Requires design to handle

multiple themes

High ambiguity
(Abstract
themes, context-

dependent)

Baseline only (58-70%
accuracy )

Word meaning depends
on context, which limits

these methods

Use with caution (54—
70% accuracy)
Requires expert review af-

ter analysis

Use when: Theme
framework is stable

Expert review is essential

Predefined
themes avail-

able

Not ideal: Discovers top-
ics first, requires mapping

to themes after analysis

Not ideal: Discovers top-
ics first, requires mapping

to themes after analysis

Recommended: Classi-
fies directly into themes
(85% accuracy)

Matches existing theme

categories

Note: Based on empirical results from this study’s datasets. Performance may vary with different

data characteristics.
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weights, or semantic vectors. For the three datasets in this study, the expert evaluated three criteria
before selecting a representation method: (1) whether the algorithm requires sparse or dense input,
(2) whether vocabulary diversity in the data would be captured by term frequency or requires
semantic encoding, and (3) whether consistent representation across all datasets was feasible.

LDA received counts-based vectorization because its multinomial formulation expects integer
word counts. NMF and k-means used TF-IDF as the default representation, since TF—IDF down-
weights terms that appear in nearly every response and emphasizes discriminative terms, reducing
noise from common support-role vocabulary. Counts-based vectorization would have treated high-
frequency common terms as equally informative, hiding the words that actually separate themes.
During k-means optimization, the expert evaluated counts-based vectorization against TF-IDF and
selected the representation that produced better cluster separation for each dataset, confirming that
the representation choice has measurable impact on model performance (see Chapter 7).

BERTopic received sentence-level embeddings from sentence-BERT [95]. Sentence embeddings
encode semantic relationships across the full response rather than treating each term independently,
which directly addresses the vocabulary diversity problem observed in Faculty and TA Support
responses. The expert selected MiniLM as the default embedding model for initial runs (lower com-
putational cost, better performance on short responses) and MPNet as the alternative for datasets
with longer or more varied sentence structures. The embedding model choice is itself an expert-
guided decision, documented in the BERTopic optimization workflow below.

Zero-shot classification uses raw text passed directly to the natural language inference model
(BART-large-MNLI). No preprocessing beyond tokenization is applied because the model was already
trained on vocabulary and context; additional vectorization would strip the information the model
needs to match responses to labels. The representation choice for ZSC is therefore fixed by the model
architecture, and the expert’s input focuses instead on label phrasing rather than vectorization.

These selections were applied consistently across all three datasets to ensure that representation

differences did not confound cross-method comparisons in Chapters 7 and 8.

k-means Vectorization and Configuration Optimization

k-means optimization targets three configuration choices: vectorization method, dimensionality re-
duction, and centroid normalization. Per-theme precision is the primary indicator alongside accuracy
and macro-F'1, because aggregate accuracy can remain stable while a single theme collapses. The
HITL role is to identify when per-theme precision fails even as aggregate accuracy looks acceptable,

and to select the configuration that best aligns with the dataset’s vocabulary structure.
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iz0MNAN — Human-in-the-Loop decision point FINIAMEE = Automated step

Pre-Loop Setup

[HITL] Step 1: Assess Data Characteristics

[HITL] Step 2: Select Priority Performance Metrics

Select 1-3 metri

1

ics before modeling begins; see the Selecting Performance Metrics

section. Define

metrics based on the research question, not after results are known.

Optimization Loop (repeat until accepted)

[NLP] Step 3: Run K-means with Default Configuration

TF-IDF vectorization, k-means++ initialization, k = 3; no dimensionality reduction; no L2 nor-

malization

[NLP] Step 4: Calculate Per-Theme Performance Metrics

Calculate the metrics selected in Step 2; record baseline values.

[HITL] Step 5: Review Vectorization Method

Examine: (1) per-theme pre

sion by theme; (2) feature space characteristics (term frequency dis-

tribution, IDF weight distribution); (3) sample responses from the lowest-precision theme

Decision

Switch to counts-

based vectorization

Keep TF-IDF

Observation

Per-theme precision: lowest theme be-
low your target threshold. Feature
space: TF-IDF IDF weights heav-
ily penalize terms that appear fre-
quently within one theme but across
many responses corpus-wide. Sam-
ple responses: thematic keywords for
the low-precision theme are under-
represented in the feature space.

Per-theme precision meets target for
all themes; vocabulary is discriminative

across themes and response lengths are

consistent.

Action / Evidence

Switch to counts-based vectorization.
This reduces IDF-driven suppression
of thematic vocabulary when themes

share high-frequency terms.

Keep TF-IDF.
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[HITL] Step 6: Review Dimensionality Reduction

: (1) macro-F1 stability across repeated runs (high variance indicates noisy feature space);

(2) vocabulary size after stopword removal; (3) centroid separation across themes

Decision Observation Action / Evidence

Apply PCA Macro-F1 varies noticeably across re- Apply PCA to reduce feature space
peated runs. Feature space is high- noise before centroid computation.
dimensional and sparse after stopword
removal; centroid positions shift be-
tween runs.

No PCA Macro-F1 stable across runs; vocabu- No PCA.
lary space is already compact after pre-

processing.

[HITL] Step 7: Review Centroid Normalization
Ezamine: (1) per-theme precision; (2) theme cluster sizes (whether one cluster dominates); (3)

high-frequency vocabulary in centroid word lists

Decision Observation Action / Evidence

Apply L2 normaliza- Per-theme precision: one theme still Apply L2 normalization (scales each
tion below target despite vectorization and response vector to unit length before
PCA adjustments. Theme cluster cluster assignment; prevents large clus-
sizes: one cluster absorbs dispropor- ters from dominating centroid posi-
tionately many responses, pulling the tions).
centroid toward high-frequency generic
vocabulary.
No L2 normalization Per-theme precision acceptable; cluster No L2 normalization.
sizes balanced across themes.
4
[NLP] Step 8: Run K-means with Revised Configuration

Apply revised vectorization, dimensionality reduction, and normalization decisions; keep k = 3

[NLP] Step 9: Calculate Performance Metrics

Calculate selected metrics; compare to baseline from Step 4.
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¢ EVALUATE: Metrics improved AND topics remain qualitatively
interpretable? ¢

NO: Return to Step 3

Revise one configuration decision at a time

and re-run. If per-theme precision consis-

YES tently fails to improve for a given theme,

Accept optimized configuration. Proceed to check the ambiguity rate from Step 1: k-
Step 10: Select Optimal K-means Configura- means assigns each response to exactly one
tion. cluster, and no configuration resolves gen-
uinely multi-theme responses. Document as
a data structure limitation and proceed to

Step 10.

Post-Loop
[HITL] Step 10: Select Optimal K-means Configuration

Record final vectorization method, dimensionality reduction decision, normalization decision, and

the per-theme precision that drove each choice

The expert evaluates vectorization choices (counts-based vs. TF-IDF) based on the vocabulary
diversity pattern observed during familiarization. When themes are lexically distinct and word
overlap between themes is low, counts-based vectorization with PCA and L2 normalization tends
to produce better cluster separation. When discriminative terms are rare but meaningful, TF-
IDF amplifies those terms and performs better. Because no single configuration generalizes across
datasets, the expert reviews per-theme metrics after each run to confirm which configuration to
keep. Ambiguity rates above 20% are documented as a data structure limit: k-means assigns each
response to exactly one cluster, which cannot correctly handle responses that genuinely cover two

themes, and no configuration change resolves that structural constraint.

