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[Abstract]

This study compared the performance of BERTopic and Latent Dirichlet Allocation (LDA) for topic
modeling of Korean sleep health-related social media text. A total of 8,002 blog posts were collected
from Naver using nine sleep-related keywords between March and October 2025. Both methods were
applied to the same dataset, and their performance was evaluated using metrics including the number of
topics, noise ratio, distribution entropy, and topic coherence. The results indicated that BERTopic
identified 9 topics with a noise ratio of 22.8%, whereas LDA yielded 6 effective topics with a
significantly lower noise ratio of 0.9%. BERTopic demonstrated higher distribution uniformity (0.852)
compared to LDA (0.804), indicating more balanced topic assignments. LDA achieved a coherence score
(C V) of 0.5287. The cross-tabulation analysis revealed that BERTopic's "Melatonin/Hormone" topic
showed 84.1% concentration in LDA's "Insomnia General" topic, demonstrating high consistency for
well-defined topics. This study provides methodological insights for researchers selecting topic modeling

approaches for Korean health-related text analysis.
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I. Introduction
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II. Related Works

1. LDA-based Topic Modeling
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3. A Comparative Study on Topic Modeling
Methodology
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III. Methodology

Data collection
Naver Blog Posts (n=8,002, Mar-Oct 2025)
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Performance Comparison
« Topic Distribution * Noise Handling

» Keyword Quality « Cross-tabulation Agreement
« Entropy/Uniformity  Coherence Score

Fig. 1. Research Framework
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Table 1. Dataset Overview
Item Value
Data Source Naver Blog
Collection Period March-October 2025
Search Keywords 9 (sleep-related terms)
Total Documents 8,002
Valid Documents
(after filtering) 8,002
Average Tokens per 249
Document
Vocabulary Size
(after filtering) 3.450
Minimum Token Frequency 5
Maximum Document 50%
Frequency
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3. LDA Modeling
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4. BERTopic Modeling
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IV. Results

1. Topic Extraction Results
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Table 2. Comparison of Topic Modeling Performance

Metrics BERTopic LDA
Total Documents 8,002 8,002
Valid Topics 9 6
Noise Documents 1,825 74
Noise Ratio (%) 22.8 0.9
Distribution Entropy 2.701 2.077
Distribution Uniformity 0.852 0.804
Coherence Score (C_V) - 0.5287
Top-3 Topic Concentration (%) 66.8 85.1
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Fig. 2. Topic Distribution Comparison (BERTopic vs LDA)

2. Comparison of Representative Keywords
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Table 3. Representative Keywords by Topic (Top-5)

Topic FERIGale LDA Keywords
Keywords
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Note: Some BERTopic topics do not directly correspond
to LDA topics
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Fig. 3. Cross—tabulation Heatmap of Topic Assignment
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4. Model Performance by Number of Topics
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Coherence Score by Number of Topics
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Fig. 4. Coherence Score by Number of Topics

B Anp Eml A bofja] A3 A4t 0.582602
fogre vtk Jo heat 2 olgE £Y 4 9
(@ A 05287)5 A5 Adstach A,
BERTopic¥}9] 574t v|wE <QJgto|ct. BERTopic
HDBSCANQ] min_cluster_size=100 Ao w2} 97}9]
98 EMg A}E £Esl9lCne, LDAR EsP] )
2 gAste] YR 7 AR vt THssteS sttt
=, B 4 59 F¢ U A7 G2 Al FAI(eFE
48, WA, S99 3Y 5P ol £xo2 §
aiEjo] siAe] AlRabt oleigich AR, E1 4 90| o
WY 05287 QRO G 0.5 ol
st 24].

BERTopic?] 738 HDBSCANQ] min_cluster_size i}
2fulEo] Tet B3 271 Algoz AR 2 AofA
+ min_cluster_size=10002 AAs5to] 979 S8 Ed
o] £5F|9/c}. BERTopice £3 48 Aldo] ARSI
A1 olelo] Ur A0 wfe} AFEoR Asicte A
ol LDAS} fo]7} Qict.

Fogh o

5. Summary of Methodological Characteristics
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Table 4. Topic Distribution Comparison

Topic Name BERTopic n (%) LDA n (%)
Sleep
Routine/Lifestyle 892 (11.1) 869 (10.9)
Skin/Hygiene Care - 120 (1.5)
Insomnia General 1,847 (23.1) 3,061 (38.3)
Medication 1,523 (19.0) 2,040 (25.5)
Experience
Melatonin/Hormone 634 (7.9) 195 (2.4)
Sleep Disorder 1,281 (16.0) 1,643 (20.6)
Symptoms
Noise (Topic -1) 1,825 (22.8) 4 (0.9)
Total 8,002 (100.0) 8,002 (100.0)
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1. Comparison of Methodological Characteristics
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2. Practical Implications
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