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Abstract
This study presents a framework for automated evaluation of dynamically evolving topic models using Large Language
Models (LLMs). Topic modeling is essential for organizing and retrieving scholarly content in digital library systems, helping
users navigate complex and evolving knowledge domains. However, widely used automated metrics, such as coherence
and diversity, often capture only narrow statistical patterns and fail to explain semantic failures in practice. We introduce a
purpose-oriented evaluation framework that employs nine LLM-based metrics spanning four key dimensions of topic quality:
lexical validity, intra-topic semantic soundness, inter-topic structural soundness, and document-topic alignment soundness.
The framework is validated through adversarial and sampling-based protocols, and is applied across datasets spanning news
articles, scholarly publications, and social media posts, as well as multiple topic modeling methods and open-source LLMs.
Our analysis shows that LLM-based metrics provide interpretable, robust, and task-relevant assessments, uncovering critical
weaknesses in topic models such as redundancy and semantic drift, which are often missed by traditional metrics. These
results support the development of scalable, fine-grained evaluation tools for maintaining topic relevance in dynamic datasets.

Keywords Topic Modeling · Evaluation Framework · Large Language Models (LLMs)

1 Introduction

Topic modeling is a foundational technique for uncovering
latent thematic structures in large-scale text corpora. By orga-
nizing unstructured content into interpretable topic clusters,
topic models support a wide array of tasks, such as document
organization [1], content recommendation [2], and longitu-
dinal trend analysis [3]. These capabilities are especially
valuable in scholarly and technical information systems,
where users navigate vast and diverse literature under evolv-
ing research paradigms. In such settings, topic models serve
not only as exploratory tools but also as building blocks for
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dynamic taxonomies, helping to index, summarize, and con-
nect scientific knowledge at scale.

However, as research domains grow more complex and
specialized, traditional human-centric and static evaluation
pipelines often fail to scale or remain reliable. Existing
automated metrics, such as topic coherence [4], topic diver-
sity [5], capture only limited aspects of topic quality,
offering little insight into why certain topics under-perform
in downstream applications or fail to align with human
expectations.

Recent advances in instruction-tuned large language
models (LLMs) offer promising alternatives. With their
contextual reasoning and linguistic fluency, LLMs have
demonstrated potential in evaluating generated content [6],
including initial efforts in scoring topic coherence. Yet cur-
rent LLM-based evaluations are ad hoc and fragmented,
lacking a purpose-oriented structure or comprehensive val-
idation across modeling paradigms, domains, and task
scenarios.

In this paper, we introduces a unified and scalable evalu-
ation framework that leverages LLMs to assess topic model
outputs across multiple quality dimensions. Our framework
is motivated by the diverse roles that topic models play
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in complex information environments, such as scholarly
retrieval systems, where reliable, interpretable, and adaptive
topic taxonomies are essential.We operationalize nine LLM-
based metrics across different distinct dimensions: lexical
validity of topicwords, intra-topic semantic soundness, inter-
topic structural soundness, and document-topic alignment
soundness. Each dimension is grounded in concrete usage
scenarios. We conduct a comprehensive empirical study
involving three datasets (news groups, scientific abstracts,
and social media), four representative topic modeling meth-
ods (probabilistic, neural, and clustering-based), and eight
instruction-tuned LLMs, ranging from lightweight to large-
scale architectures. Our contributions are threefold:

1. We design a modular LLM-as-a-judge evaluation frame-
work for topic modeling that aligns real-world appli-
cation demands with interpretable quality criteria, each
assessed by one or more dedicated metrics.

2. We propose adversarial and sampling-based testing pro-
tocols to examine metric reliability, robustness, and
alignment with known failure cases.

3. We present a multi-dimensional analysis of topic model
behavior, revealing how modeling choices affect trade-
offs among key evaluation rubrics such as coherence,
diversity, and alignment, and how different LLMs vary
in evaluative and diagnostic power.

Our findings provide new tools for scalable and purpose-
aligned evaluation of topic models, advancing their use in
settings where taxonomy quality and semantic precision are
critical to user-facing applications.

This paper is a substantially extended version of our
work presented at the 21st Conference on Information and
Research Science Connecting to Digital and Library Sci-
ence (IRCDL2025) [7]. Compared to the conference version,
this manuscript introduces four main contributions. First, we
formalize our approach into a purpose-oriented evaluation
framework that connects metrics to real-world applications.
Second, we expand our methodology by introducing a new
lexical validity dimension with corresponding metrics and
tests. Third, we broaden our empirical study by adding a
social media dataset (TWEETS_NYR) and increasing the
number of LLM evaluators from three to eight. Finally, we
present new findings through detailed correlation analysis
and a systematic investigation of LLM evaluator behavior,
offering insights into metric relationships and resource-
efficient model selection. The code and dataset are publicly
available1.

1 https://github.com/zhiyintan/topic-model-LLMjudgment.

2 The evolution of topic modeling and
evaluation paradigms

Topicmodeling has evolved into a foundational technique for
uncovering latent semantic structure in large textual corpora.
While the design of topic models has advanced significantly
over time, so too have the evaluation paradigms that accom-
pany them. These developments are not independent: the
metrics we use to assess topic models have co-evolved with
modeling assumptions, technological capabilities, and shift-
ing expectations of utility. This section traces the progression
of topic modeling alongside its evaluation practices, high-
lighting how changes in model architecture have motivated
new evaluation priorities.

A typical topic model takes as input a corpus of N docu-
ments {d1, d2, . . . , dN } drawn from a fixed vocabulary of V
words. The model is configured to discover K latent top-
ics, each represented by a ranked list of M topic words,
denoted T k = {w1, w2, . . . , wM } for topic k. Each docu-
ment di is assigned a topic distribution θi , a length-K vector
where θ{i, k} reflects the degree of association between the
document and topic k. These topic-word and document-topic
associations jointly serve as the core outputs of a topicmodel.

Initial topic modeling techniques prioritized statistical
fit and generative plausibility. Latent Semantic Indexing
(LSI) [8] applied matrix factorization to word-document co-
occurrence matrices, while Probabilistic Latent Semantic
Indexing (pLSI) [9] introduced probabilistic mixture mod-
eling over topics. Latent Dirichlet Allocation (LDA) [1]
established a fully generative frameworkwithDirichlet priors
over θi and topic-word distributions φk , enabling principled
inference and generalization.

Evaluation in this phase focused on internal model per-
formance: held-out log-likelihood, perplexity, and predictive
accuracy [1, 10, 11]. These metrics quantified statistical gen-
eralizability, but did not reflect interpretability or downstream
usability.As noted byChang et al. [12], better likelihood does
not necessarily produce more coherent or useful topics.

To address the disconnect between statistical fit and
semantic clarity, researchers introduced metrics grounded in
human interpretability. Chang et al. [12] proposed the word
intrusion task, showing that high-likelihoodmodels can yield
incoherent topics. This motivated a wave of coherence-based
metrics, including CUMass [13], CUCI [14], CNPMI [15], and
CV [4]. These metrics quantify intra-topic association via
word co-occurrence statistics or normalized PMI.

Such measures have since been widely adopted to evalu-
ate both probabilistic and neural models, e.g. ProdLDA [16],
SCHOLAR [17], ATM [18], ETM [5], BAT [19], Com-
binedTM [20], and ECRTM [21], highlighting a growing
emphasis on human-readable topics.

Co-occurrence-based coherence metrics struggle in
sparse, multilingual, or domain-specific corpora where
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related words may not co-occur. Embedding-based
approaches [22–24] address this by computing semantic sim-
ilarity between topic words using pretrained embeddings.
Building on embedding representations, recent approaches
such as Sia et al. [25] and BERTopic [26] explore clustering-
based topic formation, further relaxing generative assump-
tions and enabling more flexible topic discovery pipelines.

In parallel, evaluation expanded to assess topic distinctive-
ness and structure. Metrics such as topic diversity (DTD) [5],
redundancy (DTR) [27], uniqueness (DTU) [28], and inverted
rank-biased overlap (DIRBO)[20] quantify lexical overlap
across topics. Word embedding-aware extensions including
word embedding-based centroid distance (DWE-CD) [20],
word embedding-based pairwise distance (DWE-PD) [29],
and word embedding-based inverted rank-biased overlap
(DWE-IRBO) [29] further measure semantic separation.

These metrics reflect a shift in evaluation priorities:
beyond coherence, users demand topic models that produce
diverse, non-redundant, and structurally interpretable topic
sets.

As topic models are increasingly used for indexing,
retrieval, and summarization, new evaluation metrics have
emerged to assess how well topics align with document
content. Early work, such as Bhatia et al. [30] introduced
human-annotated document–topic relevance and the topic
intrusion task; Bhatia et al. [31] later automated this pro-
cess with a trained classifier. Clustering-based document
evaluations [32], topic coverage measures [33], contribute
to this growing class of document-level evaluation metrics.
These approaches emphasize that the utility of topic mod-
els depends not only on word-level semantics but also on
document-level alignment.

More recently, LLM-based evaluations have emerged as
a promising new paradigm. Studies such as Stammbach
et al. [6] and Rahimi et al. [34] demonstrate that large
language models can simulate human reasoning, provid-
ing nuanced judgments of topic coherence. Yang et al.
[35] proposes metrics to quantify the agreement between
LLM-generated keywords from documents and topic model
outputs. By leveraging LLMs’ world knowledge and contex-
tual understanding, these methods address the limitations of
traditional statistical metrics and reduce reliance on human
evaluations.

However, most current LLM-based evaluation methods
focus on a single aspect, such as coherence or word intru-
sion, without fully addressing other important dimensions or
the diverse requirements of real-world applications. Despite
the proliferation of evaluation metrics, many remain model-
internal or task-agnostic. As Blei [36] noted, a structural
disconnect persists between how we evaluate topic models
and how we expect them to function. Doogan and Buntine
[37] further argues that interpretability does not imply utility,
highlighting the lack of purpose-aware design in evaluation.

