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Abstract

We introduce Simplified Topic Retrieval Explo-
ration and Analysis Module for Chinese lan-
guage (STREAM-ZH), the first topic modeling
package to fully support the Chinese language
across a broad range of topic models, evalua-
tion metrics, and preprocessing workflows. Tai-
lored to both simplified and traditional Chinese
language, our package extends the STREAM
topic modeling framework with a curated col-
lection of preprocessed textual datasets in Chi-
nese from which we assess the performance
of classical, neural, and clustering topic mod-
els using commonly-used intruder, diversity,
and coherence metrics. The results of a bench-
mark analysis bring evidence that within our
framework, topic models may generate coher-
ent and diverse topics from datasets in Chi-
nese language, outperforming those generated
by topic models using English-translated tex-
tual input. Our framework facilitates multilin-
gual accessibility and research in topic mod-
eling applied to Chinese textual data. The
code is available at the following link: https:
//github.com/AnFreTh/STREAM

1 Introduction

Topic modeling is a key tool in the field of auto-
matic text analysis, which aims to automatically
identify potential topics and infer their distribution
from large-scale unstructured textual data through
unsupervised learning methods (Blei et al., 2003;
Abdelrazek et al., 2023; Churchill and Singh, 2022).
Topic modeling has been widely used in differ-
ent fields (Liu et al., 2016; Hong and Davison,
2010; Girdhar et al., 2013) and has provided effec-
tive support for natural language processing (NLP)
tasks such as text classification and sentiment anal-
ysis (Boyd-Graber et al., 2017; Abdelrazek et al.,
2023).
“These authors contributed equally to this work.
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Recent studies (Pham et al., 2023; Wang et al.,
2023; Meram et al., 2025) have explored the use of
large language models (LLMs) for topic modeling,
leveraging their strong contextual understanding
to generate more coherent and interpretable top-
ics. However, LLM-based approaches face several
practical challenges. They are not plug-and-play,
often requiring multiple iterative steps and care-
fully crafted prompts (Pham et al., 2023; Mu et al.,
2024); they are constrained by limited context win-
dows (Pham et al., 2023), which prevents them
from capturing global topic structures; and they
incur substantial computational overhead (Wang
et al., 2023). Moreover, open-source LLMs often
struggle to follow instructions reliably (Isonuma
et al., 2024), while closed-source LLMs introduce
significant costs and potential privacy risks (Pham
et al., 2023), limiting their scalability in real-world
applications.

Several open-source toolkits have been released
to meet practical needs. For example, Topic Model-
ing System Toolkit (TopMost) (Wu et al., 2023) and
Simplified Topic Retrieval Exploration and Analy-
sis Module (STREAM) (Thielmann et al., 2024b),
cover the entire life cycle of topic modeling, includ-
ing data preprocessing, model training, and topic
evaluation.

While current toolkits satisfy the needs of users
in a wide range of research and applications, they
are built for English and other Latin-alphabet lan-
guages (McCallum, 2002; Rehiek et al., 2011;
Qiang et al., 2018; Terragni et al., 2021a). One
may translate text in non-Latin language (such as
Japanese, Korean, and Chinese) into English before
topic modeling. However, this two-step process
may be time consuming, and more problematically,
lead to incoherent theme semantics (Zhao et al.,
2011). This is partially due to the fact that these
languages lack of clear word separators, making a
direct integration into a Latin alphabet-based toolk-
its challenging. Our experiment (Table 2) brings
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further evidence of suboptimal results in a case
study using Chinese text translated into English as
input for topic modeling.

Familia (Jiang et al., 2021), an industrial-grade
topic modeling framework, supports topic infer-
ence and semantic matching computation for Chi-
nese corpora. However, despite its high compu-
tational efficiency, the open-source version of Fa-
milia ! considers only three topic models: Latent
Dirichlet Allocation (LDA) (Blei et al., 2003), Sen-
tenceLDA, and Topical Word Embedding (TWE),
and lacks data preprocessing and topic evalua-
tion modules. To satisfy the expected needs of a
large number of current and potential future users—
around 1.5 billion people speak Chinese across the
world—the STREAM-ZH software package fills
an important gap by offering a toolkit specifically
designed for the Chinese language that covers a
wide range of possible applications.