LDA Hyperparameter Optimization

Once k is fixed at 3 (validated in Section7 LDA optimization focuses on two hyperparameters:
« (document-topic concentration) and S (topic-word concentration). Alpha is adjusted before beta;
adjusting them simultaneously obscures the source of any performance change. UMass coherence
serves as the internal check because it uses document-level co-occurrence probabilities that match

the TF-IDF representation and can be computed after every run without additional human input.
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iz0MNAN — Human-in-the-Loop decision point FINIAMEE = Automated step

Pre-Loop Setup

[HITL] Step 1: Assess Data Characteristics

1
[HITL] Step 2: Identify Priority Performance Metrics
Select 1-3 metrics before modeling begins; see the Selecting Performance Metrics section. Define

metrics based on the research question, not after results are known.

Optimization Loop (repeat until accepted)
[NLP] Step 3: Run LDA with Default Parameters
Symmetric « = 1/k~0.33, =01, k=3

[NLP] Step 4: Calculate Performance Metrics

Calculate the metrics selected in Step 2; record baseline values.

[HITL] Step 5: Alpha (o) Tuning

Ezamine: (1) performance metrics (accuracy, macro-F1); (2) topic-document distribution (how

evenly topics are assigned across responses); (3) sample responses per topic (read 10-15 responses
per topic to check theme alignment). Use ambiguity rate from Step 1 to determine which row below

applies before examining the distribution.
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Decision Observation Action / Evidence

Decrease « Performance metrics: macro-F1 be- Set o — 0.01-0.10 (sparse); tighter

low target; per-theme F1 varies widely per-document distributions help sepa-
across themes. Topic-document distri- rate themes when vocabulary overlap is
bution: diffuse: most responses show low and most responses address a single
near-equal probability across all top- theme.
ics with no clear dominant assignment.
Sample responses: responses assigned
to one topic contain vocabulary char-
acteristic of two or more themes. Data
characteristics (Step 1): ambiguity rate
below 15%; vocabulary diversity low or
medium.

Increase « Performance metrics: minority theme Set a — 0.5-1.0 (allows each response
recall low; macro-F1 low and per-theme to span multiple topics). Not applica-
F1 varies widely. Topic-document dis- ble to the three datasets in this study.
tribution: minority theme cluster un-
dersized relative to expected propor-
tion; dominant theme oversized. Sam-
ple responses: responses about minor-
ity themes assigned to the wrong topic
despite using vocabulary that clearly
belongs to that theme.

Keep a (do not tune) Data characteristics (Step 1): ambigu- Keep a at default (1/k); document
ity rate above 15%, indicating genuine as a data structure limitation. Forc-
multi-theme responses in the corpus. ing sparse assignments onto genuinely
Topic-document distribution: distribu- multi-theme responses reduces accu-
tion balance does not improve with racy without resolving the underlying
tuning; per-theme accuracy shifts with- overlap.
out a net gain across iterations. Sample
responses: multi-theme responses con-
firmed by reading; theme vocabulary
overlap is genuine, not a modeling ar-

tifact.



[HITL] Step 6: Beta () Tuning

: (1) performance met

1cs relative to base
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2) topic-word overlap (check whether top-10

words repeat across topics); (3) sample responses (confirm top words match how students actually

ex each theme)

Decision

Decrease

Increase 8

Observatio

Performance metrics: accuracy low
despite acceptable UMass coherence.
Topic-word overlap:  top-10 words
share more than 50% of terms across
two or more topics. Sample responses:
top words per topic do not align with
the vocabulary students use to describe
that theme.

Performance metrics: UMass coher-
ence low; per-theme F1 varies widely.
Topic-word distribution: topics frag-
mented; each topic contains only one
or two high-frequency keywords, too
sparse for stable word assignment.
Sample responses: top words per topic

do not form a coherent theme readable

by the expert.

Keep S (do not tune) Same high-ambiguity condition as «

Apply revi

(Step 5): ambiguity rate above 15%
from Step 1; or the a change alone
closed the accuracy gap and topic-word
overlap is already below 30%. Chang-

ing B as well would obscure which pa-

rameter drove the improvement.

!
[NLP] Step 7: Run LDA with New Parameters

Action / Evidence

Set 8 — 0.01-0.10 (sparse); tighter
per-topic word distributions reduce
word overlap between topics when

themes have distinct vocabulary.

Set  — 0.5-1.0 (allows words to

spread across topics).

Adjust « first; change § only if o ad-

justment is insufficient.

ed o and/or B; keep k = 3 (validated in the Complete Analysis section)
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[NLP] Step 8: Calculate Performance Metrics

Calculate selected metrics; compare to baseline from Step 4.

¢ EVALUATE: Metrics improved AND topics remain qualitatively
interpretable? ¢

NO: Return to Step 3

Revise parameters and re-run. If top prior-

ity performance metrics consistently fail to
YES improve after three iterations, the data char-
Accept optimized parameters. Proceed to acteristics identified in Step 1 (high ambigu-
Step 9: Select Optimal LDA Model. ity rate, genuine vocabulary overlap between

themes) are the binding constraint. Docu-

ment the limitation and proceed to Step 9.

Post-Loop
[HITL] Step 9: Select Optimal LDA Model

Record final o, B, k values and the rationale for each parameter choice; note which data charac-

teristic from Step 1 drove each tuning de

The expert adjusts alpha before beta to isolate the effect of each change. Sparse alpha con-
centrates each document’s topic distribution more tightly, which helps when themes are lexically
distinct but can hurt when responses draw vocabulary from multiple themes. The expert diagnoses
which situation applies by reading topic-word distributions and checking the ambiguity rate estab-
lished during familiarization. When the ambiguity rate is low and themes are well-separated, sparse
alpha improves performance; when responses genuinely span multiple themes, sparse alpha forces
single-topic assignments that the data does not support. This diagnosis—based on familiarization

data rather than the metric alone-determines whether alpha should be lowered or held at default.

NMF Regularization Optimization

NMF optimization targets two decisions: regularization strength (aw, ap) and domain stopword
curation. Default NMF applies no regularization, which allows word weights to spread freely across

topics and often produces topics with high word overlap. Expert review distinguishes whether
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overlap reflects genuine theme similarity or parameter underfitting before removing any term from
the vocabulary.

IEIMNAN = Human-in-the-Loop decision point JINIAME = Automated step

Pre-Loop Setup

[HITL] Step 1: Assess Data Characteristics

i
[HITL] Step 2: Select Priority Performance Metrics
Select 1-3 metrics before modeling begins; see the Selecting Performance Metrics section. Define

metrics based on the research question, not after results are known.

Optimization Loop (repeat until accepted)
[NLP] Step 3: Run NMF with Default Parameters

aw =0, ag =0, k=3;no regularization

[NLP] Step 4: Calculate Performance Metrics and Word Overlap
Calculate the metrics selected in Step 2; record top-10 word overlap across topic pairs as an indicator

of theme separation; record baseline values.

[HITL] Step 5: Review Regularization Strength

Ezamine: (1) top-10 word overlap percentage across all topic pairs; (2) performance metrics

baseline; (3) sample responses from each topic to check whether themes are distinguishable
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Decision Observation Action / Evidence

Increase regulariza- Word overlap: top-10 words share Increase aw and am (tested values:
tion (aw, an) more than 50% of terms across two or 0.1, 0.5); narrowing word weight dis-
more topic pairs. Performance met- tributions reduces artificial overlap be-
rics: macro-F1 low; accuracy below tween themes.
baseline. Sample responses: responses
from two different expert-coded themes
appear in the same NMF topic.