A unified framework that leverages the strengths of LLMs
to provide a comprehensive and interpretable evaluation,
closely aligned with practical application scenarios, would
therefore be highly beneficial.

3 Purpose-oriented evaluation:
reconstructing topic quality standards
from real tasks

Although topic modeling has been evaluated using a wide
array of metrics, such as coherence, diversity, and unique-
ness, these criteria are typically defined in isolation from the
practical tasks that topic models are intended to support. As
discussed in Section 2, early evaluation strategies often pri-
oritized statistical fit or intra-topic association, while more
recentwork has expanded to includemetrics for semantic dis-
tinctiveness anddocument-level alignment.However, despite
these advancements, many evaluation approaches still fall
short of establishing a clear connection between model qual-
ity and downstream utility.

This disconnect has producedwhatmaybe called an evalu-
ation illusion: topic models may achieve strong performance
on internal metrics, yet fall short when deployed for down-
stream tasks, such as exploration, classification, or retrieval.
For instance, a highly coherent topic word set might consist
entirely of color terms or synonyms, which contributes lit-
tle to document organization or user understanding. In short,
coherence does not imply practicality.

To bridge this gap, we propose a purpose-oriented evalu-
ation framework that reverses the usual logic of assessment.
Instead of evaluating topics solely on intrinsic properties,
we begin with the external purposes of topic modeling,
what users or systems aim to accomplish, and derive from
them a set of functional quality dimensions. This perspec-
tive grounds evaluation in practical goals, enabling the
design of metrics that are both task-relevant and semanti-
cally informed.

We identify three core purposes of topic modeling, each
associated with specific quality requirements:

1. Content Understanding (in Section 3.1): Topics serve
as semantic summaries to help humans interpret large
text collections;

2. DocumentLabeling andClassification (in Section 3.2):
Topics function as soft, machine-interpretable labels for
document organization and categorization;

3. Topic-based Retrieval and Summarization (in Sec-
tion 3.3): Topics act as intermediaries for retrieving or
distilling content based on thematic structure.

In the sections that follow, we detail each purpose, artic-
ulate its evaluation logic, and organize existing evaluation
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Fig. 1 Overview of our LLM-based evaluation metrics. Group by different evaluation dimensions , there are rating-based and counting-based
metrics

metrics according to their corresponding dimensions. For
dimensions where traditional metrics remain insufficient, we
introduce LLM-based evaluation methods designed to cap-
ture quality aspectsmore closely alignedwith real-world task
performance (shown in Figure 1).

3.1 Purpose I: content understanding— supporting
human interpretation of large corpora

A foundational purpose of topic modeling is to assist human
users in understanding the structure, themes, and seman-
tic landscape of large document collections. In this setting,
topics are not hidden features for downstream tasks, but
explicit representations to be read, interpreted, and organized
by analysts, scholars, or decision-makers. They function as
conceptual summaries, entry points for exploration, thematic
mapping, diachronic tracking, or discourse profiling.

Applications abound across domains: topic models have
been used to trace research trends in scientific corpora [3, 38–
40], uncover the evolution of political narratives in media
[41, 42], and visualize the organization of knowledge. In
each case, the utility of a topic model depends on whether
its outputs are understandable and structurally meaningful to
humans.

To support this interpretive purpose, we identify three key
quality dimensions.

• Dimension 1: Lexical Validity of Topic Words: Are indi-
vidual topic words clear, interpretable, and well-formed?

• Dimension 2: Intra-topic Semantic Soundness: Do the
topic word set form a coherent theme?

• Dimension 3: Inter-topic Structural Soundness: Do topics
collectively form a distinct and well-organized thematic
structure?

We describe each dimension below and propose LLM-
based metrics that complement and improve upon traditional
evaluation strategies.

3.1.1 Dimension 1: lexical validity of topic words.

Before evaluating a topicmodel’s coherence or structure, it is
necessary to verify the lexical validity of its topic words, that
is, whether they are well-formed, interpretable, and recog-
nizable as legitimate linguistic units. This dimension ensures
that topic words are usable as semantic descriptors, a prereq-
uisite often overlooked by conventional metrics. In practice,
especially with noisy or low-resource corpora, topic models
frequently produce malformed or obscure terms, nonwords,
garbled strings, or ambiguous abbreviations that under-
mine interpretability. These errors often pass undetected by
coherence metrics, which assume linguistic correctness. We
introduce two LLM-based metrics to assess lexical quality
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Prompt 1: Prompt for evaluating Lexical Validity.
Prompt for Lexical Validity Rating metric L rate
Given a topic word set [TOPIC WORDS] produced by a topic model, assess whether the words are syntactically well-formed, lexically valid,
and understandable in isolation. Assign an ordinal rating from 1 to 3, where 1 indicates serious issues (e.g., malformed tokens, nonwords, vague
terms); 2 indicates mostly valid with minor issues; 3 indicates clean, readable, and suitable for human interpretation. The rate is: [RATE]
Prompt for Nonwords Detection metric Lnonword
Given a topic word set [TOPIC WORDS] produced by a topic model, identify words that are garbled or malformed (e.g., typos, broken strings,
random characters) or extremely rare abbreviations with unclear form or interpretation. Return a comma-separated list of these words or tokens
or [ ] if there are none. The invalid words or tokens are: [WORD LIST]
Prompt for Adversarial Test AdvTnonword
(Note: similar as prompt for Lnonword, only adding a explanation of why this is invalid lexical.)

directly and independently from semantic cohesion, enabling
early detection of token-level issues that hinder topic read-
ability and downstream use.

Lexical validity rating (L rate) assesses the linguistic
clarity of a topic word set. Given a topic word set T =
{w1, w2, . . . , wM }, we prompt a LLM to return a scalar
rating: L rate(T ) ∈ {1, 2, 3} This score reflects the model’s
judgment of whether the words in T are syntactically well-
formed, lexically valid, and understandable in isolation,
independent of thematic coherence. A score of 3 indicates
a clean and readable topic; a score of 2 suggests minor issues
or ambiguity; and a score of 1 reflects severe Lexical Validity
issues such as malformed tokens, garbled words, or obscure
terms. Compared to rule-based filters or dictionaries, LLMs
are more robust to spelling variation, morphological irregu-
larities, and multilingual terms.

Nonword detection (Lnonword) identifies topic words that
do not correspond to any linguistically valid or recogniz-
able form. The detection focuses on malformed tokens, such
as typos, gibberish, broken symbols, or encoding artifacts
that are unlikely to carry semantic meaning. Given a topic
word set T = {w1, w2, . . . , wM }, we prompt the LLM
to examine each word individually and determine whether
it satisfies general linguistic well-formedness. A word is
judged to be a “nonword” if it does not follow typical mor-
phological, orthographic, or lexical patterns recognizable.
For notational clarity, we denote the LLM’s internal deci-
sion using a boolean function IsNonword(wi ) that returns
True ifwi is considered invalid, and False otherwise. The
final output is the subset of topic words flagged as nonwords:
Lnonword(T ) = {wi ∈ T | IsNonword(wi )} This metric
provides fine-grained diagnosis of token-level quality issues,
supporting downstream tasks such as vocabulary filtering,
token correction, or corpus cleaning.

These two metrics: L rate and Lnonword, isolate surface-
level lexical problems and provide actionable signals for
cleaning malformed topics before semantic evaluation or
downstreamuse. For prompt examples corresponding to each
metric, see Prompt 1.

3.1.2 Dimension 2: intra-topic semantic soundness.

Beyond lexical validity, a well-formed topic should exhibit
semantic coherence, its words should collectively form
a meaningful, nameable concept. This dimension targets
human-perceived coherence: the extent to which a topic
evokes a unified theme interpretable by readers.

To approximate this human judgment, prior work has
introduced automatic topic coherence metrics that rely on
word co-occurrence or semantic similarity:

• CUMass [13]: based on log conditional probabilities
between word pairs in a reference corpus;

• CUCI [14]: based on pairwise pointwise mutual informa-
tion (PMI) within a sliding window;

• CNPMI [15, 43]: a normalized PMI score that better
reflects human judgments;

• CV [4]: combines sliding-window co-occurrence, NPMI,
and contextual graphs into a composite score;

• External Word Embedding Coherence [24]: measures
cosine similarity between topic words using pretrained
embeddings.

These metrics enable scalable tuning, but fall short in sparse
or domain-specific contexts, where semantically related
words may rarely co-occur or behave inconsistently in
embeddings. More importantly, these metrics often diverge
from human judgments of interpretability. For example,
Doogan and Buntine [37] showed that the LDA-generated
topic “red, wear, flag, blue, gold, black, tape, tie, green,
iron” received a high CNPMI score (ranked 9th of 60 topics),
yet human annotators were unable to assign it a meaningful
label. This example underscores a key limitation of auto-
mated coherencemetrics: they can overestimate qualitywhen
topics lack a coherent conceptual core.

To better approximate human judgments, we draw on
two established paradigms: the coherence rating task [44],
which asks humans to rate topics on a three-point scale based
on coherence, meaningfulness, and labelability. The second
is the word intrusion task [12], which measures whether a
topic forms a strong conceptual frame by testing whether
the intruding word (one out of six) can be accurately iden-
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Prompt 2: Prompt for evaluating coherence.
Prompt for Coherence Rating metric Crate
Given a topic word set [TOPIC WORDS] produced by a topic model, assess the degree of semantic consistency among the words in the context
of the topic. Assign an ordinal rating from 1 to 3 for coherence, where 1 indicates that the words are mostly unrelated, and 3 indicates that the
words are highly related and form a clear, unified theme. The rate is: [RATE]
Prompt for Outlier Detection metric Coutlier
Given a topic word set [TOPICWORDS] produced by a topic model, identify the words that do not semantically belong to the same conceptual
theme as the others. Put them into a comma-separated list. The semantically inconsistent words are: [WORD LIST]
Prompt for Adversarial Test AdvToutlier
(Note: similar as prompt for Coutlier, only adding “If all words consistent, reply: No outliers”.)

tified as the outlier. Recent work by Stammbach et al. [6]
demonstrated that LLMs effectively simulate these human
evaluations: their coherence ratings correlate more strongly
with human judgments than traditional automated metrics.
These paradigms emphasize not just lexical proximity, but
whether a topic evokes a coherent and interpretable men-
tal model, something LLMs, with their contextual reasoning
abilities, are well positioned to approximate.

