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informal Indonesian text remains methodologically challenging. This study
proposed a statistically grounded framework for HDBSCAN hyperparameter
optimization in BERTopic topic modeling, applied to Indonesian-language social
media discourse about IPB University on X. This study aimed to determine how
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BERTopic; preprocessing decisions and HDBSCAN hyperparameters jointly shape topic
HDBSCAN; quality, and to benchmark the resulting optimized BERTopic model against a
Hyperparameter default configuration and an LDA baseline. A total of 21,298 posts collected
Optimization; between August 2023 and August 2025 were processed under three preprocessing
Topic Modeling; scenarios. For each scenario, a grid search over 126 HDBSCAN hyperparameter
Social Media Analytics. combinations was evaluated using topic coherence, topic uniqueness, document

coverage, and factuality, standardized and analyzed with Principal Component
Analysis and qualitative inspection of the intertopic distance map. The optimized
models were benchmarked against a default-configuration BERTopic model and a
Latent Dirichlet Allocation (LDA) baseline. Results showed that default HDBSCAN
settings produced 334 to 367 statistically unstable topics per scenario, whereas
optimization increased coherence by 40% to 66% and reduced the topic count to
three to six interpretable themes. The excess-of-mass (eom) method consistently
outperformed leaf, and the optimal minimum cluster size shifted from 300 to 500
as preprocessing intensity increased, reflecting a direct interaction between
preprocessing and clustering. Optimized BERTopic achieved higher coherence than
LDA (0.522-0.634 versus 0.506-0.528), while LDA achieved higher topic
uniqueness and coverage, a trade-off linked to BERTopic’s outlier-labeling
mechanism. Dominant themes across both models concerned admission and
campus life, tuition, and campus facilities, with LDA also surfacing IPB University’s
agricultural identity. By treating preprocessing and clustering hyperparameters as
a jointly optimized rather than separately tuned design space, these findings offer
a replicable framework for topic modeling of short, informal Indonesian text and
practical insight for social media analytics and data-driven reputation

management.
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A. INTRODUCTION

Social media platforms, particularly X (formerly Twitter), have become a central arena for
public discourse, where users freely express opinions on institutions, policies, and social issues
(Chauhan & Shah, 2022). For higher education institutions, this stream of user-generated
content offers unsolicited, real-time feedback on academic reputation and campus experience
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at a scale rarely captured through conventional evaluation (Romero et al., 2024). Universities
increasingly treat social media as a strategic channel for institutional communication and
reputation management (Capriotti & Zeler, 2023), and mining platforms such as X can surface
public sentiment and dominant concerns about educational services that traditional surveys
capture only partially (Brandon, 2023). However, the volume and unstructured nature of such
data render manual analysis impractical, motivating computational approaches that
systematically extract latent thematic patterns from large text collections.

Topic modeling is one of the most widely adopted statistical approaches for this purpose,
and comprehensive surveys have documented its rapid methodological development and
broad application across domains (Abdelrazek et al., 2023; Vayansky & Kumar, 2020). Latent
Dirichlet Allocation (LDA) is a generative probabilistic model that represents each document
as a mixture of latent topics drawn from a Dirichlet distribution and each topic as a distribution
over words, inferring topic structure from word co-occurrence through variational inference
or Gibbs sampling (Blei et al., 2003). Owing to its interpretable probabilistic formulation, LDA
remains extensively applied, including for Indonesian-language public discourse such as
commentary on Indonesia's free nutritious meals program (Suhaeni et al., 2025).

Despite this statistical maturity, LDA's reliance on word co-occurrence limits its
performance on short and informal text, where sparse context reduces the reliability of co-
occurrence-based estimation and produces overlapping, difficult-to-interpret topics (Albalawi
etal.,, 2020; Weisser etal., 2023). A systematic review of topic models for short-text social media
analysis similarly identifies data sparsity as a recurring obstacle to interpretability (Laureate
et al.,, 2023; Zimmermann et al.,, 2024). Further demonstrated that this limitation persists even
when preprocessing is carefully refined, indicating that it originates from LDA's underlying
statistical assumptions rather than from data preparation alone.

These limitations have motivated transformer-based alternatives, most notably BERTopic
(Grootendorst, 2022). Rather than relying on co-occurrence counts, BERTopic represents each
document with dense contextual embeddings produced by pre-trained models such as BERT,
which encode bidirectional semantic context across a sentence (Devlin et al., 2019). These
embeddings are reduced in dimensionality and clustered using a density-based algorithm, after
which each cluster is characterized through a class-based term frequency-inverse document
frequency (c-TF-IDF) procedure that adapts TF-IDF weighting from the document level to the
cluster level, emphasizing terms statistically distinctive to a topic while down-weighting terms
occurring uniformly across topics (Grootendorst, 2022). A complete formulation, together with
the clustering and evaluation metrics used in this study, is presented in the Methods section.

By grouping documents according to semantic proximity rather than surface-level
vocabulary, BERTopic has been shown to consistently produce more coherent and
interpretable topics than LDA and other classical methods on short, informal text (Egger & Yu,
2022; Ma et al., 2025; Babalola et al., 2024). This advantage extends beyond English-language
corpora, with comparable improvements reported for short-text data in Hindi (Mutsaddi et al.,
2025) and Serbian (Medvecki et al., 2024).