Decrease regulariza- Word overlap: acceptable; but topics Decrease aw and apg toward 0; al-
tion fragmented into narrow single-keyword lows word weights to spread more freely
clusters. Performance metrics: per- across topics.
theme F'1 collapses for minority theme;
coherence low. Sample responses: each
topic contains only one or two high-
frequency words; themes not readable.

Keep defaults Word overlap: below 30% across all Keep aw =0, ag = 0.
topic pairs. Performance metrics: ac-
curacy and macro-F1 meet the target

threshold.

[HITL] Step 6: Review Domain Stopwords

Ezamine: (1) top-5 words per topic after reqularization; (2) sample responses for any high-frequency

term appearing in multiple topics; determine whether that term is background vocabulary or a

genuine thematic signal




Decision Observation

Add term to stop- A domain term appears in the top-5

word list words of two or more topics despite reg-

ularization. Sample responses: term
appears regardless of which expert-
coded theme the response belongs to,

confirming it is background vocabulary.
Keep term Term appears in top-5 of one topic

only; sample responses confirm it

186

Action / Evidence

Add to stopword list; re-run full opti-
mization loop from Step 3. Caution:
verify the term is background vocab-
ulary before removing. If removing it
reduces performance, the term is gen-
uinely multi-thematic; document as a
data structure limitation.

Keep term; it carries signal for at least

one theme.

marks a specific theme and is not back-

ground noise.

[NLP] Step 7: Run NMF with New Parameters

Apply revised aw , ag, and updated stopword list; keep k = 3

[NLP] Step 8: Calculate Performance Metrics

Calculate selected metrics; compare to baseline from Step 4.

¢ EVALUATE: Metrics improved AND topics remain qualitatively
interpretable? ¢

NO: Return to Step 3
Revise regularization or stopwords and re-

YES run. If overlap persists despite regulariza-

Accept optimized configuration. Proceed to tion, check whether the overlapping terms
Step 9: Select Optimal NMF Configuration. are genuinely multi-thematic (as with “ex-
ample” in TA Support); if so, document as a
data structure limitation rather than a mod-

eling failure, and proceed to Step 9.

Post-Loop
[HITL] Step 9: Select Optimal NMF Configuration

and the word overlap observation that drove each

Record final ayw, ag, stopword additions, k,
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The expert reviews topic-word overlap after each regularization change to determine whether
overlap reflects genuine theme similarity or parameter underfitting. Increasing regularization nar-
rows the word profiles of each topic, reducing overlap between themes; when that overlap was
artificial, performance improves. However, when a word appears across multiple topics because it is
genuinely multi-thematic in the corpus—not because of underfitting—the expert must recognize this
as a data structure limit and stop iterating. For example, a word that appears consistently in the
top words of every topic likely reflects how students write rather than a modeling error; removing
it degrades performance because it was semantically central, not peripheral. The expert’s judgment
about whether to remove a term or accept it as multi-thematic is the decisive HITL input in NMF

optimization.

BERTopic Embedding and Cluster Parameter Optimization

BERTopic optimization begins with an embedding model selection that precedes the parameter
tuning loop, because the embedding model determines how responses are compared numerically
and this choice interacts with vocabulary diversity and response length in ways that HDBSCAN
adjustments alone cannot fix.

IEIMNAN = Human-in-the-Loop decision point JINIAME = Automated step

Pre-Loop Setup

[HITL] Step 1: Assess Data Characteristics

1
[HITL] Step 2: Select Embedding Model

Review data characteristics from Step 1 to select MiniLM or MPNet (both sentence-BERT variants

[93)]); when characteristics are ambiguous, run both and compare
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Decision Observation Action / Evidence

Use MiniLM Data characteristics (Step 1): mean re- Use MiniLM (efficient sentence-BERT;
sponse length below 12 tokens; ambi- captures sentence meaning for short,
guity rate below 10%; vocabulary di- syntactically simple, lexically consis-
versity low. Sample responses: themes tent inputs).
are lexically distinct; students use con-
sistent vocabulary.

Use MPNet Data characteristics (Step 1): mean Use MPNet (larger architecture; cap-
response length above 15 tokens; vo- tures nuanced semantic distinctions
cabulary diversity high; ambiguity rate across varied phrasing when vocabu-
moderate (10-20%). Sample responses: lary diversity is high).
responses use varied phrasing for the
same theme; lexical overlap between
themes is high.

Run both and com- Data characteristics assessment does Run both MiniLM and MPNet; com-

pare not clearly indicate either model; am- pare accuracy and macro-F1; select the
biguity rate between 8-12% and vocab- higher-performing model before enter-
ulary diversity medium. ing the optimization loop below.

Optimization Loop (repeat until accepted)
[NLP] Step 3: Run BERTopic with Selected Embedding
Use embedding from Step 2; HDBSCAN default parameters; k target = 3

[NLP] Step 4: Calculate Performance Metrics and Topic Count

Calculate the metrics selected above; confirm HDBSCAN topic count matches the target k.

[HITL] Step 5: Review HDBSCAN Minimum Cluster Size

Ezamine: (1) topic count from Step 4; (2) per-theme macro-F1; (3) sample responses from any

outlier cluster (responses HDBSCAN could not assign to a topic)
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Decision Observation Action / Evidence
Increase Topic count exceeds k = 3; small spu- Increase min cluster_size until topic
min_cluster_size rious clusters form around outlier re- count matches k = 3 from expert re-

sponses. Per-theme macro-F1: one or view in the Complete Analysis section.
more micro-clusters have very low F1.
Decrease Topic count below k = 3; responses Decrease min_cluster_size.
min cluster_size cluster too broadly, merging themes
that expert review identified as dis-
tinct.
Keep default Topic count equals k& = 3 on first Accept default; proceed to evaluation.

run; accuracy and macro-F1 within ex-

pected range for the dataset profile.

1
[NLP] Step 6: Run BERTopic with Adjusted Parameters

Apply revised min_cluster_size; keep selected embedding model and k = 3 target

[NLP] Step 7: Calculate Performance Metrics; Confirm Topic Count

Calculate selected metrics; confirm topic count matches target k before accepting configuration.

¢ EVALUATE: Metrics improved AND topics remain qualitatively

interpretable? ¢

NO: Return to Step 3

Revise min_cluster_size or switch embed-
YES ding model and re-run. If embedding overlap
Accept optimized configuration. Proceed to between themes persists across both MiniLM
Step 8: Select Optimal BERTopic Configu- and MPNet, the overlap is a property of how
ration. students write, not a modeling error; docu-
ment as a data structure limitation and pro-

ceed to Step 8.

Post-Loop
[HITL] Step 8: Select Optimal BERTopic Configuration

Record final embedding model, min_cluster_size, and the data characteristic observation from

Step 1 that drove the embedding selection
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The expert selects the embedding model based on vocabulary diversity and response length ob-
served during familiarization. Short, lexically consistent responses with well-separated themes favor
compact embedding models, while datasets with higher vocabulary diversity and longer responses
benefit from higher-capacity models that preserve finer semantic distinctions. After embedding model
selection, the expert runs an HDBSCAN sensitivity check to confirm that the expected number of co-
herent themes is produced. When theme overlap persists across multiple embedding configurations,
the expert documents this as a data structure limit—the overlap reflects how students write, not a

modeling error—and proceeds to the evaluation stage rather than continuing to adjust parameters.