Building on these foundations, we propose four LLM-
based metrics that reflect different facets of human-like
evaluation. Two provide global assessments: coherence rat-
ing and repetitiveness rating estimate overall conceptual
focus and semantic variety. The other two, outlier detec-
tion and duplicate concept detection, offer localized insight,
revealing whether a low score stems from off-topic noise,
or whether a high score is inflated by excessive repetition
rather than genuine cohesion. Together, these metrics move
beyond abstract scoring to provide interpretable signals for
model refinement and topic quality control.

Coherence rating (Crate) evaluates the semantic coher-
ence of a topic from a human perspective. Given a topic word
set T = {w1, w2, . . . , wM }, an LLM is prompted to assess
whether these words form a unified, interpretable concept.
The model assigns an ordinal rating Crate(T ) ∈ {1, 2, 3},
where 3 indicates a clearly cohesive and nameable topic,
2 suggests partial or vague coherence, and 1 denotes inco-
herence. This metric directly simulates human judgments of
interpretability, offering an alternative to traditional statisti-
cal measures. It has been shown to correlate more strongly
with human ratings than conventional automated coherence
metrics [6]. For prompt example see Prompt 2.

Outlier detection (Coutlier) identifies topic words that
semantically disrupt the internal coherence of a topic. It
simulates the word intrusion task [12], where a human is
asked to find the word that “does not belong.” Given a
topic word set T = {w1, w2, . . . , wM }, we prompt the
LLM to assess whether each word wi aligns with the dom-
inant semantic theme implied by the rest of the words in
T . We treat this as a boolean decision process implicitly
performed by the LLM. For each wi , we assume an inter-
nal predicate IsOutlier(wi , T ) that returns True if wi

is judged inconsistent with the main conceptual focus of

the topic, and False otherwise. The final output is the set
of topic words identified as outliers: Coutlier(T ) = {wi ∈
T | IsOutlier(wi , T )} This metric provides word-level
interpretability and supports fine-grained diagnosis of coher-
ence failures, complementing global coherence scores such
as Crate. For prompt example see Prompt 2.

Repetitiveness rating (Rrate) assesses whether a topic’s
coherence arises from true semantic focus or is instead artifi-
cially inflated by repetitive or synonymous terms. Thismetric
quantifies the internal redundancy of a topic by prompting
an LLM to evaluate how much overlap or semantic dupli-
cation exists among the topic words. Given a topic word set
T = {w1, w2, . . . , wM }, themodel is instructed to rate the set
on a three-point scale: Rrate(T ) ∈ {1, 2, 3}, where 3 indicates
minimal redundancy and high diversity, 2 indicates moder-
ate repetition, and 1 signals high redundancy with limited
conceptual breadth. This score complements Crate by distin-
guishing genuine coherence from superficial repetition. For
prompt example see Prompt 3.

Duplicate concept detection (Rduplicate) identifies word
pairs within a topic that express the same or nearly identical
concepts. Unlike Rrate, which produces an aggregate score
of redundancy, this metric offers fine-grained interpretability
by explicitly locating semantic duplications within the topic.
Given a topic word set T = {w1, w2, . . . , wM }, we prompt
the LLM to evaluate every pair (wi , w j ) with i �= j and
determine whether the two terms refer to the same underly-
ing concept. This includes synonymy, paraphrasing, or highly
overlapping meaning in context. For notation, we define a
boolean relation IsDuplicate(wi , w j ) that returns True
ifwi andw j are judged to express the same concept. The final
output is the set of redundant word pairs: Rduplicate(T ) =
{(wi , w j ) | IsDuplicate(wi , w j ), i �= j} This met-
ric is particularly useful for detecting cases where a topic’s
apparent coherence arises from lexical repetition rather than
semantic diversity. It enables precise diagnosis and supports
refinement of topic quality by discouraging redundancy-
based coherence. For prompt example see Prompt 3.

Together, these fourmetrics provide amultifaceted assess-
ment of topic cohesion. Awell-formed topic should receive a
high coherence rating (Crate) and low outlier detection count
(Coutlier), indicating a focused and interpretable theme. At
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Prompt 3: Prompt for evaluating repetitiveness.
Prompt for Repetitiveness Rating metric Rrate
Given a topic word set [TOPIC WORDS] produced by a topic model, evaluate if there are semantically equivalent words. Assign an ordinal
rating from 1 to 3 for repetitiveness, where 1 indicates highly repetitive with significant semantic overlap, and 3 indicates minimal repetition
with diverse and distinctive words.
The rate is: [RATE]
Prompt for Duplicate Concept Detection metric Rduplicate
Given a topic word set [TOPIC WORDS] produced by a topic model, identify pairs of words that refer to the concepts or ideas that are exactly
the same (not just related or similar). Provide each pair as a tuple in a comma-separated list.
The word pairs are: [WORD LIST]
Prompt for Adversarial Test AdvTduplicate
(Note: similar as prompt for Rduplicate, only adding an [ANCHOR] to be paired with the identified word.)

Prompt 4: Prompt for evaluating diversity.
Prompt for Pair-wised Topic Diversity Rating metric Drate
Given two groups of topic words: Group 1: [TOPIC WORDS 1], Group 2 [TOPIC WORDS 2], analyze the themes represented by the two
groups. Assign an ordinal rating from 1 to 3 based on the degree of thematic distinctiveness between the two groups: Rate 1: Partial overlapping
themes. Rate 3: Highly distinctive themes.
The rate is: [RATE]

the same time, it should exhibit low redundancy, reflected
in a high repetitiveness rating (Rrate) and a minimal num-
ber of semantically duplicate pairs (Rduplicate). While the
two rating metrics quantify the overall cohesion and vari-
ety of a topic, the two detection metrics offer interpretive
insight into the internal structure, revealing whether weak-
nesses stem fromoff-topic intrusions or superficial repetition.
This combination enables not just evaluation, but diagnosis:
by pinpointing failure modes, the metrics support targeted
refinement, informed pruning, and more reliable topic selec-
tion in human-facing applications.

3.1.3 Dimension 3: inter-topic structural soundness.

Even when individual topics are coherent, a model may still
be ineffective if the overall topic set is redundant, fragmented,
or poorly organized. This dimension evaluates the structural
soundness of the topic collection, whether the topics parti-
tion the semantic space clearly andmeaningfully. Traditional
evaluationmethodsprimarily rely on topic-to-topic similarity
or diversity metrics. Token-overlap-based measures include:

• TopicUniqueness (DTU) [28]: the number of top-k tokens
in a topic that are exclusive to that topic;

• Topic Redundancy (DTR) [27]: the average token overlap
across all topic pairs;

• Topic Diversity (DTD) [5]: the proportion of unique
tokens among all top-k topic words.

Rank-based evaluation is exemplified by:

• Inversed Rank-Biased Overlap (DIRBO) [20]: a rank-
biased overlap metric adapted to emphasize dissimilarity
between ranked token lists.

Word embedding-based approaches include:

• DWE-CD [20]: cosine distance between centroid vectors
of topic embeddings;

• DWE-PD [29]: average pairwise distance between all topic
embeddings;

• DWE-IRBO [29]: rank-aware semantic dissimilarity using
word embeddings.

While these metrics provide valuable signals, each has
notable limitations. Token-overlapmethods overlook seman-
tic equivalence, failing to capture near-duplicate topics with
distinct surface forms. Embedding-based metrics, while
semantically informed, often lack interpretability, making it
difficult to identify which topics are redundant. To address
these gaps, we propose an LLM-based evaluation metric:

Pair-wised topic diversity rating (Drate) quantifies the
semantic distinctiveness between two topics from a human-
centered perspective. Given a pair of topic word sets Ti

and T j , each consisting of k top-ranked words, a LLM is
prompted to rate their semantic overlap on a three-point scale:
Drate(Ti , T j ) ∈ {1, 2, 3} A rating of 3 indicates that the top-
ics are clearly distinct, 2 denotes partial semantic overlap
or shared aspects, and 1 suggests substantial redundancy or
conceptual duplication. This metric helps assess whether the
topic set spans diverse semantic regions or exhibits excessive
overlap across themes.

Applying this LLM-based evaluation across all topic pairs
enables a deeper semantic characterization of the topic set:
identifying which topics are distinct, which are entangled,
These insights can inform downstream applications such as
topic merging and structured summarization. Prompt exam-
ple used to elicit LLM judgments are provided in Prompt 4.
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Prompt 5: Prompt for evaluating topic-document alignment.
Prompt for Irrelevant Topic Words Detection metric Air-tw
Given a document: [DOCUMENT] and a topic word set [TOPICWORDS], identify which topics in the word list are not relevant to the document.
Return these extraneous topics, or [ ] if all topics in the word list are relevant to the document.
Return the extraneous topics list or [ ]: [TOPIC WORDS/[ ]]
Prompt for Missing Themes Detection metric Amissing-theme
Given a document: [DOCUMENT] and a topic word set [TOPIC WORDS], identify which themes present in the document are not included in
the topic word set.
Return these missing themes, or [ ] if all themes from the document are included in the word list.
Return the missed themes list or [ ]: [MISSING THEMES/[ ]]

3.2 Purpose II: document labeling and classification

A key application of topic modeling is to treat topics as
machine-interpretable labels for documents. Unlike human-
centered interpretability (Purpose I in Section 3.1), the focus
here is whether topic assignments support large-scale orga-
nizational tasks, such as corpus structuring, indexing, and
classification. Topics act as latent tags that help organize doc-
uments and improve discoverability.