Nevertheless, BERTopic's performance is highly sensitive to the configuration of its density-
based clustering component, HDBSCAN. Medvecki et al. (2024) reported that default settings
can leave more than 70% of documents unassigned as outliers, while Borc¢in & Jose (2024)
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showed that default configurations are not robust and can substantially reduce topic coherence.
Janssens et al. (2025) analyzed the effect of HDBSCAN parameters and topic-reduction
techniques on topic count, outlier ratio, coherence, and diversity, while Feng et al. (2025)
proposed a targeted optimization scheme that yielded measurable coherence gains. That
scheme, however, fixed a single preprocessing pipeline and was validated on one health-
communication corpus, so it leaves open whether the gains hold once preprocessing is allowed
to vary and whether they transfer to a different language and discourse domain.

A further gap concerns the statistical interaction between preprocessing and clustering.
Zimmermann et al. (2024) showed that preprocessing choices alter document representation
and, in turn, topic structure, while Farea et al. (2024) found that the optimal number of topics
depends jointly on model configuration and the evaluation metric applied. This is particularly
relevant for Indonesian social media text, which exhibits code-switching between Indonesian
and English, phonetic spelling variation, informal abbreviations, and community-specific terms
that standard preprocessing pipelines are not designed to handle (Suhaeni et al,, 2025b).
Because HDBSCAN operates directly on the embedding geometry that preprocessing produces,
tuning the two independently risks a configuration optimal for one pipeline yet unstable for
another, which is why preprocessing and clustering hyperparameters are examined here as a
single coupled design space.

To address these gaps, this study proposes a systematic optimization framework for
BERTopic that jointly evaluates three preprocessing scenarios against a comprehensive grid
search over HDBSCAN hyperparameter combinations, with model selection guided by a multi-
criteria protocol integrating topic coherence, topic uniqueness, document coverage, and
factuality, supplemented by qualitative inspection of the intertopic distance map. The
framework is applied to public discourse concerning the reputation of IPB University on X,
collected using the keywords "IPB," "ipebe," and "aipibi" between August 2023 and August
2025. Its novelty lies in optimizing preprocessing and HDBSCAN configuration jointly rather
than separately, and in providing a replicable multi-criteria framework for short, informal
Indonesian institutional discourse, a setting not addressed by prior BERTopic optimization
work that fixed preprocessing or targeted a single domain (Feng et al. 2025; Janssens et al.
2025). Accordingly, this study aims to examine how preprocessing decisions and HDBSCAN
hyperparameters statistically interact to shape topic quality, to benchmark the optimized
model against a default-configuration BERTopic model and an LDA baseline across quantitative
and qualitative criteria, and to map the dominant themes in this discourse to support data-
driven reputation management.

B. METHODS

This study proposes a systematic optimization framework for BERTopic applied to
Indonesian-language social media discourse concerning IPB University, combining three
preprocessing scenarios with a grid search over HDBSCAN hyperparameters, with model
selection guided by a multi-criteria statistical protocol and the optimized configuration
benchmarked against a default-configuration BERTopic model and an LDA baseline. All
experiments were implemented in Python 3 and executed on a GPU.
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1. Data Collection

Data were collected from X (formerly Twitter) using tweet-harvest, a command-line tool for
keyword-based retrieval of public posts. The dataset comprises 21,298 Indonesian-language
posts referencing IPB University, collected with the keywords “IPB,” “ipebe,” and “aipibi” over
the period from August 2023 to August 2025. Retweets, duplicates, and posts unrelated to IPB
University were removed so that each remaining record reflects an independent expression of
public opinion.

2. TextPreprocessing

Three preprocessing scenarios were applied independently to statistically evaluate how
different text transformation strategies affect the resulting topic structure. Each scenario
applied the same four core steps: (1) cleaning, comprising HTML-tag and entity removal, case
folding, and removal of URLs, mentions, hashtags, punctuation, and non-ASCII characters; (2)
normalization, comprising slang normalization and word-elongation correction using indoNLP,
supplemented by a manually curated dictionary for abbreviations and misspellings not covered
by the standard slang lexicon; (3) stopword removal using indoNLP, supplemented with a
manually compiled list of informal particles and social-media filler words; and (4) stemming
using PySastrawi. Across all three steps, a protected list of IPB University-specific
abbreviations (faculties, study programs, admission pathways) was excluded from
transformation to prevent semantic distortion. This choice of rule-based tools was informed by
empirical evidence that rule-based methods outperform large language models on stopword-
removal and stemming tasks for Indonesian social media text (Suhaeni et al.,, 2025b). The three
scenarios differed only in how numerical tokens, single-character tokens, and compound
expressions were treated, as summarized in Table 1.

Table 1. Text Preprocessing Steps Applied Across Three Scenarios
Preprocessing Step Scenario 1 Scenario 2 Scenario 3
Noise removal, case folding, slang Applied Applied Applied
normalization, stopword
removal, stemming

Numerical tokens Retained Removed Merged with
context

Single-character tokens Retained Removed Retained

Word merging (compound terms) Not applied Not applied Applied

Scenario 1 served as the baseline pipeline and retained numerical and single-character
tokens. Scenario 2 removed these to reduce vocabulary sparsity and noise. Scenario 3
additionally merged frequently co-occurring compound expressions into single tokens.
Preprocessing was treated as part of the model’s design space, rather than a routine cleaning
step, following evidence that preprocessing choices statistically alter document representation
and, in turn, the resulting topic structure (Zimmermann et al., 2024).
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3. LDA Baseline

LDA was implemented as a baseline using the gensim library, under the same three
preprocessing scenarios to ensure comparability. LDA represents each document as a mixture
of K latent topics, each modeled as multinomial word distribution ¢, ~Dirichlet(f). For each
document d, a topic-proportion vector 8;~ Dirichlet (a) is drawn, from which each word’s
topic assigment z;, and observed word w,, are generated in turn. The resulting joint
distribution is (Blei et al.,, 2003):

K M Ng
p@.9.zwlap) = | [p@dd) | [p@ada)]| [panloa)p(wanl.,) M
k=1 d=1 n=1

withd = 1,...,M (documents), k = 1,...,K (topics), and n indexing word positions within
document d.