1.1 Contributions
Our contributions can be summarized as follows:

* We present the first topic modeling package
with comprehensive support for Chinese, cov-
ering a wide range of models, evaluation met-
rics, and preprocessing pipelines.

* The toolkit supports flexible Chinese prepro-
cessing, including word segmentation (with
multiple tools), custom dictionaries, and POS
tagging.

* Four curated and preprocessed Chinese tex-
tual datasets are included as benchmarks for
topic modeling.

* We benchmark several standard topic mod-
els on these datasets using intruder detection,
diversity, and coherence metrics.

2 Simplified Topic Retrieval Exploration
and Analysis Module for Chinese

To the best of our knowledge, STREAM-ZH is the
first topic modeling toolkit that fully supports Chi-
nese in dataset preprocessing, topic modeling of a
broad range of models and evaluation metrics. It
fills the gap in the processing capabilities of exist-
ing topic modeling toolkits and marks an important
step forward in the multilingual applicability of
topic modeling.

1https://github.com/baidu/Familia?tab=
readme-ov-file

2.1 Available Datasets

To complement the English-only datasets included
in STREAM, we added four Chinese datasets:
THUCNews? (Sun et al., 2016), generated by fil-
tering Sina News RSS feeds (2005-2011), and
THUCNews_small, a subset with 1,000 docu-
ments per category,
FUDANCNews?, originally for text classification,
merged from its training and test sets;
TOUTIAO?, a headline dataset collected in May
2018, and TOUTIAO_small, containing 1,400
documents per category;
CMtMedQA _ten, derived from CMtMedQA’
(Yang et al., 2024), a Chinese multi-round med-
ical conversation corpus, by selecting ten medical
themes, with a corresponding CMtMedQA _small
subset of 1,000 documents per category.

Detailed statistics (e.g., number of documents,
average document length) are provided in Table S1
in the appendix.

2.2 Preprocessing Domain-Specific text in
Chinese language

Unlike English, Chinese text lacks natural word
boundaries (Qin et al., 2016). Therefore, how
to accurately segment a continuous sequence of
Chinese characters into individual words has be-
come a key issue in Chinese natural language
processing. Moreover, in practical applications,
texts in different domains usually have specific
lexical rules, and the use of generalized Chinese
Word Segmentation (CWS) tools may lead to a de-
crease in the lexical accuracy of domain-specific
texts (Luo et al., 2019), which in turn affects the
effectiveness of topic modeling. To better accom-
modate the needs of users for domain-specific text
segmentation, STREAM-ZH provides five main-
stream open-source CWS tools with excellent per-
formance, including J ieba®, PKUSeg7 (Luo et al.,
2019), THULAC, HanLP® (He and Choi, 2021),
and SnowNLP?, adapted to various data character-
istics. We do not consider CWS methods based on

Zhttps://github.com/thunlp/THULAC-Python

3https://gitcode.com/open—source—toolkit/
6a679

4https://github.com/aceimnorstuvwxz/
TOUTIAO-text-classfication-dataset

5https://huggingface.co/datasets/Suprit/
CMtMedQA

®https://github.com/fxsjy/Jieba

7https://github.com/lancopku/PKUSeg—python

8https://github.com/hankcs/HanLP

*https://github.com/isnowfy/SnowNLP
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pre-trained language models such as CWSeg (Li
et al., 2023), as they are typically not computa-
tionally efficient for the large-scale textual datasets
common in topic modeling.

3 Results

In the following we report the results of ex-
periments using STREAM-ZH to compare topic
models based on the newly introduced Chi-
nese datasets (THUCNews_small, FUDANCNews,
TOUTIAO_small and CMtMedQA_small). The
first three datasets belong to the news domain.
The FUDANCNews dataset has the longest av-
erage document length, the THUCNews_small
dataset has a moderate document length, and
the TOUTIAO small dataset consists of news
headlines, which are considerably shorter. The
CMtMedQA_small dataset is a medical domain
dataset obtained from real doctor-patient exchanges
and contains a large number of active inquiry state-
ments.