Topic-driven labeling has been applied in domains such
as legal case indexing [45, 46], scientific data annotation
[47], and digital library metadata enrichment [48, 49]. Topic-
label alignment also supports classification systems: partially
supervised models leverage weak label signals to guide topic
learning [50], while topic-based classifiers assign categories
to previously unlabeled texts [51]. The effectiveness of these
systems depends on whether document-topic associations
reflect coherent, discriminative categories aligned with doc-
ument semantics. We decompose the quality requirements
for this purpose into two dimensions.

• Dimension 4: Document Clusters Boundary Clarity: Do
topic assignments yield distinct, non-overlapping clus-
ters of documents?

• Dimension 5: Document-topic Alignment Soundness:
Are documents assigned to topics that accurately reflect
their content?

We now describe each dimension and its associated evalua-
tion metrics.

3.2.1 Dimension 4: document clusters boundary clarity.

This dimension asks whether topic assignments produce
semantically distinct clusters of documents. Traditional met-
rics include:

• Top-topic clustering [52]: assign each document to its
highest-probability topic, then compute cluster qual-
ity using purity and normalized mutual information
(NMI) [53];

• Topic vector clustering [54]: cluster document-topic dis-
tributions and evaluate compactness and separation by
computing cluster quality using purity and NMI;

• Silhouette score: measure cohesion vs. separation of doc-
ument embeddings conditioned on topic assignment.

As these methods are sufficient for assessing structural sep-
aration, we do not introduce LLM-based evaluation for this
dimension.

3.2.2 Dimension 5: document–topic alignment soundness.

This dimension assesses whether the topics assigned to a
document meaningfully represent its semantic content, that
is, whether the topics reflect what the document is actually
about. Several evaluation paradigms have been proposed to
assess this alignment:

• Document-topic relevance rating [30]: human annotators
rate how well a given topic word set matches a docu-
ment’s content on a 0–3 scale. Averaged scores provide
a model-level measure.

• Topic intrusion task [30]: annotators identify the
“intruder” from a set of four topics, three relevant to the
document, one not. Higher accuracy suggests stronger
topic–document alignment.

• Automated topic intrusion task [31]: an automated ver-
sion trains a neural classifier to predict intruder topics
from document–topic pairs, which achieved high corre-
lation with human judgments

• Coverage evaluation [33]: Model-generated topics are
compared against a reference set of curated topics.
Matching is measured either via a trained classifier or
an unsupervised similarity threshold.

• LLM-based keyword agreement [35]: For each docu-
ment, the model provides a topic word set; a language
model then generates keywords based on the same docu-
ment. Similarity metrics (e.g., lexical overlap, semantic
match) are used to assess alignment.

These methods capture complementary aspects of assign-
ment soundness, from human-judged topical relevance to
automatic semantic alignment. However, they also present
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notable limitations. Manual evaluations are labor-intensive
and hard to scale. Reference-based methods rely on curated
labels or external topic sets thatmaynot generalize.Classifier-
based techniques require annotated training data and intro-
duce model-specific biases. To address these challenges, we
introduce twoLLM-based evaluations that are scalable, inter-
pretable, and domain-adaptive:

Irrelevant topic words detection (Air-tw) evaluates
whether a topic assigned to a document contains words
that are semantically unrelated to the document’s content.
Given a document d and an assigned topic represented by
the word set T = {w1, w2, . . . , wM }, an LLM is prompted
to identify the subset of topic words that do not explic-
itly or implicitly relate to d. The result is a filtered set:
Air-tw(d, T ) = {wi ∈ T | wi � content(d)} This metric
captures assignment errors in which a topic contains extra-
neous or off-topic elements, serving as a diagnostic tool for
false-positive document-topic alignment soundness.

Missing theme detection (Amissing-theme) detects false neg-
atives in topic assignments by identifying salient content in
the document that is not covered by any of its assigned topic
words. Given a document d and its associated topic word sets
T1, T2, . . . , Tn , we prompt the LLM to extract important con-
cepts fromd that are semantically relevant yet absent from the
union of topic words. The result is a set of missing themes:
Amissing-theme(d) = {c1, c2, · · · | ci /∈ ∪ jT j } This metric
captures under-representation in document–topic alignment,
flagging documents whose core content is not adequately
reflected in the model’s topic structure. When applied across
a corpus, it also reveals which topics or conceptual areas
are systematically undercovered, highlighting potential blind
spots in the learned topic space.

Together, these metrics capture two key types of
document–topic misalignment: Air-tw identifies extraneous
topic content that does not reflect the document, while
Amissing-theme detects salient ideas in the document that are
not covered by any assigned topic. This dual perspective
enables amore precise diagnosis of alignment quality. Exam-
ples of LLM prompts for both boundary and assignment
evaluation are provided in Prompt 5.

3.3 Purpose III: topic-based retrieval and
summarization

Beyond interpretation and labeling, topic modeling enables
semantic access to documents via retrieval and summa-
rization. Here, topics act as dynamic interfaces, not static
summaries, used to locate, compare, and distill relevant con-
tent. Task success hinges on how well topic descriptors align
with document meaning.

In retrieval and recommendation, documents are embed-
ded in a topic space and compared via similarity metrics

(e.g., cosine or Jensen–Shannon divergence). This underlies
systems like topic-enhanced recommenders [2] and hashtag
suggestions [55]. Retrieval quality depends on topic assign-
ment precision and recall: vague topics yield false positives,
while missing assignments lead to false negatives.

Topic models also support unsupervised extractive sum-
marization. Some methods extract sentences near topic
centroids in embedding space as summary candidates [56];
others match document spans against extended topic word
sets [57]. Both assume each topic forms a coherent semantic
unit reflected by its words.

These applications rely on a reliable many-to-many map-
ping between topics and documents. Topic word sets must
accurately represent their documents, and documents must,
in turn, reflect their assigned topics. Misalignment, e.g.,
assigning a “renewable energy policy” document to the vague
topic “power, system, development”, can harm ranking or
produce misleading summaries. Effective retrieval and sum-
marization require high-quality topic–document alignment.
Two complementary aspects are critical:

• Precision: Topics should avoid irrelevant tokens thatmis-
represent the document (false positives);

• Recall: Topics should capture the salient concepts in each
document (false negatives).

We evaluate these aspects using the sameLLM-basedmetrics
introduced in Section 3.2: Air-tw for irrelevant topic words
and Amissing-theme for missing document content.

Together, these metrics provide diagnostic insight into
alignment quality for retrieval and summarization. Unlike
labeling, which emphasizes organization, this use case
demands that topics serve as precise and complete seman-
tic handles for operational access.

4 Experimental setup

4.1 Data

We evaluate topic models across three datasets representing
diverse domains and linguistic styles: online news groups,
scholarly publications, and social media. These datasets
present distinct challenges and enable the assessment of topic
model performance across multiple functional dimensions,
including topic coherence, boundary clarity, and robustness
to domain and style variation. The statistics of three datasets
are shown in Table 1.
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Table 1 Summary statistics of
datasets after preprocessing

Dataset 20NG AGRIS TWEETS_NYR

Train/Test 11,314 / 7,532 454,850 / 50,703 4,501 / 501

Token (All) 2,799,137 13,405,779 75,168

Token (Avg.) 149 27 15

Token (Median) 78 24 14

Token (Max.) 12,072 344 50

Vocab 10,000 10,000 5,000

Labels Counts 20 19,469 10

20 Newsgroups (20NG)

This is a widely used dataset [21, 58–60], retrieved from
the “20news-bydate.tar.gz” version2. There are 11,314 doc-
uments for training and 7,532 for testing. The dataset spans
a broad range of topics and is frequently used to evalu-
ate boundary clarity and topic interpretability. Preprocessing
includes lowercasing, removal of quoted replies, email signa-
tures, and special symbols. The original vocabulary contains
54,437 tokens. After stopword removal using Gensim’s list,
it is reduced to 54,147. We retain the top 10,000 most fre-
quent words as vocabulary for modeling. The dataset serves
as a representative case of structured yet noisy user-generated
text.

AGRIS

This is a domain-specific dataset of scholarly documents
retrieved from the FAO’s AGRIS database3, consisting of
50,067 documents (45,060 for training, 5,007 for testing).
Each entry contains a title and abstract, with multi-labels
drawn from AGROVOC4, a multilingual agricultural the-
saurus. To support fine-grained topic evaluation, abstracts
are segmented into sentences using SaT [61], and combined
with titles, yielding 454,850 training and 50,703 test entries.
We exclude non-English, extremely short, or duplicate texts.
Preprocessing includes lowercasing, removal of special char-
acters, lemmatization via SpaCy, and stopwordfiltering using
both Gensim’s list and domain-specific frequency thresh-
olds [62]. The vocabulary size is reduced from 90,604 to
13,354, from which the top 10,000 most frequent words
are retained for modeling. This dataset supports fine-grained
evaluation of topic fidelity in specialized academic text.

2 http://qwone.com/~jason/20Newsgroups.
3 https://agris.fao.org/search/en.
4 https://agrovoc.fao.org/browse/agrovoc/en/.

TWEETS_NYR

This dataset consists of 5,002 NewYear’s resolution tweets5.
After removing non-English and entries with insufficient
content, we split the data into 4,501 training and 501 test
entries. Preprocessing includes user/retweet removal, hash-
tag normalization, lemmatization, and stopword filtering
based on both Gensim’s list and domain-specific frequency
statistics [62]. Thevocabulary is reduced from5,477 to 5,230,
from which the top 5,000 most frequent words are retained
for modeling. As a corpus of short, informal, and noisy text,
this dataset serves to evaluate model robustness under mini-
mal context.