Parameters were estimated using variational inference as implemented in gensim, with the
Dirichlet hyperparameters a and f set to “auto” so that both were estimated directly from the
data, and training parameters passes = 10 and iterations = 100 held constant across all runs. For
each preprocessing scenario, the number of topics K was varied from 1 to 10, and the model
achieving the highest topic coherence score (Equation 8) was selected as the final LDA model.

4. BERTopic Framework
BERTopic combines four sequential components, namely sentence embedding,
dimensionality reduction, density-based clustering, and class-based term weighting, to
statistically group documents by semantic similarity rather than surface-level vocabulary
(Grootendorst, 2022).
a. Sentence Embedding
Each document was transformed into a fixed-length vector using Sentence-BERT
(SBERT), which fine-tunes BERT within a siamese network so that embeddings can be
compared via cosine similarity (Reimers & Gurevych, 2019). The multilingual variant
paraphrase-multilingual-MiniLM-L12-v2 mapped each document to a 384-dimensional
vector across more than 50 languages.
b. Dimensionality Reduction
The resulting high-dimensional embeddings were reduced using Uniform Manifold
Approximation and Projection (UMAP), which builds a fuzzy topological representation
of the data and optimizes a low-dimensional layout that preserves it (Mclnnes et al,,
2020). For each point x;, the probabilistic connectivity to a neighbor x; is computed as:

d(x;, x;) — p;
pjji = exp (- %) (2)

where p; is the local connectivity threshold, o; is a scale parameter keeping entropy
constant, and d(x;, x;) is the distance between the two points. In the low-dimensional
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embedding, similarity between projected points y; and y; is computed with a Cauchy-
type kernel:

q;=1+a- ||y —)’j||2b)_1 (3)

with a and b as constants shaping the curve of the similarity decay. UMAP then
minimizes the divergence between p;; and g;; through a binary cross-entropy objective:

_ Pij o 1—-py
o Z [pijlog (%’) +(1=py)iog <1 B qij)l @

(@.5)

optimized via stochastic gradient descent, so that points that are close in the original
space remain close after reduction (Mclnnes et al., 2020). The reduction was configured
with n_neighbors = 30, n_components = 5, min_dist = 0.0, the cosine distance metric, and
a fixed random_state of 42 to make the stochastic embedding reproducible.

Clustering

The reduced embeddings were clustered using Hierarchical Density-Based Spatial
Clustering of Applications with Noise (HDBSCAN), which does not require the number
of clusters to be specified in advance (Mclnnes et al.,, 2017). HDBSCAN first computes
the core distance of each point p, defined as its distance to its k-th nearest neighbor,
with k set equal to min_samples. From this, the mutual reachability distance between
two points p and q is defined to avoid bias from inconsistent local density:

mreach(p, q) = max{coredist(p), coredist(q), dist(p,q)} (5)

The mutual-reachability graph builds a minimum spanning tree, from which candidate
clusters are derived and selected by a stability score:

SEability(C) = ) (omax®) = Zoiren(C) ©)

peC

where 1 = 1/distance denotes the density level, Ap;,+,(C) is the density level at which
cluster C first forms, and A,,,,(p) is the maximum density level at which point p still
belongs to C. Clusters with the highest stability are retained, allowing HDBSCAN to
determine the number of clusters automatically while making its output highly sensitive
to hyperparameter configuration (Mclnnes etal., 2017).

. Topic Representation

Word frequencies within each cluster were tabulated by concatenating its documents
into one combined document (Grootendorst, 2022), forming the class-based term
frequency-inverse document frequency (c-TF-IDF) representation that identifies each
cluster's most representative terms:
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e = tfoe 109 (%) @

where w, . is the c-TF-IDF weight of term x in topic ¢, tf, . its frequency within topicc,
fx its frequency across the whole corpus, and A is the average document length across
all clusters. Higher w, . marks terms that are frequent within one cluster but rare in
others.

5. Hyperparameter Grid Search

Prior to optimization, a default BERTopic configuration was executed for each
preprocessing scenario to establish a within-framework baseline, allowing the effects of
hyperparameter optimization to be distinguished from those of preprocessing. Grid search was
employed because it systematically evaluates all parameter combinations within a predefined
search space, ensuring reproducibility and transparency for the four HDBSCAN
hyperparameters considered (Bergstra & Bengio, 2012). The search included min_cluster_size,
min_samples, cluster_selection_method, and cluster_selection_epsilon, as summarized in Table 2.

Table 2. HDBSCAN Hyperparameter Search Space

Parameter Description Values Tested

min_cluster._size Minimum documents required to form a 300, 400, 500, 600, 700,
cluster 800, 1000

min_samples Density  threshold for  core-point 1,3,5
classification

cluster_selection_method Strategy for extracting flat clusters from eom, leaf
the hierarchy

cluster_selection_epsilon Distance threshold for merging adjacent 0,0.02, 0.05
clusters

The search ranges were determined based on corpus characteristics and HDBSCAN
recommendations rather than selected arbitrarily. Following Grootendorst (2022),
min_cluster_size was varied from 300 to 1000 (approximately 1.4%-4.7% of the 21,298-
document corpus) to obtain interpretable topics while avoiding excessive fragmentation.
min_samples was limited to 1, 3, and 5 to reduce excessive outlier assignments, whereas both
eom and leaf extraction strategies were evaluated. Finally, cluster_selection_epsilon was
restricted to 0, 0.02, and 0.05, as larger values tend to merge distinct clusters and reduce topic
separation.