Zero-Shot Classification: Prompt Design Cycle

ZSC optimization targets label phrasing rather than model hyperparameters: the model weights
are fixed (BART-large-MNLI, pre-trained on natural language inference tasks); the only expert-
controlled input is the candidate label set. The prompt design cycle iterates over text formulations,
not numeric parameters, making it structurally distinct from the hyperparameter loops described
above.

[Z0MMAN — Human-in-the-Loop decision point FINIAMEE = Automated step

Pre-Loop Setup

[HITL] Step 1: Review Corpus Vocabulary

Randomly select n = 200 responses; read and record how students phrase each theme in their own

words; note the most common expressions before drafting any label

[HITL] Step 2: Draft Initial Label Set
Write candidate labels in mainstream everyday language; avoid domain-specific or technical ter-
minology; BART-large-MNLI was trained on general-purpose text and labels in everyday language

match its pre-training vocabulary

Prompt Design Cycle (repeat until accepted)
[NLP] Step 3: Run ZSC with Initial Labels
Fized model: BART-large-MNLI; input: candidate label set from Step 2

[NLP] Step 4: Calculate Per-Label F1, Accuracy, Macro-F1

Calculate the metrics selected above; include per-label F1 to identify which specific labels underper-

form.




[HITL] Step 5: Diagnose Low-F1 Labels

For each label below your target F1 threshold: (1) check label phra
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ng (technic

(2) read 15-20 misclassified responses; (3) check theme sample size (n); diagnose whether failure

refl

Decision

Revise to plain lan-

guage

Test label with de-

scription
Adjust confidence
threshold
Document struc-

tural limit

Observation

Per-label F1 below target. Misclas-

sified responses: label uses terminol-
ogy not present in student responses;
students phrase the theme in everyday
words. Phrasing: technical or domain-
specific.

Per-label F1 low despite plain lan-
guage phrasing. Misclassified re-
sponses: plain label alone is too broad;
model assigns it to responses it should

not.

Jaccard index low (model assigns fewer
labels per response than expert cod-
ing indicates; multi-label responses are
under-captured).

Per-label F1 below target despite plain
language, description, and threshold
testing. Misclassified responses: theme
describes an absence of behavior stu-
dents rarely articulate explicitly; or mi-

nority theme with very few examples.

s phrasing mismatch, threshold miscalibration, or a structural data constraint

Action / Evidence

Rephrase in mainstream everyday lan-
guage; match the vocabulary students
use in their responses rather than for-
mal academic or domain-specific termi-

nology.

Add a 1-sentence description to the
label; test against the no-description
baseline using per-label F1, not aggre-
gate accuracy, because description ef-
fects differ by theme. Adding descrip-
tions can make the model overly se-
lective; test against the no-description
baseline using per-label F1 before keep-
ing any description.

Lower the confidence threshold; test ef-
fect on per-label precision-recall bal-

ance.

Document the structural limit; apply
manual override for that label. Do not
continue iterating: the failure reflects
how the data is structured, not a label

engineering problem.
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[HITL] Step 6: Revise Label Phrasing or Threshold

Apply the diagnosis from Step 5 to the affected labels only; keep labels that met the F'1 threshold

unchanged

[NLP] Step 7: Run ZSC with Revised Labels
Fized model: BART-large-MNLI; input: revised label set

[NLP] Step 8: Calculate Performance Metrics

Calculate selected metrics; compare to baseline from Step 4.

¢ EVALUATE: Metrics improved AND topics remain qualitatively
interpretable? ¢

NO: Return to Step 5

Return to Step 5: re-diagnose the remaining

low-F1 labels. If F1 fails to improve after
YES

three revision cycles despite plain language
Accept final label set. Proceed to Step 9: :

and threshold adjustment, apply the struc-
Select Final Label Set.

tural limit decision from the table above;

continuing to iterate on a structurally con-

strained label does not improve results.

Post-Loop
[HITL] Step 9: Select Final Label Set

ecord final label text for each theme, the diagnosis from Step 5 that drove each revision, and ang
R d [ label text h tf the diay Step 5 that d f 1

structural limits documented during the cycle

The alignment between student language and model pre-training is the primary performance
driver. The difference becomes concrete when comparing label formulations. For the Question-
ing theme in Peer Support, the domain-specific label “Questioning Practice” failed because formal
academic phrasing does not match the model’s pre-training distribution. A representative student
response reads: “I like when people ask questions in lecture, most times I have the same question
and it makes it easier to ask a question if someone else does it first.” The mainstream label “Asking

Appropriate and Relevant Questions” matched this response directly: “ask questions” appears three
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times and maps to “Asking. . .Questions;” the lecture context maps to “Appropriate and Relevant.”
The domain-specific label offered no such word-level match.

The expert iterates over label formulations, testing whether mainstream language that aligns
with how students write outperforms formal academic phrasing. Concise labels that match student
vocabulary generally perform better than extended descriptions, which can make the model too
selective. The expert stops iterating when further label changes produce no meaningful improvement
or when the error source is structural rather than linguistic—for instance, when a theme describes
an absence of behavior that students rarely articulate explicitly, or when a minority theme has too
few instances for label engineering to have a reliable effect. In these cases, the expert documents the

structural limit and applies manual override instead of continuing to redesign labels.

Balancing Quantitative Metrics with Qualitative Meaning

Quantitative metrics identify when model outputs may need adjustment but cannot determine
whether a parameter change produces topics that are educationally interpretable. Expert review
at the end of each optimization iteration evaluates both dimensions: did the metrics improve, and
do the topics still make sense?

Three cases illustrate where quantitative metrics and qualitative review point in different di-
rections. First, coherence can improve while accuracy drops: a parameter setting that produces
statistically tight topics may exclude the range of vocabulary students actually use, and the expert
rejects it despite the coherence gain. Second, accuracy can improve while topics fragment: a regular-
ization change that raises macro-F1 may split a theme into two overlapping subtopics that require
manual merging before theme assignment can proceed. Third, a parameter change can produce
metrics near-identical to baseline while qualitatively improving theme separation; in these cases,
the expert’s reading of the top-10 keywords per topic is the deciding criterion, not the quantitative
comparison.

The optimization loop therefore has two exit conditions: quantitative improvement sufficient to
justify the parameter change, and expert confirmation that topic-word distributions remain inter-
pretable and non-redundant. When these two conditions conflict, the expert’s qualitative judgment
takes precedence. This precedence is intentional: the purpose of the optimization stage is to produce

topics that are useful for educational analysis, not to maximize any single statistical metric.
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10.7.4  FEvaluation

Once the optimization loops exited with both quantitative metrics and qualitative review satis-
fied, expert input produced measurable gains in accuracy, coherence, and reliability across all three
datasets. Preprocessing, tokenization, and metric calculation were automated; expert effort was

concentrated where domain reasoning altered outcomes.

Identifying Model Misalignment Through Expert Evaluation

BERTopic failed to match the expert-coded theme ranking on the TA Support dataset. The model
grouped responses by statistical similarity but failed on multi-idea responses, cross-over themes, and
domain-specific terminology. Correctly classifying responses about assessment scheduling, laboratory
support, and peer interaction required knowledge of teaching norms that unsupervised models do
not encode. Each failure mode became visible only during expert evaluation; a targeted review

addressed them directly.