4.2 Topic models

We evaluate four representative topic modeling approaches
that span probabilistic, neural, and embedding-based
paradigms:
LDA [1]: a foundational probabilistic topic model that rep-
resents documents as mixtures of topics, with each topic
modeled as a distribution over words. We use the Gensim
implementation6.
ProdLDA [16]: a neural adaptation of LDA that leverages
variational autoencoders to enhance scalability and improve
topic coherence. we adopt the code provided by the OCTIS
toolkit7.
CombinedTM [20]: it integrates contextual embeddings
from pre-trained transformers into the LDA framework,
effectively capturing semantic nuances through deep neural
embeddings. We used the official implementation8.
BERTopic [26]: combines document embeddings with a
class-basedTF-IDFprocedure to generate coherent and inter-
pretable topics. For this study, we configured BERTopic with

5 https://www.kaggle.com/datasets/andrewmvd/new-years-
resolutions.
6 https://radimrehurek.com/gensim/models/ldamodel.html.
7 https://github.com/MIND-Lab/OCTIS.
8 https://github.com/MilaNLProc/contextualized-topic-models.
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Table 2 Hyperparameter search space and the best configurations selected for each topic model. The right three columns specify the final settings
for each dataset, chosen based on the average score of five automated metrics

Topic Model Hyperparameter Grid Search Space Best Configuration per Dataset

20NG AGRIS TWEETS_NYR

K=50 K=100 K=50 K=100 K=50 K=100

LDA α {0.01, 0.1, 0.5} 0.5 0.5 0.5 0.5 0.5 0.01

η {0.01, 0.1, 0.5} 0.01 0.01 0.5 0.5 0.1 0.01

ProdLDA hidden_size {100, 200, 400} 200 200 200 200 200 200

dropout {0.1, 0.3, 0.5} 0.1 0.1 0.1 0.1 0.1 0.5

learning_rate {0.001, 0.002, 0.005} 0.001 0.005 0.005 0.005 0.005 0.005

CombinedTM hidden_size {100, 200, 400} 200 200 200 200 200 200

dropout {0.1, 0.3, 0.5} 0.1 0.1 0.1 0.1 0.1 0.3

learning_rate {0.001, 0.002, 0.005} 0.005 0.005 0.005 0.002 0.005 0.005

BERTopic n_neighbors 5 to 50, step size 5 10 10 10 10 25 35

n_components 5 to 30, step size 5 5 5 5 5 20 25

min_cluster_size see detaila 25 13 680 370 20 9

diversity {0.3, 0.5, 0.7} 0.3 0.3 0.3 0.3 0.3 0.5

a The search space for min_cluster_size varied by dataset due to differences in scale and document density. For 20NG and TWEETS_NYR,
it was 10 to 25 with step size 5; for the much larger AGRIS dataset, it was 340 to 400 with step size 30 and 650 to 710 with step size 30

UMAP for dimensionality reduction and HDBSCAN for
clustering, following its standard pipeline9.

Hyperparameter selection

For each model-dataset-topic combination, we conduct
exhaustive hyperparameter tuning. We define a discrete
search space for each model, evaluate all configurations
using five automatic metrics (CUMass, CNPMI, CV, DTU, and
DIRBO), and select the best-performing configuration based
on the average score. For ProdLDA and CombinedTM, the
number of training epochswas fixed at 40. For BERTopic, the
min_samples parameter for HDBSCAN was set propor-
tionally as 0.8 of the min_cluster_size. The complete
search spaces and the final selected hyperparameters for each
model and dataset are detailed in Table 2.

Training setting

All topic models are trained with two topic numbers, K=50
and K=100, and each configuration is executed once after
hyperparameter tuning. For each trained model, we extract
the top-10 most probable words (i.e. M=10) per topic to rep-
resent the topic set. For CombinedTM and BERTopic, word
embeddings are initialized using the pre-trained Sentence-
Transformermodel all-MiniLM-L12-v2, which is fixed
throughout training to ensure consistent semantic grounding.
To reduce computational cost while maintaining evaluation
reliability, we refrain from repeated training runs. Instead,

9 https://maartengr.github.io/BERTopic/.

all model outputs are subjected to repeated sampling dur-
ing evaluation (e.g., multiple LLM completions per metric),
ensuring stability and robustness of metric estimates without
requiring multiple model instantiations.

Topic models training efficiency and Resource Usage

We record the training time for eachmodel–dataset combina-
tion using their final hyperparameter configurations.All LDA
runs were executed on CPU only, requiring approximately 1
minute on 20NG, 4 minutes on AGRIS, and 10 seconds on
TWEETS_NYR. ProdLDA exhibited varying demands: 58
seconds on 20NG and 13 seconds on TWEETS_NYR using
CPU, while AGRIS required GPU acceleration, reducing
training time from 40 minutes (CPU) to 10 minutes (H100).
CombinedTM also benefited fromGPU usage onAGRIS (20
minutes), while remaining lightweight on CPU for 20NG (2
minutes) and TWEETS_NYR (33 seconds). BERTopic was
consistently fast across datasets, with GPU-based training on
H100 taking 15–22 seconds for 20NG and TWEETS_NYR,
and 3 minutes for AGRIS.

4.3 Evaluation

LLM-based evaluation setup

We adopt eight open-source instruction-tuned LLMs to
assess topic quality, as detailed inTable 3. Thesemodelswere
chosen to represent a diverse range of modern architectures
and capabilities, including state-of-the-art context window
sizes. For the large-scale models, we used 4-bit quantized
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Table 3 Specifications of the
LLMs used for evaluation.
Models marked with an asterisk
(*) were 4-bit quantized using
Unsloth

LLM Context Window Model Identifier on Hugging Face

Gemma 128K google/gemma-3-4b-it

Gemma-large* 128K unsloth/gemma-3-27b-it-qat-bnb-4bit

Llama 128K meta-llama/Llama-3.1-8B-Instruct

Llama-large* 128K unsloth/Llama-3.3-70B-Instruct-bnb-4bit

Mistral 128K Ministral-8B-Instruct-2410

Mistral-large* 128K unsloth/Mistral-Small-3.1-24B-Instruct-2503-bnb-4bit

Qwen 128K Qwen/Qwen2.5-7B-Instruct

Qwen-large* 128K unsloth/Qwen2.5-72B-Instruct-bnb-4bit

versions provided by Unsloth 10 to ensure efficient compu-
tation, while the base models were sourced directly from
Hugging Face11.

All models are evaluated under identical settings: temper-
ature 0.7, stochastic decoding, and 5 sampling runs per query.
For scalar metrics (e.g., 1−3 rating scores), we compute the
average across runs; For boolean judgments, we applymajor-
ity voting (≥ 3 of 5).

Sampling protocol andmetric application

All LLM-basedmetrics are computed using the top-10words
of each topic (M = 10), across the full topic set for
each trained model. For document-topic alignment sound-
ness metrics, we randomly sample up to 5 documents per
topic from the model output, yielding 3,005 pairs (20NG),
2,995 pairs (AGRIS), and 3,055 pairs (TWEETS_NYR).
These samples are fed into the corresponding LLM metric
prompts, enabling localized evaluation of assignment sound-
ness. Each prompt is issued 5 times per instance to capture
output variability. For the adversarial test, we randomly sam-
pled 100 topics from four topic models applied to the three
datasets. The handling of document length posed no chal-
lenge in our experiments. The maximum document length
across all datasets (approx. 12,000 tokens, see Table 1) was
well within the 128K-token context window supported by
our suite of LLMs (see Table 3). Consequently, all docu-
ments were processed in their entirety without truncation.
This approach ensures scalability for many digital library
applications, and can be readily adapted for even larger texts
by leveraging models with extended context windows.

LLM evaluation efficiency and resource usage

All experiments were conducted on a server equipped with
an Intel Xeon Gold 6448Y CPU with 32 cores, 1007GB of
RAM, and five NVIDIA H100 GPUs. Most models oper-

10 https://unsloth.ai/.
11 https://huggingface.co.

ate in bfloat16 precision, while large variants (Gemma-large,
Mistral-large, Llama-large, Qwen-large) are quantized to 4-
bit using the Unsloth framework. Inference is served via
vLLM [63], which dynamically batches requests to optimize
memory utilization without requiring manual batch-size tun-
ing.

Evaluation time varies substantially across metrics. Fast-
running metrics, including L rate, Lnonword, Crate, Coutlier,
Rrate, and Rduplicate, typically complete within 4 minutes.
More complex metrics such as Air-tw and Amissing-theme

require approximately 18 minutes, while the most expen-
sive ones, Drate, take around 42 minutes. Each adversarial
test takes roughly 3 minutes per run.

In total, evaluating all LLM-based metrics once across
the entire benchmark suite, three datasets, four topic mod-
els, and two topic counts, takes approximately 44.4 GPU
hours. Five runs for each means approximately 222 GPU
hours. However, parallelization across five H100 GPUs
enables completion within two days. Throughout all experi-
ments, memory usage remained below 80GB. Although the
framework does not currently support distributed evaluation,
its modular design allows efficient scaling across models,
datasets, and topic configurations with minimal overhead.

We find that the large version of each LLM takes up the
vast majority of the runtime, and it depends on the specific
size of the large LLMs. Specifically, Qwen-large and Llama-
large take about 9 × more time compared to their smaller
versions, while Gemma-large and Mistral-large take about 5
× more time than Gemma and Mistral.

To provide a transparent measure of computational cost,
we analyzed the token throughput of our framework. For
the entire suite of experiments, we estimate a total usage
of approximately 10.3 million input tokens and 1.0 mil-
lion output tokens. On a per-sample basis, the token cost
varies significantly across metric types. The most economi-
cal are the rating-basedmetrics, such asCrate and Rrate, which
consume 120-150 input tokens for the promptwhile generat-
ing a minimal output. Detection-based tasks like Coutlier and
Rduplicate present a different profile, with shorter prompts but
more substantial outputs (up to 50 tokens) to list identified
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items. By a significant margin, however, the most token-
intensive tasks are the document-topic alignment soundness
metrics (Air-tw and Amissing-theme). This is directly attributable
to the necessity of including document text within their
prompts, which increases for a single assessment to the
200-300 input token range. This granular cost breakdown,
dominated by document-level analysis, not only clarifies the
primary drivers of computational effort but also allows other
researchers to make informed trade-offs, for instance by
prioritizing topic-level metrics for more rapid or resource-
constrained analyses.