6. Evaluation Framework

Model performance was assessed using four quantitative metrics, complemented by
qualitative visual inspection, capturing both the statistical and practical dimensions of topic
quality. Topic coherence was measured using the C, score, the average pairwise semantic
similarity between top words of each topic, itself averaged across all topics (Réder et al,, 2015):
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1 1
C =—Z — z sim(w;, w; (8)
T Lueer S, wirr)

Wi, W;)ESe

with T the set of generated topics, S; the word pairs within topic ¢, and sim(w;, w;) the cosine
similarity between word context vectors derived from normalized pointwise mutual
information (NPMI). Higher Cy indicates stronger semantic association within a topic.

Topic uniqueness weights each keyword by the inverse of its frequency across all topics
(Nanetal,, 2019):

K
1 1 1
U= 0. 171 Do ) )

with K the total number of topics, T} the top keywords of topic k, and df (w) the number of
topics containing keyword w. Higher values indicate a more thematically distinct topic set,
since shared keywords are down-weighted.

Document coverage measures the proportion of reference documents containing at least
one topic keyword (Doi et al., 2024):

_ {drefidres contains = 1 wippic}

DC
|dref|

(10)

with d,.r a document in the reference corpus and w,,;. the set of generated topic keywords.
Higher DC indicates topics that are not only coherent but representative of the corpus as a
whole.

Factuality assesses the proportion of topic keywords actually grounded in the source corpus,
since embedding-based models can generate keywords not literally present in the documents
they summarize (Doi et al., 2024):

Fa = |{Wtopl-ci Weopic Present in = 1 dref}|

(11)

|Wtopic |

with Weepic and d,..f as defined above. Values close to 1 indicate that nearly all topic keywords
are genuinely drawn from the corpus.

For each scenario, the four metrics computed across all 126 configurations (outlier ratio
sign-reversed so that higher is always better) were standardized and analyzed with Principal
Component Analysis to explore correlations and trade-offs among them. Candidates with
competitive quantitative scores, a sufficient and interpretable number of topics, and a low
outlier ratio were then examined qualitatively via the intertopic distance map (Schneijderberg
etal, 2026), and the final configuration for each scenario was selected on this joint basis before
comparison against the default BERTopic model and the LDA baseline. For LDA, the analogous
qualitative check used LDAvis.
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Grid Search

Sentence embedding Dimensionality Clustering
(paraphrase-multilingual-MiniLM-L12-v2) reduction (UMAP) HDBSCAN

Topic c-TF-IDF topic Select the optimal Evaluate Intertopic Select candidate Perform PCA on
interpretation representation configuration Distance Map configurations evaluation metrics

Figure 1. Research Framework for BERTopic Hyperparameter Optimization

Evaluate the
model

C. RESULT AND DISCUSSION
1. Preprocessing Outcomes

Prior to topic modelling, the raw corpus of 21,298 posts was transformed through three
preprocessing scenarios, each applying a different combination of token filtering and word-
merging strategies as described in the Methods section. Table 3 summarizes the resulting
dataset characteristics, which provide the statistical basis for interpreting the topic modelling
results in the following subsections.

Table 3. Statistical Characteristics of the Preprocessed Datasets

Dataset Documents Avg.Doc. Length Vocabulary Size  Unique Tokens
Raw Data 21,298 18.377 56,687 391,390
Scenario 1 21,285 8.648 56,687 184,080
Scenario 2 20,977 8.336 19,483 174,859
Scenario 3 21,283 8.002 20,481 170,303

Scenario 2 produced the smallest vocabulary and token count, a direct statistical
consequence of removing numerical and single-character tokens, while Scenario 3 yielded the
shortest average document length as a result of word-merging operations that collapsed
compound expressions into single tokens. These distributional differences in corpus
composition provide the statistical basis for the divergent topic structures discussed in the
following subsections.

2. Default BERTopic Performance

BERTopic was first evaluated under its default HDBSCAN configuration for each scenario,
establishing a baseline that isolates the effect of hyperparameter optimization from
preprocessing. Table 4 presents the resulting evaluation.

Table 4. Evaluation Results of BERTopic with Default Configuration

Dataset N Topics Coherence Uniqueness Coverage Factuality
Scenario 1 350 0.383 0.829 0.992 1.000
Scenario 2 334 0.380 0.827 0.994 1.000
Scenario 3 367 0.374 0.831 0.990 1.000

Default HDBSCAN settings produced between 334 and 367 topics per scenario, an order of
magnitude beyond what is practically interpretable, despite coherence, coverage, and factuality
all appearing statistically acceptable in isolation. Because these metrics are computed per topic
or per document rather than as a function of topic count, none of them signals over-
fragmentation directly, which only the raw topic count and the outlier ratio expose.
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This fragmentation is illustrated concretely in Table 5, which lists representative topics
generated under the default configuration for Scenario 1. Alongside a broad, high-count topic
capturing general admission and campus-life discourse (Topic 0), the default configuration also
produced narrowly defined topics built around only a handful of co-occurring keywords, such
”, “patah”, and
“hahhahaha”, with only 10 assigned documents. Such topics reflect idiosyncratic local variation
rather than a distinct, interpretable theme, exemplifying the over-partitioning behavior that

motivates hyperparameter optimization.