We consider topic modeling evaluation metrics
in STREAM, including intruder metrics (Thiel-
mann et al., 2024a)(Average Intruder Similarity
(ISIM), Intruder Shift (ISH), Intruder Accuracy
(INT)), diversity metrics (Word Embedding-based
Weighted Sum Similarity (WESS) and Topic Ex-
pressivity (EXPRS)), Coherence Metrics (Embed-
ding Coherence (COH) (Terragni et al., 2021b)
and Normalized pointwise mutual information
(NPMI) (Lau et al., 2014)). We consider three
classes of topic models such as classical, neu-
ral, and clustering topic models. Specifically,
we trained LDA (Gensim'?), Non-negative Ma-
trix Factorization (NMF) (Lee and Seung, 2000),
Contextualized Topic Models (CTM) (Bianchi
et al., 2020), BERTopic (Grootendorst, 2022) and
KmeansTM (Thielmann et al., 2024a).

3.1 Experimental evaluation of topic models
on news datasets

Table 1 shows that on the THUCNews_small
dataset, KmeansTM performs best on the intruder
and diversity metrics, and scores high on the coher-
ence metrics, indicating that its topics are relatively
well-separated and less redundant. NMF scores
significantly higher on the coherence metrics than
the other models, which suggests that it generates
semantically coherent topics. These results high-
light a clear trade-off: NMF prioritizes coherence,

Ohttps://github.com/piskvorky/gensim

while KmeansTM better preserves topic separation
and diversity.

NMF and KmeansTM achieve the best perfor-
mance with regard to intruder, diversity, and co-
herence metrics on the FUDANCNews dataset, in-
dicating they generate both coherent and diverse
topics. On TOUTIAO_small (short texts) dataset,
neural topic modeling becomes more competitive:
CTM achieves best on nearly all three metrics. This
aligns with the intuition that contextual embed-
dings can better exploit limited word co-occurrence
in sparse documents, improving both topic discrim-
inability and semantic consistency. Notably, NMF
attains the highest NPMI but lags behind CTM and
KmeansTM on diversity, suggesting that high co-
herence does not necessarily imply non-redundant
topics under short-text conditions.

3.2 Experimental evaluation of topic models
on a medical dataset

The results (Table 1) on CMtMedQA_small dataset
outside journalistic domain show that KmeansTM
performs best in all evaluation metrics, especially
with regard to the metric “INT”, suggesting that the
topics it generates are particularly outstanding in
terms of distinctiveness, in addition to being coher-
ent and diverse. A consistent pattern across datasets
is that LDA underperforms on all metric families,
suggesting that in Chinese setting it struggles to
produce both semantically coherent and discrim-
inable topics. Overall, KmeansTM systematically
performs better on all four datasets used in this
study, indicating that the clustering-based approach
transfers robustly beyond journalistic content, pro-
ducing topics that are simultaneously coherent and
separable.

Qualitative examples of topic modeling results
on the four datasets are provided in the appendix
Tables S3, S4, S5, and S6. Additionally, we hy-
pothesize that the choice of CWS tools may sig-
nificantly impact topic modeling performance in
domain-specific datasets. To verify this, we con-
ducted a Friedman test on the CMtMedQA_small
dataset results. The test revealed statistically signif-
icant differences across CWS tools in the intruder
and coherence metrics, whereas no significant vari-
ation was observed for diversity metrics. Conse-
quently, we performed a post-hoc Nemenyi test to
examine specific pairwise differences, confirming
that the choice of CWS tool significantly influences
the quality of the generated topics. Detailed exper-
imental results and statistical tests can be found
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Metrics Intruder Diversity Coherence

Model ISIM| INTt ISH] WESS| EXPRS| NPMIt COH*t
Dataset: THUCNews_small
LDA 0.577 0.143  0.719 0.897 0.922 -0.649 0.597
NMF 0.517 0505 0.625  0.745 0.838 0.508  0.647
CTM 0.499 0.498 0.609 0.732 0.829 0.442  0.633
BERTopic 0.509 0392 0.620  0.747 0.833 0.426  0.630
KmeansTM  0.486 0.494 0.601  0.717 0.824 0.402 0.628
Dataset: FUDANCNews
LDA 0.524 0231 0.672 0.843 0.870 -0.216  0.565
NMF 0.502 0366 0.628  0.762 0.839 0.362  0.608
CTM 0.517 0437 0.631 0.763 0.842 0326 0.639