Targeted HITL Process for Error Correction

Figure illustrates the four-step targeted human-in-the-loop process that was used to address
model misalignment. In the TA Support dataset, BERTopic’s HDBSCAN identified 232 outliers
(responses assigned to the -1 cluster that the model could not place confidently), representing about
14% of the total dataset of 1,592 responses.

Expert review of these 232 outliers identified three problem areas: assessment-related comments
(approximately one-third of outliers), delivery-related comments (approximately one-fourth), and
laboratory support language, a domain-specific concept the model did not encode. All 232 outliers
were reclassified by the expert; performance metrics were recalculated and theme ranking was verified
against expert-coded labels.

Table shows the performance improvements after expert correction. Accuracy increased
from 70.3% to 80.1%, an improvement of 9.30 percentage points. Fl-score increased from 54.2% to
69.3%, an improvement of 14.10 percentage points. These gains demonstrate that strategic expert
input transformed the hardest cases into measurable performance improvements.

Figure shows that after reclassification, the theme ranking aligned with expert coding,
confirming that expert correction improved not only quantitative metrics but also the conceptual
validity of model outputs.

HDBSCAN outliers are a clear indicator: responses the model could not place confidently are

precisely the cases where statistical similarity fails to capture educational meaning. Expert review of
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Figure 10.6: Targeted Human-in-the-Loop Process for Error Correction

Table 10.7: TA Support Dataset: Performance Metrics After HITL Outlier Correction

Metric Without HITL With HITL Improvement
BERTopic (MPNet) | BERTopic (MPNet)

Accuracy ‘ 70.3% ‘ 80.1% ‘ +9.30%

F1-Score ‘ 54.2% ‘ 69.3% ‘ +14.10%
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that 14% subset uncovered domain-specific patterns, including assessment-related and laboratory-

support language, that unsupervised algorithms cannot resolve.

10.7.5 Next Steps: Iteration

When the five methods evaluated here achieve high accuracy and macro-F1 on expert-coded la-
bels and theme ranking aligns with expert priorities, the analysis is complete. When performance
gaps persist despite optimization, the data characteristics identified during familiarization and data
preparation point toward what a more capable method would need to address.

Three patterns in the results indicate that the current methods have reached their ceiling on
a given dataset. First, when ambiguity rate exceeds 20% and no method exceeds 70% macro-F1,
the single-topic-per-response constraint shared by k-means and BERTopic is the main constraint,
and multi-label deep learning models that allow each response to belong to multiple themes would
address this directly. Second, when ZSC substantially outperforms all unsupervised methods on F1,
the data structure favors expert-defined labels over statistical discovery, and fine-tuned classification
models trained on the IRR-validated codes would likely improve further. Third, when embedding
overlap between themes persists across both MiniLM and MPNet configurations (as observed in TA
Support), domain-specific pre-training or adapter-based fine-tuning on educational text would give
the embedding model exposure to the vocabulary patterns that general-purpose pre-training does
not capture.

Moving to more sophisticated models is appropriate when these patterns are confirmed and
when the verified ground truth is large enough to support fine-tuning (typically 500 or more labeled
examples per theme). The IRR-validated codes produced through the thematic analysis steps provide
exactly this kind of reference dataset, making the ground-truth work not only the foundation for
the current evaluation but also the preparation for the next iteration. Recommendations for future

directions are discussed in Chapter 11.
10.8 Practical Implications and Recommendations

Interpretation and validation stages produced the greatest impact; routine computational steps
achieved strong results through automation alone. The findings provide clear direction for allocating

expert effort.
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10.8.1 Implementation Guidance

Focus expert time on interpretation and validation. Topic-to-theme bridging and modeling
optimization produced the two largest performance gains in this study. Preprocessing and met-
ric calculation are automated tasks; expert effort should concentrate where conceptual judgment,
domain knowledge, and interpretive decisions alter outcomes.

Use quantitative metrics as guidance, not as final judgments. Coherence can improve
while accuracy drops (LDA sparse alpha on TA Support), and accuracy can improve while topics
fragment (NMF regularization on Faculty Support). Metrics identify where model outputs may need
review; expert inspection of topic-word distributions is the deciding criterion when quantitative and
qualitative results point in different directions.

Maintain transparent decision records. Document every expert action: merge and split
decisions, rationale for parameter choices, and override justifications. The audit trail supports
reproducibility and makes it possible for other researchers to apply the same methodology to new
datasets.

Validate interpretations with independent coders before treating model outputs as
ground truth. Inter-rater reliability (k = 0.72-0.75 across three datasets) confirmed that the
expert-defined themes were interpretable and reproducible. Without this validation step, expert-
coded labels reflect a single researcher’s interpretation, not a verified coding scheme.

Alternate between quantitative and qualitative review within each optimization
loop. No single metric captures all relevant information. Aggregate accuracy can mask a substan-
tial per-theme precision failure in a single method. Per-theme F1 and expert review of topic-word
distributions together give a clearer picture of when to continue iterating and when to accept a

configuration.
10.9 Conclusion

Distributing expert judgment across all seven stages of thematic analysis produced a verified ground
truth (k = 0.72-0.75 across three datasets) and measurable performance gains: macro-F1 improved
by up to 17.7 percentage points and accuracy by up to 9.3 percentage points.

The largest gains occurred during topic-to-theme bridging and model optimization. Expert
review selected optimal topic counts, adjusted label prompts and hyperparameters, and converted
statistical clusters into themes aligned with educational constructs. Each decision drew on knowledge
of domain vocabulary, response ambiguity rates, and educational constructs that algorithms alone

could not capture. The resulting themes were empirically grounded and conceptually transparent,
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which ensured that models reflected educational processes rather than word-level patterns.

Metric selection (Section set consistent evaluation standards that supported comparison
across methods. Quantitative metrics informed expert interpretation, and expert judgment guided
parameter decisions in turn. This structure defines human-in-the-loop analysis not as constant
intervention but as the selective use of expertise where it alters outcomes in measurable ways.

Prior work in human-in-the-loop educational feedback analysis typically restricts expert involve-
ment to a single stage: either post-model validation [I07) [T08] or pre-model constraints [110} [111].
Interactive refinement systems that support iterative adjustment [I12] [IT3] do not quantify per-
formance gains on validated educational datasets. This framework differs by distributing expert
judgment across all stages of the workflow and measuring the improvement each intervention pro-
duces. It also supports theme discovery rather than relying on predefined categories [I15], while
maintaining the validation rigor that educational applications require.

These results confirm that integrating expert judgment across all seven thematic analysis stages
produces results that are both statistically sound and educationally meaningful. Documenting expert
decisions and measuring outcomes at each stage provides a replicable methodology that others can
apply to educational text analysis. Chapter 11 synthesizes these findings with the limitations of the
current methods and outlines the conditions under which multi-label and fine-tuned models would

be the appropriate next step.
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Chapter 11
CONCLUSIONS

This dissertation examined how natural language processing can support qualitative educational
research when student responses are short, prompt-guided, and rich with discipline-specific language.
The study drew on three datasets of undergraduate engineering student survey responses about fac-
ulty support, TA support, and peer support expectations, compared five topic modeling methods
across all three datasets, and evaluated how domain expert judgment, integrated throughout a
structured NLP-Assisted Thematic Analysis framework, shaped model performance and interpre-
tive quality. Two research questions guided the work. RQ1 asked which topic modeling approaches
perform best on these texts, and RQ2 asked how domain expert input can be best integrated to
improve accuracy and analytical value. This chapter synthesizes those findings, articulates contribu-
tions to educational research and NLP, acknowledges limitations, and proposes directions for future

study.
11.1 Summary of Findings

RQ1: Comparative Performance of Topic Modeling Approaches

The cross-method evaluation demonstrated that method suitability depends on dataset character-
istics rather than model sophistication. Across all three datasets, the analysis identified five cross-
cutting themes (Interactions, Teaching Practice, Examples and Experience, Questioning, and Civil-
ity). All five methods were evaluated against these themes on student responses averaging five to
twelve words per document.