as Topic 349, defined almost entirely by informal expressions like “ngarahin

Table 5. Example Topics Generated by BERTopic with Default Configuration (Scenario 1)

Topic Count Top Keywords Interpretation
-1 7,235 kampus, kuliah, ipb, terima, sm, masuk, ... Outlier cluster (unassigned documents)
0 556  alumni, sertif, 1000, domisili, akreditasi, ...  SNBP admission strategy
1 393  lulus, d3, kerja, akpol, telat, exchange, ... Mixed, no coherent single theme
2 363  mahasiswa, ojol, beri, sampabh, ... Mixed, no coherent single theme
349 10 ngarahin, patah, ngafalin, hahhahaha, ... Mixed, no coherent single theme

3. HDBSCAN Hyperparameter Optimization
Model selection followed the two-stage statistical protocol described in the Methods section,
combining standardization and Principal Component Analysis (PCA) of the four quantitative
metrics with qualitative inspection of the intertopic distance map.
a. PCA Exploration
For a metric x, each configuration’s score across the 126 candidates within a scenario
was first standardized as:

(12)

with y and ¢ the mean and standard deviation across configurations, placing coherence,
uniqueness, coverage, and the sign-reversed outlier ratio on a common scale before PCA.
The first two principal components jointly explained 95.7% of total variance in Scenario
1, 91.5% in Scenario 2, and 86.0% in Scenario 3, confirming that a two-dimensional
projection captured the dominant structure of configuration quality. Figure 2 shows the

resulting biplots.
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Figure 2. PCA biplots of standardized evaluation metrics across 126 HDBSCAN configurations
for (a) Scenario 1; (b) Scenario 2; (c) Scenario 3.
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The loading structure differed across scenarios. In Scenarios 1 and 2, coherence_cv
formed a near-orthogonal angle with topic_uniqueness, indicating largely independent
dimensions of configuration quality. In Scenario 3, coherence_cv pointed closer to
directly opposing topic_uniqueness, indicating a sharper trade-off under the most
aggressive preprocessing strategy. Outlier_ratio and topic_uniqueness pointed in broadly
similar directions in Scenarios 1 and 3, suggesting that more thematically distinctive
configurations also tended to leave more documents unassigned. This trade-off is why a
multi-criteria selection rule was necessary.
b. Configuration Selection Process

A shortlist of the three most statistically competitive HDBSCAN configurations per
scenario was drawn using the PCA-informed trade-off structure, balancing coherence,
uniqueness, and coverage against a low outlier ratio. Table 6 lists these shortlisted
candidates.

Table 6. Top-Performing HDBSCAN Configurations Shortlisted per Scenario
Dataset MCS MS Method Eps. K  Coherence Uniqueness Coverage

Scenariol 300 5 eom 0.02 3 0.634 0.867 0.896
300 3 eom 0.02 3 0.634 0.867 0.896
400 5 eom 0.05 2 0.615 0.900 0.894
400 5 leaf 0.05 9 0.623 0.767 0.922
500 5 leaf 0.02 7 0.608 0.786 0.919
Scenario2 500 3 eom 0.02 2 0.636 0.950 0.899
400 3 eom 0.00 3 0.600 0.900 0.903
300 3 eom 0.05 6 0.590 0.783 0.920
300 1 eom 0.02 6 0.523 0.850 0.922
500 5 leaf 0.02 7 0.600 0.771 0.925
Scenario3 400 1 eom 0.05 6 0.569 0.767 0.902
600 3 leaf 0.02 5 0.538 0.760 0.904
500 1 eom 0.05 5 0.522 0.800 0.900
400 5 leaf 0.00 8 0.575 0.750 0.909
1000 3 leaf 0.00 4 0.565 0.775 0.895

Note. MCS = min_cluster_size; MS = min_samples; Eps. = cluster_selection_epsilon; K = number of
topics. Factuality equaled 1.0 for all listed configurations and is omitted.

The final configuration was not simply the highest-coherence candidate in every
scenario. For Scenario 1, [300, 5, eom, 0.02] was selected over a tied candidate for its
stricter density requirement. For Scenario 2, the highest-coherence candidate produced
only two topics, so [300, 3, eom, 0.05] was selected instead, trading a 7.2% reduction in
coherence for six interpretable topics. For Scenario 3, [500, 1, eom, 0.05] was selected
over the highest-coherence candidate for its more favorable topic uniqueness (0.800
versus 0.767). Figure 2 confirms this pattern for Scenario 1, visually consistent with
Scenarios 2 and 3.
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[300, 5, eom, 0.02] [300, 3 eom, 0.02] [400, 5 leaf, 0.05] [S00, 5 leaf, 0.02]

. . ®
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@

() (b) (c) (d)
Figure 3. Intertopic distance maps of shortlisted HDBSCAN configurations for Scenario 1: (a)
[300, 5, eom, 0.02]; (b) [300, 3, eom, 0.02]; (c) [400, 5, leaf, 0.05]; (d) [500, 5, leaf, 0.02].

The eom configurations consistently produced compact, well-separated clusters, while
the leaf configurations produced visibly more numerous topics positioned in closer
proximity, reinforcing the quantitative selection above. The proportion of documents
left unassigned by HDBSCAN, central to interpreting this behavior but not applicable to
LDA, is given by:

d:label(d) = —1
Outlier Ratio = ltd:la e|(D|) i (13)

with D the full document set. Table 7 summarizes the final configuration selected for
each scenario together with its resulting outlier ratio.