BERTopic 0.528 0239 0.655  0.798 0.855 0.219 0.602
KmeansTM 0512 0.450 0.626  0.751 0.835 0.314 0.643

Dataset: TOUTIAO_small

LDA 0.546  0.131 0.705  0.881 0914 -0.702  0.562
NMF 0.527 0270 0.667  0.819 0.859 0.045 0.598
CT™ 0471 0567 0.565  0.663 0.782 -0.112  0.667

BERTopic 0.608 0.175 0.744  0.892 0912 -0.254  0.632
KmeansTM  0.493  0.585 0.592  0.709 0.816 -0.062  0.664

Dataset: CMtMedQA _small

LDA 0.645 0.105 0.784  0.941 0.912 -0.128  0.637
NMF 0.616 0211 0.735  0.862 0.874 0.241 0.674
CT™M 0.620 0242 0.732  0.854 0.871 0.225 0.686

BERTopic 0.632 0392 0.733  0.827 0.842 0.136 0.724
KmeansTM  0.620  0.592 0.710  0.788 0.811 0.254 0.743

Table 1: Benchmark results on the introduced Chinese
datasets. All models and evaluation metrics use the
Conan-embedding-v1 pre-trained embedding model (Li
et al., 2024) when applicable. Model hyperparameters
are tuned over 20 trials. The intruder metrics are aver-
aged over 100 runs. All models, except BERTopic, are
fitted with a pre-specified number of 14, 20, 14, and 10
topics, respectively. BERTopic automatically detects the
optimal number of topics, hence we extract the corre-
sponding number of topics from the output in order. The
1 symbol indicates that a higher value is better, while
the | symbol indicates that a lower value is better.

in the appendix Tables S7 and S8. Note that the
Nemenyi test was employed instead of pairwise
t-tests to strictly control for the family-wise error
rate in this multi-method comparison context.

3.3 Sensitivity analyses

We further assess robustness to two practical per-
turbations: class imbalance and the number of
topics. First, we construct three imbalanced
variants of the datasets via stratified sampling:
THUCNews_imbalance, TOUTIAO_imbalance,
and CMtMedQA_imbalance (category-wise docu-
ment counts are reported in the Table S9). By re-
running the same benchmarking pipeline, we show
that the results are mainly stable (see Table S10):
KmeansTM remains competitive and typically lead-
ing on intruder and diversity metrics across imbal-
anced datasets, while CTM remains strong on short-
text dataset (TOUTIAO_imbalance) and is highly
competitive on CMtMedQA _imbalance. The lead-
ing method on coherence can shift under imbal-

ance (e.g., on THUCNews_imbalance, BERTopic
improves and becomes best on coherence metrics),
suggesting that coherence metrics are more sensi-
tive to distributional skew than intruder and diver-
sity metrics under our evaluation setup. Compared
to the results of the original dataset (Table 1), we
see modest decrease in overall topic quality for var-
ious models and datasets, confirming the fact that
topic models usually obtain higher performance for
balanced datasets.

Second, we evaluate sensitivity to the topic count
by setting a range of values for the hyperparam-
eter K € {10,30,50,100} for KmeansTM on
THUCNews_small (see Table S11). As K in-
creases, intruder and diversity metrics degrade
monotonically, while COH improves modestly.
This behavior is consistent with over-segmentation:
larger K can yield narrower topics that appear in-
ternally coherent, yet become increasingly frag-
mented and redundant as similar semantics are split
across multiple nearby topics, thereby harming dis-
tinctiveness and diversity.

Overall, these sensitivity experiments indicate
that the relative strengths observed in the main
benchmark are not artifacts of a single sampling
regime or a single choice of K, while also clarify-
ing the coherence and diversity trade-off induced
by increasing topic granularity.