4.4 Adversarial test

We introduce three targeted adversarial tests to validate the
reliability of key automated metrics. Each test injects a mini-
mal, controlled perturbation into a topic word set, such as
a nonword, an outlier, or a duplicate concept word, and
prompts the LLM to identify it. This validation protocol
creates gold-standard cases for benchmarking, ensuring the
related metrics are robust to realistic errors before full-scale
automated deployment.

AdvTnonword is designed to validate the reliability of our
automated nonword detection metric. It is crucial to clarify
that this test serves as a validation protocol to create a gold
standard test set, and is not a component of the scalable,
automated application of our framework. For each test case,
we begin with a clean topic word set and manually inject
one lexically invalid token to simulate minimal but realistic
noise. Inserted tokens fall into one of three categories: (1)
misspelled or garbled strings (e.g., “envrnmnt”, “x%ag8”),
(2) ambiguous or obscure abbreviations, or (3) nonwords pro-
duced via character substitution. The remaining topic words
are kept unchanged to preserve semantic plausibility. The
LLM is then prompted to identify which tokens do not cor-
respond to recognizable lexical forms, relying on general
linguistic plausibility. This validation ensures we can trust
the results of the Lnonword metric, which is otherwise applied
in a fully automated fashion during its application phase. For
prompt example see Prompt 1.

AdvToutlier is designed to assess the reliability of the
outlier detection metric. Following the validation princi-
ple established for our framework, we conduct this test by
simulating controlled perturbations. Inspired by the word
intrusion task [12], for each test sample, we manually insert
a semantically unrelated term (e.g., inserting “Shakespeare”
into a topic on renewable energy) into a coherent topic word
list. Eachmodified topic contains exactly one intrudingword.
The LLM is then prompted to identify the outlier, allowing
us to precisely evaluate its sensitivity to minimal disruptions
in topical cohesion and confirm the reliability of the auto-
mated Coutlier metric. Each modified topic word set contains
exactly one intruding word, while the rest remain unaltered

to preserve coherence. The LLM is prompted to identify the
outlier based on semantic inconsistency with the remaining
words. This setup enables precise evaluation of the LLM’s
sensitivity to minimal disruptions in topical cohesion. For
prompt example see Prompt 2.

AdvTduplicate is designed to validate the robustness of the
duplicate concept detection metric. Consistent with our val-
idation methodology, this test relies on creating controlled
test cases with known redundancies. We manually inject a
word into the topic word set that expresses the same concept
as an existing word (the anchor), such as a synonym or an
abbreviation (e.g., “chrismas” and “xmas”). The LLM is then
prompted to detect the created word pair. This process allows
us to verify the reliability of the Rduplicate metric before its
full automated deployment in our framework. For each test
case, the LLM is prompted to detect semantically redundant
word pairs. The test is successful if the inserted duplicate is
paired with its intended anchor. While additional pairs may
be flagged, only the detection of the inserted duplicate is
scored. For prompt example see Prompt 3.

5 Results and discussion

5.1 Adversarial test robustness analysis

To assess the diagnostic reliability of LLM-based metrics
under deliberately corrupted inputs, we conduct three adver-
sarial tests, AdvTnonword, AdvToutlier, and AdvTduplicate,
across all datasets and LLMs. Detection accuracy was
evaluated over 100 adversarially modified topics per model–
dataset combination, with the results summarized in Table 4.

AdvTnonword: from the aspect of datasets, detection accuracy
is highest on AGRIS (0.94), followed by 20NG (0.90), and
lowest on TWEETS_NYR (0.68). This reflects the challenge
of distinguishing invalid tokens in informal, low-context texts
like tweets, where lexical anomalies may blend into stylistic
noise. From the LLMs as evaluator’s aspect, Larger models
such asGemma-large (0.99),Qwen-large (0.90), andMistral-
large (0.89) perform best. However, Gemma (0.97), despite
being a small model, shows strong performance, suggesting
good small-model substitutability in this task. In contrast,
Mistral (0.59) and Llama (0.68) lag behind, indicating lim-
ited robustness and poor cost-performance tradeoff in lexical
validation.

AdvToutlier: from the aspect of datasets, all models per-
form well on TWEETS_NYR (0.95), possibly due to its
sharper topical focus and less ambiguity per topic word set,
while 20NG (0.83) and AGRIS (0.85) remain slightly lower.
From the LLMs as evaluator’s aspect, strong performance
is observed from Gemma-large (0.92), Qwen-large (0.91),
and Llama-large (0.90). Notably, Llama (0.88), a smaller
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Table 4 Adversarial test accuracy across datasets. Datasets are abbreviated: N (20NG), A (AGRIS), T (TWEETS_NYR). Per-test and overall
averages are shown in bold

LLM AdvTnonword AdvToutlier AdvTduplicate Overall

N A T Avg N A T Avg N A T Avg

Gemma 0.98 1.00 0.93 0.97 0.75 0.85 0.95 0.85 0.94 0.87 0.79 0.87 0.90

Gemma-large 1.00 1.00 0.97 0.99 0.91 0.86 0.99 0.92 0.92 0.81 0.79 0.84 0.92

Llama 0.81 0.83 0.39 0.68 0.86 0.83 0.96 0.88 0.92 0.85 0.87 0.88 0.81

Llama-large 0.92 0.99 0.71 0.87 0.86 0.87 0.97 0.90 0.99 0.94 0.94 0.96 0.91

Mistral 0.68 0.76 0.34 0.59 0.77 0.81 0.85 0.81 0.92 0.71 0.75 0.79 0.73

Mistral-large 0.97 1.00 0.69 0.89 0.84 0.88 0.98 0.90 0.97 0.89 0.89 0.92 0.90

Qwen 0.85 0.98 0.69 0.84 0.76 0.82 0.94 0.84 0.93 0.91 0.89 0.91 0.86

Qwen-large 0.95 0.99 0.75 0.90 0.88 0.88 0.98 0.91 0.98 0.98 0.89 0.95 0.92

Fig. 2 Result of LLM-based
Metrics (rating)

model, achieves performance close to its larger counterpart,
indicating potential substitutability.Mistral (0.81) is the low-
est, suggesting less semantic sensitivity in detecting thematic
intrusions.

AdvTduplicate: from the aspect of datasets, 20NG (0.95)
yields the highest accuracy, followed by AGRIS (0.87) and
TWEETS_NYR (0.85). Since topic length is fixed (top-10
words), this likely reflects the influence of domain redun-
dancy, repetitive terminology is easier to detect in news than
in scientific domains and sparse, informal tweet language.
From the LLMs as evaluator’s aspect, best results come from
Llama-large (0.94) and Qwen-large (0.94). However, Qwen
(0.90) and Gemma (0.83), both small models, perform sur-
prisinglywell,making themefficient alternatives. In contrast,
Mistral (0.73) is again the weakest, underperforming even
when compared to peer small models.

5.2 Performance of topic models and dataset

To assess how different topic modeling methods perform
under various quality metrics, we analyze results from two
complementary perspectives: (1) comparison across models
for fixed datasets, and (2) comparison across datasets for
fixed models. Each perspective illuminates distinct aspects
of model behavior, robustness, and generalization.

Comparison across topic models

We compare four topic models (LDA, ProdLDA, Com-
binedTM, andBERTopic) across nine LLM-based evaluation
metrics, grouped into two categories: scalar rating metrics
(higher rate is better, see Figure 2) and error detectionmetrics
(lower count is better, see Figure 3). Each value reflects the
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Fig. 3 Result of LLM-based
Metrics (counting)

average across three datasets and two topic counts (K = 50
and K = 100). Complete data can be found in the Supple-
mental Material.

Lexical validity. CombinedTM and BERTopic achieve the
highest scores on lexical validity (L rate), indicating strong
performance in producing fluent and interpretable topic
words. LDA is competitive, while ProdLDA yields slightly
lower fluency. However, in terms of nonword detection
(Lnonword), which counts malformed or invalid terms, LDA
achieves the lowest error rate, followed by CombinedTM.
ProdLDA performs the worst, suggesting that its generated
topics contain more irregular lexical entries.

Intra-topic semantic soundness. BERTopic achieves the
highest coherence scores (Crate). It also shows the fewest
detected outliers (Coutlier), reinforcing its semantic com-
pactness. CombinedTM follows closely, while LDA and
ProdLDA score consistently lower. In contrast to its strong
coherence, BERTopic performs worst in both repetitiveness
rating (Rrate) and duplicate concept detection (Rduplicate),
indicating a tendency to generate thematically redundant
topics. Meaning, BERTopic’s high coherence does come at
the cost of excessive lexical repetition. LDA, ProdLDA, and
CombinedTM all show lower redundancy levels, with LDA
being particularly strong on minimizing concept duplica-
tion. For instance, on the TWEETS_NYR dataset, BERTopic
produced a highly coherent topic on religion (“god, pray,
jesus...”) but included the repetitive pair (“pray”, “prayer”),
a pattern we analyze further in Section 5.6 (see Table 10).

Inter-topic structural soundness.Allmodels perform simi-
larly in diversity rating (Drate), though BERTopic has a slight

edge. That said, the overall gap between models on this met-
ric is small.

Document-topic alignment soundness. CombinedTM
achieves the best performance in missing theme detection
(Amissing-theme), followed by ProdLDA and LDA. BERTopic
shows the highest number of missing themes, implying that
its topics may fail to comprehensively reflect document con-
tent. Irrelevant topic word detection (Air-tw) is similarly
highest for BERTopic, indicating a greater inclusion of off-
topic terms. In sum, BERTopic provides highly coherent
and readable topics but at the cost of increased redun-
dancy and alignment errors. CombinedTM offers a more
balanced trade-off across metrics. LDA is surprisingly com-
petitive, particularly in lexical precision and low redundancy.
ProdLDA underperforms on most axes, likely due to insta-
bility in variational inference.