Table 7. Selected Optimal HDBSCAN Configurations per Scenario

Dataset MCS MS Method Eps. K Coherence Outlier% Uniqueness

Scenario 1 300 5 eom 0.02 3 0.634 11.3 0.867
Scenario 2 300 3 eom 0.05 6 0.590 19.2 0.783
Scenario 3 500 1 eom 0.05 5 0.522 38.0 0.800

Note. MCS = min_cluster_size; MS = min_samples; Eps. = cluster_selection_epsilon; K = number of
topics; Outlier % computed via Equation (13).

Relative to the default configuration, this optimization increased coherence by 40% to
66% while collapsing the topic count from the hundreds to between three and six
interpretable themes, confirming that default HDBSCAN settings over-partition the
embedding space into numerous small, statistically unstable clusters (Janssens et al.,
2025). This gain is directionally consistent with Bor¢in & Jose (2024), who found that
departing from default settings materially altered coherence, yet it exceeds the more
incremental gains of Feng et al. (2025), plausibly because this corpus required a far
larger optimal minimum cluster size and because preprocessing was tuned jointly with
clustering rather than held fixed.
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4. Statistical Interaction Between Preprocessing and HDBSCAN Hyperparameters

Table 6 makes it possible to isolate the statistical contribution of each HDBSCAN
hyperparameter individually. cluster_selection_method was the most influential parameter, as
across all three scenarios, eom candidates consistently produced outlier ratios between 11%
and 38%, whereas leaf candidates exceeded 50% in most configurations, for example rising
from an outlier ratio comparable to eom at low topic counts to substantially higher values as
leaf pushed topic counts to 7-9 in Scenarios 1 and 2. This confirms eom's tendency to favor
larger and statistically more stable clusters by maximizing total cluster stability, Equation (6),
across the condensed tree, rather than extracting the finest-grained partitions the tree can
support (Mclnnes et al., 2020; Janssens et al., 2025).

min_cluster_size was the second most influential parameter, though its optimal value
differed by scenario, remaining at 300 for Scenarios 1-2 but rising to 500 for Scenario 3,
indicating that the statistically optimal density threshold depends on the embedding structure
each preprocessing strategy produces rather than on a single fixed default (Bor¢in & Jose, 2024).
By contrast, min_samples showed only a marginal effect in isolation, as in Scenario 1, the two
top-ranked configurations, [300, 5, eom, 0.02] and [300, 3, eom, 0.02], differed only in
min_samples yet produced numerically identical coherence, uniqueness, and coverage scores,
indicating that this parameter mattered only as a secondary tie-breaker once min_cluster_size
and cluster._selection_method were fixed. cluster._selection_epsilon showed the weakest effect of
all four parameters, with several shortlisted candidates in Table 6 sharing identical topic counts
and coherence scores despite different epsilon values, indicating that distance-based cluster
merging was statistically inconsequential for this corpus.

These parameter effects cannot be interpreted in isolation from preprocessing, because
BERTopic's clustering stage operates entirely on the embedding geometry that the preceding
pipeline stages produce. HDBSCAN's core distance and mutual reachability distance (Equation
5) are computed directly from the local density of points in the UMAP-reduced embedding, so
any preprocessing choice that alters vocabulary and document representation propagates
statistically into the very density estimates on which cluster formation, and therefore
min_cluster_size's effective threshold, depends (Zimmermann et al.,, 2024). This mechanism
explains why min_cluster_size shifted from 300 to 500 between Scenarios 1-2 and Scenario 3,
and why coherence and the outlier ratio moved together with preprocessing intensity across
Table 7, from 0.634 and 11.3% in Scenario 1 to 0.590 and 19.2% in Scenario 2 and 0.522 and
38.0% in Scenario 3.

Word-merging in Scenario 3 collapses compound expressions into single tokens, thinning
the local neighborhood density that UMAP and HDBSCAN rely on for stable cluster formation,
so that more aggressive preprocessing improved topic uniqueness only at a direct statistical
cost to coherence and document coverage. This cost is also visible in the PCA loading structure
in Figure 2, where coherence_cv and topic_uniqueness shifted from a near-orthogonal to a near-
opposing relationship between Scenarios 1 and 3, indicating that the trade-off between these
two metrics intensified precisely as preprocessing became more aggressive. Taken together,
these patterns confirm that preprocessing decisions and HDBSCAN hyperparameters function
as statistically interdependent determinants of BERTopic's topic quality (Farea et al., 2024).
Practically, a preprocessing pipeline cannot be finalized before clustering is tuned, since a
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configuration transferred unchanged from a lighter to a more aggressive pipeline risks a sharp
rise in the outlier ratio, as observed here from 11.3% in Scenario 1 to 38.0% in Scenario 3.

5. LDA Baseline Performance

LDA was evaluated under the same three preprocessing scenarios. The optimal number of
topics K was selected as the value maximizing coherence (Equation 8), as shown in Figure 4.

Coherence vs K [Scenario1) Coherence vs K {Scenario 2) Coherence vs K {Scenarie 3)

— A ase] A
/ \ ™

(a) (b) (c)
Figure 4. Topic coherence as a function of the number of topics K for LDA under (a) Scenario 1; (b)
Scenario 2; (c) Scenario 3.