3.4 Experimental evaluation of topic models
relative to a machine translation approach

One may reasonably wonder whether a native in-
corporation of a non-Latin language for topic mod-
eling, as proposed in our software STREAM-ZH,
is justified given the high performance of current
translation tools. In principle, text from any lan-
guage can be translated into English and used in
English-based topic modeling frameworks. To ad-
dress this question, we compared the performance
of STREAM-ZH based on original Chinese text
with STREAM (Thielmann et al., 2024b) using En-
glish translations via Google translate. The Chinese
topics obtained in the original Chinese datasets (us-
ing STREAM-ZH) will be compared with the Chi-
nese translations of the English topics obtained in
the English translation of the same datasets (using
STREAM). The quality of these topics is evaluated
using the previously introduced metrics. Metrics
that depend on reference corpus are excluded since
it would be unfair to use the original dataset as
baseline. The results (Table 2) indicate that overall
the topics generated directly using STREAM-ZH
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Metrics Intruder Coherence
ISIM| INT?T ISH |

THUCNews_small

Diversity
WESS | EXPRS| COHT

STREAM-ZH 0477 0562 0.582"" 0703  0.812"*  0.637""
STREAM 0.487 0460  0.601 0.729 0.824 0.617
FUDANCNews

STREAM-ZH 0.521° 0442 0.638 0763 0.840"""  0.642"
STREAM 0.528 0.445 0642 0772 0.848 0.638
TOUTIAO _small

STREAM-ZH 0.511° 0427 0619 0741 0.825™  0.646™"
STREAM 0.518 0359  0.638 0.777 0.848 0.617
CMtMedQA_small

STREAM-ZH 0.615 0.562""  0.705 0796 0.815"  0.741""
STREAM 0.604™"  0.380 0.704 0.808 0.825 0.711

Table 2: Benchmark results on the introduced Chi-
nese datasets. All models use Conan-embedding-v1
for Chinese and paraphrase-MiniLM-L3-v2 (Reimers
and Gurevych, 2019) for English, where applicable. We
apply KmeansTM with fixed topic counts (14, 20, 14,
or 10, depending on the dataset) to both original and
translated texts, repeating each run 10 times. Metrics are
averaged over runs. One-sided independent t-tests are
used to determine whether observed differences are sta-
tistically significant. The best-performing model (higher
or lower depending on the metric) is bolded. Signifi-
cance levels: * P < 0.05;** P < 0.01; *** P < 0.001.

are more coherent and diverse. This finding sug-
gests that topic modeling with native non-Latin
language integration may be more effective than
relying on translation-based approaches. This may
be attributed to the fact that current processes of
machine translation ineluctably reduce the infor-
mation content of the original text such as ignoring
semantic subtleties and cultural context (Naveen
and Trojovsky, 2024; Yang et al., 2023), leading to
suboptimal downstream performance. While part
of this problem might be alleviated with the emer-
gence of more powerful translation tools, intrinsic
differences between languages still obstruct the
complete transition of information to some extent.
Although De Vries et al. (De Vries et al., 2018)
reported that machine translation has only limited
effects on bag-of-words-based topic modeling, it is
important to note that their study focused on lan-
guages (Danish, German, Spanish, French, Polish)
that are linguistically closer to English, and that
they employed LDA, which showed the weakest
performance in our benchmark experiments (Ta-
ble 1).

4 Conclusion

In this paper, we propose STREAM-ZH, which
extends the STREAM topic modeling framework
to textual data in simplified and traditional Chi-
nese. To address the challenges associated with the
peculiarities of the Chinese language, we adapted

the data processing flow so that users can inde-
pendently choose suitable CWS tools, customize
dictionaries, remove specific parts of speech as well
as the conversion of text between traditional and
simplified Chinese. In addition, we released four
pre-processed Chinese datasets that can be used
as benchmark datasets for Chinese topic model-
ing. The results of our experiments show that our
software may assess the performance of topic mod-
els in various scenarios based on textual data in
Chinese language. Additional experiments bring
evidence that our approach outperforms English-
based topic models using automatically translated
textual data from Chinese to English. Future work
may include exploring automated segmentation op-
timization, automatic selection of the most suitable
CWS tool based on dataset characteristics, and ex-
tending the benchmark datasets to include more
domain-specific corpora.