Comparison across datasets

We next examine model behavior across the three datasets,
20NG(newsgroup style),AGRIS (scientific), andTWEETS_
NYR (short, informal text), to evaluate the impact of domain
characteristics on metric outcomes.

Lexical validity. AGRIS supports the best lexical validity
across all models, achieving the highest L rate and the low-
est Lnonword values. This suggests that technical corpora
with standardized vocabulary allow topic models to generate
more fluent outputs. Conversely, TWEETS_NYR presents
the greatest challenge due to noise, informality, and brevity.
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Intra-topic semantic soundness. Coherence is highest on
AGRIS, moderate on 20NG, and lowest on TWEETS_NYR.
These results reflect the influence of domain regularity on
internal topic consistency. The Coutlier metric further high-
lights that TWEETS_NYR topics contain more semantically
incoherent terms, despite appearing reasonable in aggregate
scores. TWEETS_NYR shows the highest ratings in Rrate,
suggesting it suffers least fromwithin-topic repetition, likely
due to its shorter documents. However, Rduplicate is lowest
in AGRIS, indicating better inter-topic differentiation in the
scientific dataset.

Inter-topic structural soundness. The diversity metric
(Drate) remains relatively stable across datasets, though
20NG shows slightly higher scores, possibly due to its
broader topic coverage. The variation across datasets is mod-
est.

Document-topic alignment soundness. The most off-topic
words (Air-tw) are detected in 20NG, followed by
TWEETS_NYR, with AGRIS performing best. Missing
themes (Amissing-theme) are most frequent in 20NG and
TWEETS_NYR, both of which contain noisier or less struc-
tured content. Overall, AGRIS emerges as themost favorable
setting for generating accurate and coherent topics.

5.3 Correlation of metrics

Correlations among LLM-basedmetrics

To ensure comparability across metrics with different direc-
tional interpretations, we preprocessed all LLM-based scores
before computing correlations using Pearson correlation
coefficient [64]. Specifically, we standardized all metrics
such that higher values uniformly indicate better topic qual-
ity. This involved inverting the values of negatively-oriented
metrics, including Nonword Detection (Lnonword), Outlier
Detection (Coutlier), Duplicate ConceptDetection (Rduplicate),
Irrelevant TopicWordDetection (Air-tw), andMissingTheme
Detection (Amissing-theme), by subtracting them from their
maximum observed value. Correlations were then calculated
using these aligned scores.

Based on the correlation heatmap (Fig. 4) of LLM-based
evaluationmetrics (after inverting the direction of negatively-
oriented metrics for interpretability), we observe several
consistent patterns that both validate the design of our met-
rics and reveal latent interactions across quality dimensions.
First, metrics designed as diagnostic companions exhibit
strong internal consistency. L rate is highly positively cor-
related with Lnonword at r = 0.94, indicating that when
topic words are rated as lexically valid, they also tend to
contain fewer malformed or meaningless tokens. Similarly,
Crate and Coutlier are strongly correlated (r = 0.92), affirm-
ing the explanatory value ofCoutlier in pinpointing incoherent

Table 5 Pearson Correlation between Automated Coherence Metrics
and LLM-based Metrics

LLM-based Metric CUMASS CNPMI CV

L rate 0.87 0.53 0.41

Lnonword 0.70 0.32 0.22

Crate 0.88 0.57 0.46

Coutlier 0.84 0.44 0.32

Rrate -0.66 -0.51 -0.45

Rduplicate -0.62 -0.66 -0.63

elements within topics judged as globally less coherent. A
parallel trend holds between Rrate and Rduplicate, with a cor-
relation of r = 0.91. Second, an antagonistic relationship
emerges between coherence and repetitiveness dimensions.
Crate is negatively correlated with both Rrate (r = −0.90)
and Rduplicate (r = −0.82), suggesting that highly coherent
topics often avoid redundancy, while repetitive topics tend to
appear semantically diffuse. These findings reflect a trade-
off between internal consistency and conceptual distinctness.
Similar trends appear betweenCoutlier and repetitivenessmet-
rics (Rrate r = −0.78 and Rduplicate r = −0.62), further
supporting this observation.

We next examine how LLM-based metrics relate to tra-
ditional automated metrics such as topic coherence and
diversity, thereby assessingwhether our proposed scores cap-
ture complementary or redundant aspects of topic quality.

LLM-based vs. automated metric correlations

To examinewhether LLM-based evaluations are alignedwith
traditional automated metrics, we compute Pearson corre-
lations between nine LLM-based metrics and five common
automated scores:CUMASS,CNPMI,CV, DTU, and DIRBO. To
ensure consistency in interpretation, all LLM metrics where
lower values indicate better quality (e.g., error counts) are
inverted prior to correlation analysis. The results are shown
in Table 5.

Alignment with topic coherence metrics. Strong positive
correlations are observed between lexical or coherence-
related LLM-based metrics and traditional coherence scores.
Notably, CUMASS aligns well with L rate (r = 0.87), Crate

(r = 0.88), and Coutlier (r = 0.84), confirming that LLMs
and automated measures agree on identifying lexically and
semantically coherent topics. CV also shows moderate cor-
relations with L rate (r = 0.41), Crate (r = 0.46), suggesting
that automated topic coherence scores share a partially over-
lapping notion of topic quality with LLM judgments.

Tension with repetition-based metrics. Metrics detecting
repetition, such as Rrate and Rduplicate, are negatively corre-
lated with all coherence scores, particularly CV (r = −0.45
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Fig. 4 Correlation Heatmap of LLM-based Metrics

Table 6 Comparative Average Performance of LLMs Across Tasks

Metric Gemma Gemma-large Llama Llama-large Mistral Mistral-large Qwen Qwen-large

L rate (↑) 2.778 2.769 2.299 2.838 2.797 2.737 2.766 2.857

Lnonword (↓) 0.258 0.208 1.220 1.151 0.166 0.716 1.677 0.539

Crate (↑) 2.259 2.328 2.603 2.423 2.556 2.336 2.003 2.019

Coutlier (↓) 1.689 1.707 1.668 2.189 1.010 1.631 2.214 2.895

Rrate (↑) 1.994 1.888 1.719 1.759 2.036 2.074 2.492 2.543

Rduplicate (↓) 2.398 1.336 2.649 1.313 3.388 1.790 0.647 2.575

Drate (↑) 2.078 2.929 2.778 2.908 2.399 2.105 2.996 2.957

Air-tw (↓) 4.959 4.396 5.697 6.020 5.330 5.278 6.148 7.853

Amissing-theme (↓) 5.708 6.413 5.269 6.364 3.825 6.825 7.258 7.419

and r = −0.63 respectively). This supports the earlier
observation that coherence metrics may inflated by topic
redundancy.

Limited alignment with diversity metrics. Surprisingly,
DTU and DIRBO do not correlate strongly with Drate (LLM-
rated diversity). While Drate and DIRBO exhibit a modest
correlation of r = 0.31, the overall agreement remains lim-
ited. This suggests that LLMs may be detecting aspects of
thematic spread or distinctiveness not fully captured byword-
overlap-based diversity scores.

Overall, these results validate the complementarity of
LLM-based metrics. While traditional metrics excel at
aggregate-level signals, LLMs provide finer-grained, inter-
pretable feedback, particularly for identifying redundancy
and outliers that are otherwise overlooked.

5.4 Comparative analysis of LLM labeling
performance

To systematically compare the behavioral patterns of dif-
ferent LLMs as evaluators, we analyzed their average
performance across all metrics and datasets, with the aggre-
gated results presented in Table 6. This comparative analysis
reveals distinct evaluator profiles for each LLM family, high-
lighting systematic differences in their scoring strictness and
detection sensitivity.

Lexical validity

Lrate: Llama exhibits distinct scoring patterns compared
to other LLMs (including Llama-large), with lower aver-
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Table 7 Behavioral Correlation
Between Base and Large LLM
Variants

Metric High Correlation Pairs Low/Inverse Correlation Pairs

L rate Gemma, Mistral, Qwen (ρ ≥ 0.92) Llama (ρ = 0.72)

Lnonword Llama, Mistral, Qwen (ρ ≥ 0.85) Gemma (ρ = 0.06)

Crate Llama, Mistral, Qwen (ρ ≥ 0.97) Gemma (ρ = 0.54)

Coutlier Gemma, Mistral, Qwen (ρ ≥ 0.77) Llama (ρ = 0.51)

Rrate Qwen (ρ = 0.98), Llama (ρ = 0.84) Gemma (ρ = 0.44), Mistral (ρ = 0.19)

Rduplicate Gemma (ρ = 0.86), Llama (ρ = 0.75) Mistral (ρ = −0.03), Qwen (ρ = −0.62)

Drate Mistral (ρ = 0.92) Gemma, Llama, Qwen (ρ ≤ 0.60)

Air-tw Mistral (ρ = 0.99), Llama (ρ = 0.99) Gemma (ρ = −0.20), Qwen (ρ = 0.31)

Amissing-theme Gemma, Llama, Qwen (ρ ≥ 0.78) Mistral (ρ = 0.72)

age scores. This behavioral difference is corroborated by its
higher nonword detection rates in adversarial testing.
Lnonword: Both Llama variants demonstrate increased non-
word extraction tendencies. Qwen shows the strongest non-
word extraction behavior (mean: 1.677 vs. 0.539 for Qwen-
large), though Qwen-large exhibits marginally reduced non-
word rates. This tendency suggests that Llama models may
have a lower tolerance for informal or ambiguous terms. A
case in point from our qualitative analysis is the misclassifi-
cation of the slang term “mida” as a nonword (Section 5.6).
While other models might correctly interpret it from context,
Llama’s behavior indicates a stronger reliance on formal lex-
ical validity, leading to its distinctive scoring profile in both
ratings and detection tasks.