Figure 4 shows that coherence rose sharply from K = 1 before fluctuating across a broad
plateau in each scenario, with the optimal K increasing from 4 in Scenario 1 to 5 in Scenario 2
and 9 in Scenario 3. This upward shift indicates that the vocabulary changes introduced by
more aggressive preprocessing required a finer-grained topic structure for LDA to reach its best
attainable coherence, even though that coherence still declined slightly across scenarios, from
0.528 to 0.506, the reverse of the pattern observed for optimized BERTopic in Table 7. Table 8
summarizes the resulting evaluation at each scenario’s optimal K.

Table 8. LDA Baseline Evaluation Results per Scenario

Dataset K Coherence Uniqueness Coverage Factuality
Scenario 1 4 0.528 0.945 0.968 1.000
Scenario 2 5 0.517 0.980 0.960 1.000
Scenario 3 9 0.506 0.982 0.980 1.000

6. Comparison Between Optimized BERTopic and LDA

Optimized BERTopic achieved coherence scores between 0.522 and 0.634 across the three
scenarios. This consistently exceeded LDA's range of 0.506 to 0.528. This advantage is
statistically attributable to BERTopic's use of contextual embeddings rather than word co-
occurrence statistics for measuring document similarity (Egger & Yu, 2022; Babalola et al,,
2024). Conversely, LDA achieved higher topic uniqueness (0.945-0.982 versus 0.783-0.867)
and document coverage (0.960-0.980 versus 0.896-0.921). This reflects a structural difference
between the two models rather than a quality difference alone. LDA assigns every document a
topic-proportion vector across all K topics. BERTopic's HDBSCAN component, by contrast,
explicitly labels low-density documents as statistical outliers (Equation 13), trading document
coverage for tighter, more separable topic clusters. Neither pattern indicates a shortcoming of
either model, but rather a genuine statistical trade-off between semantic precision and corpus-
wide representativeness. For institutional reputation monitoring this trade-off has a concrete
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reading, as BERTopic's higher coherence suits surfacing a small set of clearly separated,
actionable concerns, whereas LDA's near-complete coverage suits an exhaustive audit in which
no complaint should be dropped, as shown in Figure 5.
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Figure 5. Word clouds of the seven topics identified by the optimized BERTopic model for Scenario 2
weighted by c-TF-IDF (Equation 7). (a) Topic -1 (Outlier); (b) Topic 0; (c) Topic 1; (d) Topic 2; (e)
Topic 3; (f) Topic 4; (g) Topic 5.

Scenario 2 is used to illustrate this comparison qualitatively, as it occupies the statistical
middle ground exposed in Section 4. Scenario 1's lighter preprocessing yielded only three broad
topics, while Scenario 3's aggressive word-merging sharpened uniqueness but left 38.0% of
documents unassigned (Table 7), so Scenario 2's six topics and moderate 19.2% outlier ratio
offer the clearest basis for comparing how the two models structure the same corpus.

Figure 5 shows that BERTopic’s six topics are each anchored by a distinct, largely non-
overlapping vocabulary. Admission and campus-life terms (“ipb”, “terima”, “kuliah”, “university”)
are concentrated in Topic 0, while tuition and financial terms (“ukt”, “bayar”, “mahal’, “juta”)
are concentrated separately in Topic 4. Topics 1-3 each capture a single further theme,
academic disciplines (“biologi”, “kimia”), alumni -certification (“alumni”, “sertif’), and
admission-cycle sentiment (“maba”, “bismillah”), without visibly bleeding into one another.
This clean separation is consistent with c-TF-IDF weighting (Equation 7), which derives
representative terms from documents already grouped by semantic similarity, so that the
resulting vocabulary reinforces rather than blurs each topic’s boundary, as shown in Figure 6.



.....

sbahaya a Kinta ns iferar

gra J;fj

Jawa

peluang

Utami Dyah Syafitri, Joint Optimization of Preprocessing and...

tmggal

1435

hidupes

pbelah ke nomlna
vakai
bran

ku' % Lo o @
p prospekf! n:_ ;:f““”l 0 hJ““k‘ EI g , ‘
pakar p ;ptkh 2 amplntar :"_)b r Jd‘
) py\aw : ampa QQ = |
seelcilel dnijut ZJiSakit Upaka}accesy “\"gmgllancér Sk
_ (a) o (b)
dosen of '"'1n,st1tut iths ;oS °ng1 ajar Cint
mbar gmegﬁla rektor  suks - C (0Q:
e\ £D. 'S‘nbp 5500
:1 EL ni al pengmla
g 2 an m 'J'l_rlé e} H g
49%25 w; ) ‘ngaltna [ 10 l J rus?
W Sh e o R
maha51swa1ndone51adukung Ppll;kh dlMPU Spen's

(d)

(e)

Figure 6. Word clouds of the five topics identified by the LDA baseline for Scenario 2, weighted by
word-topic probability. (a) Topic 1; (b) Topic 2; (c) Topic 3; (d) Topic 4; (e) Topic 5.

Figure 6 shows a less clean separation for LDA. The cost-related discourse that BERTopic
consolidated into a single topic is instead split across two LDA topics with related content, Topic
0 ("kipk", "gratis", "cicil", "akuntansi," concerning KIP-K scholarships) and Topic 1 ("ukt",
"bayar", "juta", "saintek", concerning tuition payment), while Topic 2 mixes campus facilities,
parking, and pricing terms into a single, unfocused topic. This apparent contradiction, LDA
scoring higher on topic uniqueness (Equation 9) despite these related topics, is statistically
informative rather than an inconsistency, since uniqueness is computed from literal keyword
overlap rather than semantic content. LDA's Topic 0 and Topic 1 draw on largely disjoint
vocabulary, so despite both concerning the cost of studying at IPB, they register as lexically
unique while remaining thematically related.