Traditional models provided complementary baselines whose performance reflected specific dataset
properties. k-means worked well when theme vocabularies were lexically distinct, as in Faculty Sup-
port, where office-hours vocabulary cleanly separated the Interactions theme from Teaching Practice,
but it struggled where responses were short or addressed multiple themes simultaneously. LDA per-
formed best on Peer Support (78% accuracy after optimization), where consistent vocabulary and
strong word co-occurrence patterns compensated for its reliance on bag-of-words statistics, but de-
graded on TA Support because the corpus co-occurrence structure did not align with the themes the

domain expert identified. NMF produced the largest single accuracy gain in the study, with Fac-
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ulty Support improving from 59.1% to 76.7% after optimization because its non-negative sparsity
constraint concentrated theme-specific vocabulary precisely and handled multi-topic responses that
hard-assignment models cannot accommodate.

The TA Support dataset demonstrates a risk of misalignment between statistically valid topics
and researcher-defined themes that practitioners should account for before applying discovery-first
methods to a new corpus. k-means, LDA, NMF, and BERTopic each produced statistically coherent
topics on TA Support that organized responses around availability, question-and-answer structure,
and instructional delivery. These topics, however, did not correspond to the five themes the domain
expert identified as educationally meaningful. Strong coherence scores accompanied this misalign-
ment, indicating that internal metrics alone are insufficient to confirm that model output serves a
study’s analytical goals. Expert validation of topics against researcher-defined themes is therefore
not a supplementary quality check for discovery-first methods; it is the step that determines whether
statistically valid topics translate into findings that are interpretable and relevant to the research
purpose.

For both traditional and neural methods, input representation choices proved as consequen-
tial as algorithm selection. For traditional methods, applying TF-IDF weighting rather than raw
frequency counts produced inconsistent performance changes across datasets, indicating that the
optimal vectorization strategy depends on dataset characteristics rather than method type. For
BERTopic, embedding model selection was equally consequential. MiniLM dominated Peer Sup-
port (85% accuracy, 77% macro-F1), where responses were short and themes were well-separated.
MPNet outperformed MiniLM on Faculty and TA Support, where richer semantic representations
preserved finer thematic distinctions in longer, more ambiguous responses. These findings indicate
that practitioners who compare algorithms on a single fixed preprocessing configuration may miss
the best-performing combination for their data, and that evaluating vectorization and embedding
choices alongside algorithm selection is necessary for a fair and informative comparison.

Zero-shot classification applied expert-defined labels without training data and reached 85% ac-
curacy on Peer Support, matching BERTopic MiniLM on that metric. The lower macro-F1 (58%
versus 77%) indicates that ZSC formed internally consistent label groups but did not separate themes
as reliably as the neural method. Prompt phrasing governed ZSC performance. Mainstream labels,
which used student vocabulary instead of specialist terminology, improved accuracy by 3 percentage
points over domain-specific labels. This result parallels the advantage that TF-IDF weighting pro-
vides in frequency-based methods, where both approaches succeed by emphasizing the terms that

discriminate most clearly between categories.
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One finding applies across all five methods. Discovery-first methods (k-means, LDA, NMF,
BERTopic) suit exploratory contexts where themes are unknown and the data must reveal them;
ZSC suits confirmatory contexts where an established coding framework must be applied at scale.
These two approaches are complementary, and the choice between them depends on whether the
research goal is exploratory or confirmatory rather than on which method is technically superior.

Across all three datasets, the proportion of multi-topic responses emerged as a consistent pre-
dictor of the upper bound of achievable accuracy, independent of algorithm selection. Peer Support,
where only 5.89% of responses addressed more than one theme simultaneously, supported the high-
est accuracy levels across all five methods. Faculty Support, where 26.5% of responses addressed
multiple themes, constrained performance across all methods regardless of model complexity. TA
Support, with an intermediate ambiguity rate of 18.6%, produced intermediate performance. This
pattern indicates that dataset ambiguity rate predicts the performance ceiling more reliably than
algorithm choice. Practitioners should therefore assess ambiguity rate before selecting a method to
set realistic performance expectations and to determine whether the data, rather than the algorithm,
is the primary limiting factor.

These results answer RQ1: no single approach dominates across datasets, and dataset properties
predict performance more reliably than algorithm sophistication. Among those properties, ambiguity
rate sets the ceiling on what any method can achieve, while thematic clarity, vocabulary overlap,
document length, and the availability of expert labels determine which method is most likely to

approach that ceiling.

RQ2: Roles for Human Ezpertise

The human-in-the-loop analysis showed that expert involvement shapes outcomes at every stage of
the analysis process, not only at the end. The NLP-Assisted Thematic Analysis framework developed
in Chapter 10 structures expert judgment across six stages: data preparation, corpus familiarization,
candidate topic identification, theme definition, inter-rater review, and the complete analysis with
expert oversight at selected points.

In the data preparation stage, domain-specific stopword curation removed prompt-anchored role
words that appeared in nearly every response but conveyed no information about what students
were requesting. In the theme definition stage, the topic-to-theme bridge converted nine algorithmic
topics into five validated themes, a step that required domain knowledge to distinguish patterns that
automated models treated as similar but that differed in pedagogical meaning. These five themes

achieved strong inter-rater reliability (Cohen’s k between 0.72 and 0.75 across all three datasets),
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establishing the verified ground truth used in all subsequent evaluations. The shared topic count of
three per dataset was confirmed by expert review of preliminary model runs, not by internal metrics
alone.

In the optimization stage, expert involvement produced the most measurable gains. BERTopic
outlier correction, in which the domain expert reviewed 232 responses the model could not assign
confidently, improved TA Support accuracy by 9.3 percentage points (70.3% to 80.1%) and macro-F1
by 14.1 percentage points (54.2% to 69.3%). Prompt engineering for zero-shot classification showed
that expert phrasing raises weighted F1 by 4 to 10 percentage points compared to technical labels.

The framework documents these interventions through decision flows and work flows that guide
practitioners in model selection and optimization. Five dataset characteristics (vocabulary diversity,
ambiguity rate, mean response length, domain terminology density, and theme stability) determine
which method is most likely to perform well, and the documented work flows show how to optimize
the chosen method with expert oversight at each stage. These structured guides translate the findings
of this study into steps that other researchers can apply directly to similar datasets.

Across both research questions, the findings form the basis for three contributions to educational

research and NLP practice.
11.2 Contributions and Implications

This dissertation delivered three main contributions that collectively link NLP practice with quali-
tative research needs:

C1: Established performance baselines by comparing five topic modeling methods.
The study compared k-means, LDA, NMF, BERTopic, and zero-shot classification on the same
datasets using a shared preprocessing pipeline and common evaluation metrics. The results show
that no single method works best for all datasets. Instead, the analysis identifies which method fits
each dataset type, providing clear guidance for method selection based on dataset characteristics.