5 Limitations

Although STREAM-ZH is the first topic modeling
framework that fully supports Chinese language, it
still has several limitations and potential risks. First,
our evaluation is based only on a limited number
of Chinese benchmark datasets, which may not be
sufficient to fully reflect the complexity of domain-
specific (such as law, chemistry, etc.) corpora. Sec-
ond, the framework currently does not support pro-
cessing mixed Chinese and English texts, and can
only perform topic modeling on data in a single
language, which may limit its practicality in mul-
tilingual or cross-lingual scenarios. In addition,
in the comparative experiment of topic modeling
between original Chinese text and its English trans-
lated version, we only used Google Translate as
the benchmark. Considering the rapid develop-
ment of neural machine translation (NMT) tools,
the gap between these two procedures may grad-
ually narrow, and better results may be achieved
using newer NMT tools. Potential risks include
biases between automated evaluation metrics and
human assessments that may lead to misinterpreta-
tion of the results, and ethical risks resulting from
the openness of users to interpret the results of topic
modeling.
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A Chinese dataset preprocessing

Datasets Creating a custom dataset that includes
the use of a specified Chinese Word Segmentation
(CWS) tool and custom dictionary, the removal of a
specified lexical property, and the conversion of tra-
ditional Chinese to simplified Chinese is embedded
into one single function in python:

stream.data_utils import TMDataset
pd.read_csv("your_data.txt")

from
df

dataset TMDataset ()

dataset.create_load_save_dataset(
data=df,
dataset_name="your_name",
save_dir="save directory"”,
doc_column="text", # column name
where documents are stored
label_column="1labels",

language = "chinese",
stopwords_path = "your stopwords
file path”,

segmentation_tool = "pkuseg", #
Choose from jieba, pkuseg, hanlp,
thulac, snownlp

domain = 'medicine', # Only for "
pkuseg"”, choose from news, web,
medicine, tourism and mixed
segmentation_dict = "userdict path”,
remove_pos = ['c', 'd'] # Remove

conjunction and adverb

)

Preprocessing newly introduced Chinese
datasets To mitigate potential errors and bias
from the original Chinese language datasets,
we carried out several preprocessing operations.
From the raw data, we removed HTML tags,
non-standard characters, numbers, punctuation
marks, and English words to eliminate noise and
retain core semantic information. We employed
‘Jieba’ for the segmentation process and filtered
the segmentation results based on a predefined
stopwords list to eliminate meaningless words.
We further filtered out words composed of more
than 10 characters. To maintain stability and
representativeness of the lexical distribution,
we set a minimum word frequency thresholds
for each investigated dataset as follows: 200
for THUCNews, 100 for FUDANCNews, 20
for TOUTIAO and THUCNews_small, 10 for
CMtMedQA_ten, 5 for TOUTIAO_small and
CMtMedQA_small. The final preprocessing stage
consisted of removing documents with empty
lexical results to ensure the completeness and
usability of the resulting pre-processed dataset.
The statistical information of each pre-processed
dataset can be found in Table S1.

B Evaluation Metrics and
Hyperparameter Configuration

STREAM-ZH offers the following topic evaluation
metrics. Intruder metrics evaluate the robustness of
top words against intruder words (i.e., words that
do not semantically belong to a given topic). Diver-
sity Metrics evaluate how well topics are separated
and how expressive they are. Coherence Metrics
evaluate the internal semantic consistency of topics.
Intruder Metrics:

* ISIM: Measures the average cosine similar-
ity between the embeddings of a topic’s top
words and the intruder word.

* INT: For a given topic and intruder word, this
metric computes the fraction of cases where
the intruder word is the least similar (in em-
bedding space) to the top words of the topic.

* ISH: Quantifies the change in the centroid of
a topic when an intruder word is inserted.

Diversity Metrics:

* Expressivity: Computes the cosine distance
between a topic centroid and the centroid of
meaningless words (e.g., stopwords).

* Word Embedding-based Weighted Sum Simi-
larity: Evaluates the diversity of topics in the
embedding space.

Coherence Metrics:

* Embedding Coherence: Calculates the cosine
similarity between the centroid of topic words
and the centroid of stopwords.

e NPMI: A classical coherence measure based
on word co-occurrence statistics from the
source corpus.

We also provide the hyperparameter configurations
of all models (Table S2) in the benchmark experi-
ments to better ensure reproducibility.