Intra-topic semantic soundness

Crate: The Qwen family demonstrates stricter scoring behav-
ior (mean: 2.0 vs. 2.4 for other LLMs), suggesting more
conservative coherence judgments.

Coutlier: Qwen models exhibit increased outlier extraction
tendencies (2.5 vs. 1.6 average outliers), aligning with their
strict coherence scoring pattern. A clear example from
Table 8 can be seen when evaluating the topic on voice
modems: while most LLMs identified only “clipper” as
the outlier, Qwen additionally flagged the term “cheap”,
reflecting a stricter judgment on what constitutes a relevant
semantic attribute.

Rrate: The Qwen family shows inverse behavioral patterns
to Crate, with higher scores indicating stricter avoidance of
repetitive labels (2.5 vs. 1.9 average).

Rduplicate: Larger model variants (Gemma-large, Llama-
large, Mistral-large) demonstrate increased duplicate extrac-
tion tendencies compared to base versions (+23% average
duplicates), suggesting model scaling impacts duplication
behavior.

Inter-topic structural soundness

Drate: Significant behavioral divergence exists between
model variants: Gemma-large shows 45% higher diversity
scores than Gemma. Mistral family demonstrates conserva-
tive scoring patterns (mean: 2.3 vs. 2.8 for other families).

Document-topic alignment soundness

Air-tw: Qwen models demonstrate stricter association judg-
ments, extracting 32% more irrelevant terms than other
LLMs (6.9 vs. 5.2 average).

Amissing-theme: This pattern persists in theme identification
(7.34 vs. 5.73). Mistral-large shows substantial degradation
vs. base Mistral (6.82 vs. 3.82).

5.5 Resource-efficient model selection through
behavioral correlation analysis

Our correlation analysis reveals scenarioswhere smaller base
models exhibit strong behavioral alignment with their larger
counterparts, enabling potential substitution for faster itera-
tion.

Key substitution recommendations emerge from Table 7:
For lexical validity (L rate) and coherence (Crate) tasks, all
base models show strong alignment (ρ ≥ 0.72) with their
large variants, making them reliable proxies. Complete cor-
relation data can be found in the Supplementary Material.

Family-specific substitution

Use Mistral-base for diversity (Drate) and document assign-
ment (Air-tw) (ρ ≥ 0.86). Employ Qwen-base for repetitive-
ness screening (Rrate: ρ = 0.98). Avoid Gemma-base for
nonword detection (Lnonword: ρ = 0.10).
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Table 8 Examples of outlier
detection metric Coutlier from
20NG

LLM Example 1 Example 2 Example 3

monitor, screen, centris,
adapter, mac, viewsonic,
resolution, spec, vram,
cable

voice, modem, dsp, com-
pression, cheap, clipper,
software, phone, hard-
ware, data

faq, soda, posting,
berkeley, monthly, info,
archive, associate, revi-
sion, document

Gemma mac, spec clipper soda, berkeley

Llama mac clipper soda, monthly

Mistral mac, centris clipper soda

Qwen vram, mac, spec clipper, cheap soda, monthly, berkeley

Risk scenarios

Mistral/Qwen-large exhibit inverse duplication patterns vs.
their basemodels (Rduplicate: ρ < 0). Llama-base shows poor
outlier detection alignment (Coutlier: ρ = 0.18).

5.6 Qualitative analysis

In this section, we provide a qualitative analysis of rep-
resentative examples to explore discrepancies and patterns
in nonword detection, outlier detection, duplicate concept
detection, and BERTopic coherence-repetitiveness trade-off.

Nonword misclassification

Gemma misclassifies “mida” (TWEETS_NYR ID 44, [meet
fight fangirl deepthroat xmas remote imply physically folder
colleen mida]), a valid slang term, as a nonword, likely due
to its reliance on strict tokenization rules rather than contex-
tual understanding. This reflects a precision-recall tradeoff:
smaller models like Gemma prioritize flagging structural
anomalies (e.g., symbols/numbers) but struggle with dialec-
tal or informal terms, leading to false negatives. Such errors
highlight challenges in balancing rule-based heuristics with
semantic adaptability for robust lexical validation tasks.

Outlier detection discrepancies

Outlier detection is a crucial aspect of evaluating topic coher-
ence, as it identifies semantically inconsistentwords in a topic
word set.Across the examples, outliers identified by themod-
els often intersect but also reflect unique insights. Table 8
shows the examples of outlier detection discrepancies across
different LLMs. Compared to the other two models, Mis-
tral is more cautious in detecting outliers in topic words. On
the contrary, Qwen is relatively more aggressive in detecting
words with unclear semantic pointing from topic words and
considering them as outliers.

Table 9 Examples of duplicate concept detectionmetric Rduplicate from
20NG

LLM Example 1 Example 2

faq, soda, posting,
berkeley, monthly,
info, archive,
associate, revision,
document

printer, deskjet, ink,
laserwriter, toner,
printing, laserjet,
inkjet, adobe, epson

Gemma (document, archive) (printer, printing),
(deskjet, inkjet),
(laserwriter, laserjet)

Llama (document, archive),
(faq, info), (revision,
document)

(inkjet, ink), (laserjet,
laserwriter)

Mistral (archive, revision), (faq,
info)

(deskjet, inkjet), (printer,
deskjet), (laserwriter,
laserjet)

Qwen (faq, info), (document,
archive)

(deskjet, laserjet),
(laserwriter, laserjet),
(deskjet, inkjet),
(laserwriter, inkjet),
(epson, adobe)

Duplicate concept detection contradictions

The extracted duplicate pairs often differ significantly among
the LLMs, showcasing varying thresholds for identifying
conceptual overlap. Table 9 shows thatMistral treats semanti-
cally related nouns (e.g., “christian” and “church”. In these
collective nouns, there is intersection (e.g., “patient” and
“adult”), and nouns that belong to the same category (e.g.,
“child” and “adult”) are conceptually identical. It has also
had hallucinations (e.g., detecting a non-existent repetition
of the word “customer” for “client” and a non-existent
repetition of the word “email” for “mail”). Llama treats
grammatically related words (e.g., the verb “search” and
its potential object “package”), semantically opposite words
(e.g., “disease” and “health”) as conceptually identical.
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Table 10 Trade-off Between Coherence and Repetitiveness in
BERTopic-generated Tweet Topics from TWEETS_NYR

Topic ID Examples (Topic Words) Key Patterns

10 gainz, diet, fat, pretzel,
loseweight,healthy,
tweak,
dropthebabyweight,
twinkie, shed

Synonym pair: loseweight
↔
sheddropthebabyweight
↔ twinkie

11 god, pray, jesus, prayer,
faith, itble, bless,
miracle, church, hug

Synonym pairs: pray ↔
prayer god ↔ jesus

21 family, father, mom,
bournemouth,
resolutions, sheep,
taxpayer,mombiz,
sonoma, hangry

Portmanteau: mombiz ↔
mom

28 spend, debt, budget,
finance, account,
wallet,student,
archive, bank,
goodwill

Functional duplicates:
account ↔ wallet

Hierarchical link: bank ↔
finance

34 run, mile, marathon,
educator, iowa,
runnerspace, racing,
wyoming,
marathontraine,
marathontraining

Hierarchical link: marathon
↔ run

39 hashtag,
hashtagoftheweek,
smoking, organize,
hashtagofthe, hammer,
medical, sew, recycle,
broad

Hashtag redundancy:
hashtagoftheweek ↔
hashtag

BERTopic coherence-repetitiveness trade-off

As shown in Table 10. BERTopic demonstrates strong the-
matic coherence across diverse topics (Crate = 3.0 in 35 out
of 52 topics, e.g., Topic 11: god, pray, scripture), effectively
grouping related terms like marathon ↔ run (Topic 34).
However, repetitive patterns emerge through: (1) synonym
pairs appearing in 43 out of 52 topics, particularly hierarchi-
cal relationships (bank ↔ finance) and functional equivalents
(account ↔ wallet in Topic 28); (2) informal language
variants like gainz (Topic 10) and mombiz (Topic 21)
that fragment concepts. While maintaining semantic cohe-
sion (87% topics with Crate ≥ 2.0), 32 out of 52 topics
show elevated repetitiveness (Rrate ≥ 2.0), exacerbated
by platform-specific conventions like hashtag variations
(hashtagoftheweek ↔ hashtag in Topic 39). This
pattern highlights the model’s effectiveness in capturing
tweet semantics while struggling to consolidate informal lex-
ical variations.

6 Conclusion

In this work, we introduced a purpose-oriented evaluation
framework for topic modeling, leveraging LLMs to assess
topic quality acrossmultiple human-aligned dimensions.Our
approach decomposes topic evaluation into interpretable sub-
components, including topic quality, including lexical valid-
ity, intra-topic semantic soundness, inter-topic structural
soundness, and document-topic alignment soundness, and
introduces dedicated LLM-based metrics for each. Through
adversarial tests, correlation analysis, and large-scale empiri-
cal comparisons across datasets, topicmodels, andLLMs,we
demonstrate that these metrics offer fine-grained diagnostic
insights that complement and surpass traditional automated
scores. The findings highlight both the strengths and trade-
offs of different topic modeling paradigms, illustrating how
LLMs can serve as flexible evaluators capable of capturing
nuanced aspects of topic quality. Our results also reveal sys-
tematic patterns in model performance across domains, as
well as internal correlations among evaluation signals, lay-
ing the groundwork for more principled model selection and
quality assurance in real-world text analysis pipelines. By
aligning evaluation with real-world purposes such as con-
tent understanding and document organization, this work
contributes toward more meaningful and adaptive quality
assessment in topic modeling. Future research may fur-
ther explore the integration of human-in-the-loop feedback,
extending the framework to multilingual corpora, and refin-
ing LLM-based prompts for domain-specific tasks.

Addressing the evaluation of extremely long documents
remains an open challenge. Future work could investigate
the effectiveness of larger-context models or alternative
approaches such as document segmentation, summarization,
or key passage extraction.
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