C2: Identified where expert input has the highest impact. The study analyzed expert
input at different stages: preparation (domain-specific stopwords), prompt design (for zero-shot
classification), and theme interpretation (mapping topics to themes). These interventions improved
accuracy by 3 to 9 percentage points and macro-F1 by up to 14 percentage points, showing where
expert time produces the most valuable results. This analysis helps researchers prioritize expert
involvement to maximize both accuracy and efficiency.

C3: Developed the NLP-Assisted Thematic Analysis framework. The study created

a structured, six-stage framework (Chapter 10) that integrates expert judgment throughout the
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analysis process instead of reserving it for a final review. The framework includes decision flows for
model selection based on dataset characteristics, work flows for running and optimizing each method
with expert oversight, and documentation of preprocessing rules, theme formation rationales, and
parameter selection criteria. These resources support replication and adaptation to new datasets,
disciplines, and research contexts beyond the engineering education datasets analyzed here.

These contributions have three implications for educational research practice. First, analysts
should select modeling approaches based on thematic clarity and data characteristics, not by de-
faulting to the most sophisticated algorithm, because simpler methods can outperform complex ones
when data conditions favor them. Second, expert engagement is indispensable when converting
model output into findings that inform pedagogy or policy, and the study identifies where to fo-
cus that engagement to achieve the highest return. Third, the NLP-Assisted Thematic Analysis
framework offers a reusable starting point for researchers who want to apply topic modeling to short
educational texts but lack a structured guide for integrating computational methods with domain
knowledge. The shared evaluation framework, including the performance baselines and metric se-
lection guidance, also provides a template for benchmarking future models on short educational

research texts.
11.3 Limitations

While this study provides a comparative analysis of topic modeling techniques across multiple meth-
ods and datasets, it is not without limitations. Most importantly, the scope of the datasets was
confined to a single institution, a specific type of educational data (student feedback), and a par-
ticular context (engineering courses). These constraints limit the generalizability of the findings
to other data, settings, and contexts. To broaden the relevance of the findings, the guidelines in
Chapter 10 rely on data characteristics (text length, ambiguity, vocabulary overlap) that are largely
independent of the domain and context in which data are collected.

Furthermore, the datasets, while sizable (between one and two thousand responses per dataset
after preprocessing), are moderate by large-scale data standards. A larger dataset would improve
performance but is unlikely to change the nature of the results, including the number of themes,
the meaning of themes, or the relative performance patterns among methods. Theme assignment in
the default analysis was also limited to a single theme per document, which ignored the possibility
that multiple themes were present. Multiple-topic documents can deflate topic coherence scores by
introducing words from secondary topics into the assigned topic. These deflationary effects should

be consistent across models, minimizing their impact on relative performance comparisons.
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A potential source of bias is the assumption that theme assignments by domain experts represent
the gold standard. This potential bias was mitigated by requiring multiple domain experts to reach
the same conclusions on theme assignments, as indicated by adequate Cohen’s kappa (0.72 to 0.75
across datasets). Model comparisons in this study relied on predominantly quantitative performance
metrics, which may introduce bias toward methods that score well numerically but produce less
interpretable themes. Future work should consider an expanded and complementary study that
focuses on qualitative assessments of model performance, including evaluations of topic quality,
topic diversity, and topic interpretability.

In terms of model selection, this analysis was limited to five methods and did not examine the
wide range of variants developed for each. Some of these variants may be better aligned with the
type of data in this study and could improve performance. However, since the goal was to develop
broad guidelines that provide a starting point for practitioners, further examination of variants or
advanced NLP models fell outside the scope of this study.

The ZSC analysis introduced additional constraints. Only a single model (BART-large-MNLI)
was evaluated, and only on a single dataset (Peer Support) with manually crafted prompts that
introduce subjectivity. Different transformer architectures, datasets, or prompt designs might yield
different results. Without fine-tuning, ZSC cannot learn rare patterns, which limits its performance
on minority themes such as Unproductive Disruptions (42% F1) and Preparation (37-40% F1).
Whether ZSC maintains competitive accuracy on the more complex Faculty Support and TA Support
datasets is an open question that warrants investigation.

Finally, UMass coherence scores were generally low across all models, reflecting the short-text
sparsity that limits word co-occurrence information. Quantitative coherence alone is unreliable for
very short texts, and this study’s NMF results (where qualitative evaluation of keywords contradicted
statistical coherence scores) illustrate that point directly. Coherence values throughout this study
should be interpreted qualitatively and with awareness that they measure statistical properties of
word co-occurrence rather than conceptual quality.

The NLP-Assisted Thematic Analysis framework was developed and validated using data from a
single institution and a single disciplinary context. Whether the six-stage structure and the decision
flows for model selection generalize to other institutions, disciplines, or survey instruments is an

open question that future work should address.
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11.4 Future Directions

Four open questions identified during the analysis point toward the most productive extensions of
this work.

The most direct extension is to evaluate zero-shot classification on the Faculty Support and
TA Support datasets. ZSC was applied only to Peer Support in this study, which had the lowest
ambiguity (5.89%) and the clearest theme boundaries. Whether ZSC maintains competitive perfor-
mance on Faculty Support, where 26.5% of responses address multiple themes simultaneously, or on
TA Support, where word co-occurrence patterns naturally align with different topics than those the
domain expert identified, is an empirical question that the current study cannot answer.

A second direction is cross-institutional and cross-disciplinary testing of the NLP-Assisted The-
matic Analysis framework. The five dataset characteristics used in the decision framework (vocab-
ulary diversity, ambiguity rate, response length, domain terminology density, and theme stability)
were developed from engineering education data at one institution. Applying the framework to social
science, health professions, or multilingual educational contexts would clarify which elements of the
decision flows are broadly applicable and which require domain-specific adaptation.

Third, the analysis identified three conditions where the methods evaluated here have reached a
performance ceiling: ambiguity rates above 20% combined with macro-F1 below 70%, cases where
ZSC substantially outperforms all unsupervised methods, and persistent embedding overlap across
MiniLM and MPNet. Each condition points toward a next step: multi-label deep learning models
for high-ambiguity data, fine-tuned classification models where ZSC demonstrates strong superiority,
and domain-specific pre-training where general embeddings fail to separate themes. Testing whether
these targeted interventions resolve the performance limits observed here would advance the practical
guidance the framework can offer.

Finally, longitudinal deployments that integrate the pipeline into institutional decision cycles
would reveal how iterative expert feedback and model updates affect accuracy over time, and whether
the inter-rater reliability thresholds established here hold as datasets and research teams change.

The dissertation demonstrates that topic modeling guided by domain expert judgment produces
reliable and interpretable themes from short educational research texts when model selection and
expert integration follow a structured, validated process. The NLP-Assisted Thematic Analysis
framework developed here offers a practical starting point for researchers who want to apply these

methods to their own data without repeating the full comparative analysis reported in this work.
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Appendix A

APPENDIX A

A.1 BERTopic Discovery-Mode Outputs

This appendix documents the exploratory BERTopic runs that retained the model’s native discovery
mode. The primary analysis in Chapter 8 used k-means with £ = 3 to enable direct comparison
with traditional topic modeling methods. To confirm that this fixed-k design did not mask addi-
tional structure, BERTopic was re-run with HDBSCAN clustering and bigram tokenization. The
three high-level themes remained intact across datasets, while discovery mode surfaced finer-grained

subtopics and a small proportion of outlier responses.

