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[Abstract]

This study analyzes the performance of BERTopic-based clustering across various data distributions.
A re-clustering method is proposed to improve the selection of documents on a specific target topic.
Existing clustering techniques often face challenges in accurately selecting documents when the
proportion of documents related to the target topic is very low or very high. To address this issue,
sampling is performed on retrieved documents to include target topic documents at varying ratios.
Clustering is performed using SBERT-based BERTopic with K-means and HDBSCAN algorithms, and
the results are compared. In the re-clustering step, documents initially classified as outliers are
re-clustered and merged with the original results. The results before and after re-clustering were
compared using four evaluation metrics. Accuracy improved from 0.7251 to 0.9421, and the F1 Score
increased from 0.8449 to 0.9423. ARI increased by 0.3626 and NMI by 0.2805. This indicates that the

proposed method enhances clustering quality and improves the accuracy of document selection.
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I. Introduction
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II. Review of related works

1. Document clustering and Topic modeling
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III. Proposed approach
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Collection
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Labeling
- Find the full text manually
\_ J/
, L4
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the data ratio of the target group (‘Microservices
Architecture’)

- Composed of 5 scenarios depending onthe
number of groups (categories) with various data
distributions
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Table 2. Target vs Total Documents by Scenario

SearErie Rate of Target Document
5 10 15| 20| 25| 30| 35| 40| 45| 50| 55| 60| 65| 70| 75| 80| 85| 90| 95
Scenario 1 Total 420 | 430 | 426 430| 420| 350| 300| 262| 233| 210| 190| 175| 161| 150| 140| 131| 123| 116| 110
Target | 21 43 | 64| 86 | 105| 105| 105| 105| 105| 105| 105| 105| 105| 105| 105| 105| 105| 105| 105
Scenario 2 Total 600 | 610 | 613| 525| 420| 350| 300| 262| 233| 210| 190| 175| 161| 150| 140| 131| 123| 116| 110
Target | 30 | 61 92 | 105| 105| 105| 105| 105| 105| 105| 105| 105| 105| 105| 105| 105| 105| 105| 105
Scenario 3 Total 700 | 700 | 700| 525| 420| 350| 300| 262| 233| 210| 190| 175| 161| 150| 140| 131| 123| 116| 110
Target | 35 | 70 | 105| 105| 105| 105| 105| 105| 105| 105| 105| 105| 105| 105| 105| 105| 105| 105| 105
Scenario 4 Total 760 | 760 | 700| 525| 420| 350| 300| 262| 233| 210| 190| 175| 161| 150| 140| 131| 123| 116| 110
Target | 38 | 76 | 105| 105] 105| 105| 105| 105| 105| 105| 105| 105| 105| 105| 105| 105| 105| 105| 105
Scenario 5 Total 1420 | 1060 | 700| 525| 420| 350| 300| 262| 233| 210| 190| 175| 161| 150| 140| 131| 123| 116| 110
Target | 71 | 105| 105| 105| 105| 105| 105| 105| 105| 105| 105| 105| 105| 105| 105| 105| 105| 105| 105
Total Count HDBSCAN(Hierarchical DBSCAN)1} K-H-2 A-834
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Fig. 4. Target vs Non—Target Document Ratio
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Accuracy = %
1)

where N isnumber of correctly clustered documents,
and T is Total number of documents.
Precision X Recall

F1 Score =2 x Precision + Recall @)

AR = RI— Expected RI
MaxRI— Expected RI (3)
where Rlisthe Rand Index.
2 o I(uw)
H(u) +H ()
whereuand varethe setsof actual and clustered labels, (4)

I(uw) is Mutual information betweenuand v,
H(u), Hv) arethe entropiesof each set.
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IV. Study result

1. Results by Dataset Composition
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Table 5. Number of Qutlier Documents by Scenario
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Table 6. Paired t-test Results
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