BERTopic’s embedding-based clustering, by contrast, groups documents by semantic
similarity before extracting representative terms, which is precisely why its topics achieve
higher coherence but can share more overlapping vocabulary. This distinction, consistent with
evidence that sparse word co-occurrence limits LDA’s capacity to separate semantically related
topics in short text (Albalawi et al., 2020; Zimmermann et al., 2024), indicates that BERTopic’s
semantic clustering produced more thematically coherent topics than LDA’s distributional
approach, in line with prior comparative evidence on short, informal text (Egger & Yu, 2022;
Mutsaddi et al., 2025; Medvecki et al., 2024).

7. Dominant Themes and Implications for Indonesian Social Media Discourse
Comparing the word clouds of both models for Scenario 2 (Figures 6-7) reveals three
themes that recur consistently regardless of clustering approach, admission and campus life,
tuition and financial concerns, and campus facilities. Their independent emergence in both
BERTopic's embedding-based and LDA's co-occurrence-based approach lends cross-model
support to their prominence in this discourse. Each model also surfaced themes the other did
not resolve as distinctly. BERTopic further separated alumni certification and admission-cycle
sentiment into their own topics, while LDA's Topic 3 foregrounded IPB University's identity as
an agricultural institution, consistent with its founding mandate in food security and
agricultural sciences. Together, these results indicate that public discourse about IPB
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University on X is anchored around practical, admission- and cost-related concerns, with
institutional identity forming a secondary but recurring layer.

Beyond this thematic content, the three scenarios traced a clear progression, from Scenario
1's coarse-grained reading to Scenario 2's six diverse topics at a moderate outlier ratio and
Scenario 3's sharper topics at the cost of leaving 38.0% of documents unassigned. These
findings extend prior evidence of BERTopic's effectiveness on non-English short text (Mutsaddi
et al., 2025; Medvecki et al., 2024) to Indonesian institutional discourse, and indicate that the
joint optimization proposed in this study offers a replicable framework for extracting
interpretable themes from short, informal text, while confirming that method choice should be
guided by whether thematic precision or complete coverage is the primary objective (Alangari
& Algethami, 2024).

8. Limitations and Threats to Validity

Several boundaries constrain how far these findings generalize. The analysis rested on a
single corpus from one institution and one platform, so the specific optimal values reported
here, such as the shift of min_cluster_size from 300 to 500, may not transfer to corpora of
different size or register. The keyword-based collection may itself bias the corpus toward
admission- and cost-related discourse, which should be considered before reading those
themes as a complete picture of institutional reputation. Model selection relied on grid search
over a bounded four-parameter space, which guarantees reproducibility but cannot rule out
stronger configurations outside the tested ranges. The comparisons also rested on point
estimates without significance testing, so closely ranked configurations such as the tied
candidates in Table 6 should be read as practically rather than statistically distinguishable.
Finally, a single multilingual embedding model was used, and the outlier-labeling mechanism
makes the method least suitable where every document must be assigned a topic.

D. CONCLUSION AND SUGGESTIONS

This study developed a statistically grounded framework for jointly optimizing text
preprocessing and HDBSCAN hyperparameters in BERTopic, applied to public discourse about
[PB University on X. Preprocessing and HDBSCAN hyperparameters were found to interact
statistically rather than independently. Word-merging in Scenario 3 thinned the local density
of the UMAP-reduced embedding, shifting the optimal min_cluster_size from 300 to 500, raising
the outlier ratio from 11.3% to 38.0%, and lowering coherence from 0.634 to 0.522. Among the
four hyperparameters tested, cluster_selection_method had the strongest effect, with eom
consistently outperforming leaf. Benchmarked against a default configuration, the optimized
BERTopic model raised coherence by 40% to 66% while reducing the topic count from the
hundreds to three to six interpretable themes. Compared against LDA, optimized BERTopic
achieved higher coherence (0.522-0.634 versus 0.506-0.528), while LDA achieved higher topic
uniqueness and coverage, a trade-off that is structural rather than a difference in quality, since
LDA assigns every document to all K topics while BERTopic withholds low-density documents
as outliers to produce more thematically coherent, non-overlapping topics.

Across both models, the dominant themes were admission and campus life, tuition and
financial concerns, and campus facilities, with BERTopic further isolating alumni certification
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and admission-cycle sentiment, and LDA foregrounding IPB University's identity as an
agricultural institution. Public discourse about IPB University on X is therefore anchored
primarily around practical, admission and cost-related concerns, with institutional identity
forming a secondary but recurring layer.

The primary contribution of this study is methodological. It shows that in density-based
neural topic modeling, preprocessing and clustering hyperparameters form a single coupled
search space, because the optimal clustering configuration depends on the embedding
geometry that preprocessing produces. This coupling is a property of the BERTopic pipeline
rather than of this dataset, which implies that studies reporting results under one fixed
preprocessing pipeline may understate how sensitive their topic structures are to configuration.
Practically, the framework gives analysts and higher education institutions a reproducible
route from short, informal Indonesian text to a small set of interpretable themes that can guide
data-driven reputation management. Future research could extend the hyperparameter search
using Bayesian or other adaptive strategies to cover a wider parameter space at lower
computational cost (Bergstra& Bengio, 2012). Testing the framework on other institutions,
discourse domains, and languages, and against alternative density-based or hierarchical
clustering algorithms, would establish how far the observed coupling between preprocessing
and clustering generalizes. Incorporating large language models for automated topic labeling
would further improve interpretability and practical value.
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