A.1.1 Configuration Summary

The discovery-mode runs used the following configuration; Appendix figures and tables report the
outputs from the higher-capacity MPNet checkpoints (MiniLM produced the same theme structure

and is omitted for brevity).

e Embeddings: SentenceTransformer("all-mpnet-base-v2"); "all-MinilM-L6-v2" was also

tested for runtime comparison.

e Vectorizer: CountVectorizer with ngram range=(1,2), English stop words, and min_df=2 to

retain informative bigrams.
¢ UMAP: n neighbors=15, n_components=5, min_dist=0.1, cosine metric, random_state=42.

¢ HDBSCAN: min _cluster_size=25, min_samples=5, Euclidean metric, EOM cluster selec-

tion, prediction_data=True.
e BERTopic: nr_topics="auto", calculate_probabilities=True, low-memory disabled.

All descriptors were lemmatized to avoid duplicate stems (for example, lecture versus lectures).

A.1.2 Hyperparameter Checks

Exploratory sweeps preceded the discovery-mode configuration. HDBSCAN min_cluster_size values

between 10 and 30 and min_samples values between 3 and 10 were evaluated on the Faculty and
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Peer Support datasets. Settings below 15 merged the Interactions and Examples & Experience
themes, while settings above 20 increased outlier rates beyond 12%. The adopted combination of
min_cluster_size=15 and min_samples=>5 provided the highest UMass coherence without inflating the
unassigned cluster. Vectorizer trials compared unigram and (1,2) n-gram ranges; bigrams did not
raise coherence and occasionally surfaced duplicate descriptors, so the unigram configuration was

retained for the fixed-k evaluation.

A.1.8 Peer Support

Discovery mode maintained the core themes (Interactions, Questioning, Civility) and separated
recurring subtopics such as Zoom etiquette and study groups. An outlier cluster captured generic

“ask more questions” responses that repeated across themes.

Hierarchical Clustering

respectful, quier, respect
help, open, communicate
study, groups, study groups
zoom, chat, distracting

mute, mics, muted
lecture, class, questions -
questions, ask, students -

questions asking, asking, asking questions

0 0.2 0.4 0.6 0.8 1

Figure A.1: Hierarchical clustering of discovery-mode BERTopic topics for Peer Support.

A.1.4 Faculty Support

The hierarchy preserved the three headline themes (Teaching Practice, Interactions, Examples &
Experience) while isolating frequent requests around lecture recordings, Canvas organization, and

deadline flexibility.
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Table A.1: Discovery-mode BERTopic topics for Peer Support (HDBSCAN, MPNet)

Topic ID Count Top terms Representative action

-1 566 questions, sessions, peers, ask General “ask more questions” feedback clus-

tered as outliers due to frequent phrasing.

0 265 questions, ask, peers, sessions, dis- Encourage peers to ask questions and use
cord shared forums to resolve confusion.

1 264 lecture, sessions, questions, guid- Remind students to ask questions during
ance, talking lecture and limit side conversations.

2 87 help, open, communicate, collabo- Promote openness to helping classmates and
rate, interact communicating during group work.

3 60 study, groups, form, homework, Form and maintain study groups for collab-
help orative problem solving.

4 44 mute, mics, muted, speakers Mute microphones when not speaking to re-

duce classroom distractions.

5 34 zoom, chat, distracting, etiquette Maintain professional behaviour in Zoom
chat; avoid distracting messages.

6 31 respectful, quiet, courteous Encourage respectful classroom conduct and
quiet attention.

7 25 asking questions, clarification Reinforce repeated requests to keep asking

clarifying questions.
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zoom, ask, session
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deadlines, dates, flexibl
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Figure A.2: Hierarchical clustering of discovery-mode BERTopic topics for Faculty Support.

A.1.5 TA Support

For TA Support, discovery mode split the broad themes into actionable subtopics, highlighting lab

logistics, office-hour scheduling, quiz-section alignment, and communication expectations.

Hierarchical Clustering

'
zoom, zoom office, breakout
office, office hours, hours -=——————————

) . |
office, hours, office hours

quiz, quiz sections, quiz section I

problems, examples, students

tas, ta, students I

lab, labs, help

questions, available, answer

emails, email, respond

feedback, assignments, grading
'

Figure A.3: Hierarchical clustering of discovery-mode BERTopic topics for TA Support.

These discovery-mode outputs corroborate the fixed-k findings in Chapter 8, providing qualitative

detail that can support future exploratory work while keeping the primary evaluation framework

consistent across methods.
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Table A.2: Discovery-mode BERTopic topics for Faculty Support (HDBSCAN, MPNet)

Topic ID Count

Top terms

Representative action

-1

10

11

12

13

721

186

101

91

90

87

84

72

55

37

35

30

28

25

25

sessions, learners, lecture, time,

material

examples, practice, problems, ex-
ams

office, office hours, available, email

facilitators, learners, questions,
support

recording, lectures, upload, watch

learners, clear, expectations, com-
munication

lectures, engaging, understand,
material

office hours, hour, extra

online, learning, sessions, remote

hours, provide, resources, avail-
able

canvas, page, assignments, an-
nouncements

deadlines, dates, flexible, assign-
ments

example, problems, real world

notes, lecture notes, detailed

zoom, ask, sessions, questions

Broad lecture-quality comments: pace con-
tent appropriately and provide helpful ma-
terials.

Provide additional worked examples and
practice problems before exams.

Offer more flexible office hours and timely
email responses.

Set clear schedules and remain accessible for
student questions.

Record and share lectures so students can
review difficult material.

Communicate expectations, grading poli-
cies, and deadlines transparently.

Make lectures engaging and ensure concept
mastery before moving on.

Add extra or smaller office-hour sessions
around exams.

Adjust workload and support for remote
learning conditions.

Supply plentiful study resources alongside
ample office hours.

Keep the Canvas site organized with clear
assignment postings.

Provide flexibility with deadlines and com-
municate timing clearly.

Tie course concepts to real-world examples
to motivate learning.

Publish detailed lecture notes to supplement
in-class explanations.

Use Zoom sessions for interactive Q&A

when students are confused.
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Table A.3: Discovery-mode BERTopic topics for TA Support (HDBSCAN, MPNet)

Topic ID Count

Top terms

Representative action

-1 232
0 369
1 309
2 181
3 167
4 7
5 74
6 57
7 56
8 40
9 30

homework, learners, problems,
questions

mentors, learners, sessions, help-
ful, office

problems, examples, lecture, prac-
tice

lab, section, help, time

office, office hours, holding

quiz, sections, material, exams

questions, available, answer, pos-
sible
feedback, assignments, grading,
canvas

office hours, scheduling, learners

emails, respond, timely

zoom, breakout, office hours

General homework-help requests that fell
outside specific clusters.

Make TAs accessible and proactive in sup-
porting current coursework.

Work through practice problems drawn from
lecture and upcoming assessments.

Provide clearer lab guidance and restruc-
tured lab sections.

Expand office-hour availability and vary
meeting formats.

Align quiz sections with lecture coverage
and record sessions.

Remain available to answer individual ques-
tions promptly.

Deliver faster feedback and clearer grading
commentary.

Offer flexible office-hour scheduling for stu-
dents with conflicts.

Respond to emails quickly with actionable
guidance.

Host Zoom-based office hours and breakout

rooms for small-group help.
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