C Available Models

In addition to the models used in the experiments
STREAM-ZH supports chinese topic models for
the following classes: ETM (Dieng et al., 2020),
DCTE (Thielmann et al., 2024c), CTMNeg (Adhya
et al., 2022), ProdLDA and NeuralLDA (Srivastava
and Sutton, 2017), TNTM (Reuter et al., 2025),
NSTM (Zhao et al., 2020) and CBC (Thielmann
et al., 2023).
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Dataset n l w tokens
THUCNews 804,656  230.5 (168.7) 395,432 185,150,667
THUCNews_small 13,994 198.1 (158.6) 40,865 2,741,975
FUDANCNews 9,526 422.5(340.3) 22,985 4,024,481
TOUTIAO 337,902 10.2 (4.8) 57,616 3,451,639
TOUTIAO_small 19,399 8.1(4.1) 12,777 156,744
CMtMedQA_ten 48,413 166.1 (47.1) 22,404 8,042,781
CMtMedQA_small 9,909 164.6 (47.0) 12,885 1,631,438

Table S1: Statistics of the pre-processed Chinese datasets. The number of documents (n) refers to the total number
of document samples in each dataset. The average document length (!) indicates the average number of words per
document (with standard deviation in parentheses). The number of unique words (w) counts the number of distinct
words appearing in the pre-processed dataset, and the number of tokens (tokens) represents the total token count in

each datasets.

D Qualitative Example of Topic Outputs

To provide a more comprehensive view of the
benchmark results, beyond the automatic evalu-
ation metrics, we further present example topic
outputs from multiple models on different corpora
(Table S3, S4, S5, S6). These examples (with En-
glish translations) illustrate what kind of content
the models are able to capture in the Chinese con-
text.

E Evaluating the effect of CWS tools on
topic modeling

Prior studies have shown that the choice of CWS
tools can significantly influence downstream tasks
such as sentiment analysis (Lei et al., 2021) and
text classification (Zhao et al., 2024). Motivated
by this, we hypothesize that CWS tools may also
affect topic modeling performance. Building upon
the findings from the previous experiment (Ta-
ble 1, we evaluate the impact of different CWS
tools—Jieba, PKUSeg, HanLLP, THULAC, and
SnowNLP—on topic modeling performance. We
chose KmeansTM given its ability to systematically
generate coherent and diverse topics. The results
(Table S7) indicate that the most notable variations
across CWS tools occur in the INT and NPMI met-
rics. HanLLP achieves the highest INT score, fol-
lowed by Jieba and PKUSeg, while SnowNLP and
THULAC perform considerably worse. In terms
of NPMI, PKUSeg outperforms all other tools,
whereas HanLP reports the lowest score. Since
PKUSeg allows the use of domain-specific models,
we set the model to a medical domain model for
our experimental study. These findings highlight
the importance to allow users to chose an appropri-

ate CWS tool, which is of particular relevance for
domain-specific datasets.

To further compare the impact of different CWS
tools on topic modeling performance, we con-
ducted the Friedman test (Demsar, 2006). The
null hypothesis assumes that the choice of CWS
tools does not lead to significant differences in
topic modeling performance, while the alterna-
tive hypothesis posits that such differences do ex-
ist. The performance of each tool is measured by
multiple topic evaluation metrics, including ISIM,
INT, ISH, WESS, EXPRS, NPMI, and COH. The
corresponding p-values of the Friedman test for
these metrics were 4.71 x 1076, 1.59 x 107?, 3.6 x
1073,0.684,0.772,7.58 x 10~4, and 0.022, respec-
tively. Except for the two metrics of topic diversity,
WESS and EXPRS, all p-values were below the
significance threshold of 0.05, indicating that dif-
ferent CWS tools have a significant impact on topic
modeling.

To identify which specific tools differ signifi-
cantly, we also performed post hoc Nemenyi tests.
The results revealed significant differences in ISIM
scores between Jieba and HanLP, PKUSeg and
HanLP, HanLP and THULAC, and HanLP and
SnowNLP. For INT, significant differences were
observed between Jieba and THULAC, Jieba and
SnowNLP, HanLLP and THULAC, and HanLLP and
SnowNLP. In terms of ISH, HanLP differed signif-
icantly from PKUSeg and SnowNLP. For NPMI,
PKUSeg and SnowNLP showed significant differ-
ences. Finally, for COH, significant differences
were found between SnowNLP and Jieba, and
SnowNLP and HanLP. Detailed results are pre-
sented in Table S8.
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Model

hyperparameters

Dataset: THUCNews_small

LDA “alpha’: 0.251, ’eta’: 0.726

NMF ’11_ratio’: 0.042, ’init’: ’random’, *'max_iter’: 742, ’solver’: 'mu’

CTM encoder_dim’: 203, *dropout’: 0.2377, ’inference_type’: ’zeroshot’, ’Ir’: 0.0023, *weight_decay’: 0.0010,
“inference_activation’: *Tanh’, "'model_type’: *ProdLDA’, *batch_size’: 265

BERTopic ’n_neighbors’: 31, 'n_components’: 11, 'metric’: "euclidean’, *min_cluster_size’: 83, 'min_samples’: 78,
"cluster_selection_epsilon’: 0.698

KmeansTM  ’n_neighbors’: 20, 'n_components’: 30, 'metric’: "euclidean’, ’init’: ’random’, *n_init’: 30, *max_iter’: 293

Dataset: FUDANCNews

LDA “alpha’: 0.181, ’eta’: 0.539

NMF ’11_ratio’: 0.261, ’init’: ‘random’, *'max_iter’: 528, ’solver’: ’cd’

CTM encoder_dim’: 511, *dropout’: 0.1805, ’inference_type’: ’combined’, ’Ir’: 0.0039, *weight_decay’: 0.0003,
“inference_activation’: *Softplus’, 'model_type’: ’ProdLDA’, ’batch_size’: 183

BERTopic ’n_neighbors’: 39, 'n_components’: 5, ’metric’: ’cosine’, *min_cluster_size’: 55, 'min_samples’: 50,
"cluster_selection_epsilon’: 0.288

KmeansTM  ’n_neighbors’: 21, *n_components’: 37, 'metric’: ’euclidean’, ’init’: ’k-means++’, *n_init’: 15, *'max_iter’:
992

Dataset: TOUTIAO_small

LDA “alpha’: 0.271, ’eta’: 0.623

NMF ’11_ratio’: 0.746, ’init’: nndsvda’, max_iter’: 795, ’solver’: ’cd’

CTM “encoder_dim’: 308, *dropout’: 0.0046, ’inference_type’: ’combined’, ’Ir’: 0.0083, *weight_decay’: 0.0004,
“inference_activation’: *Softplus’, 'model_type’: "ProdLDA’, ’batch_size’: 193

BERTopic ’n_neighbors’: 11, 'n_components’: 36, metric’: "euclidean’, min_cluster_size’: 45, min_samples’: 99,
"cluster_selection_epsilon’: 0.0764

KmeansTM  ’n_neighbors’: 44, *'n_components’: 10, 'metric’: ’euclidean’, ’init’: ’k-means++’, *n_init’: 27, *'max_iter’:
642

Dataset: CMtMedQA_small

LDA “alpha’: 0.685, ’eta’: 0.228

NMF ’11_ratio’: 0.387, ’init’: 'nndsvdar’, max_iter’: 505, ’solver’: ’cd’

CTM encoder_dim’: 134, *dropout’: 0.3819, ’inference_type’: ’zeroshot’, ’Ir’: 0.0051, *weight_decay’: 0.0008,
“inference_activation’: *Tanh’, 'model_type’: *ProdLDA’, *batch_size’: 160

BERTopic ’n_neighbors’: 29, 'n_components’: 39, 'metric’: ’euclidean’, *min_cluster_size’: 8, 'min_samples’: 76,
"cluster_selection_epsilon’: 0.994

KmeansTM  ’n_neighbors’: 47, 'n_components’: 13, *metric’: ’cosine’, 'init’: ‘random’, 'n_init’: 16, 'max_iter’: 662

Table S2: Detailed hyperparameter configurations of each model used in the benchmark experiments reported in

Table 1.
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THUCNews_small LDA NMF CT™M BERTopic KmeansTM
Term Rank | (Topic 5) (Topic 0) (Topic 4) (Topic 10) (Topic 4)
1 ek U125 AR R U259
(Game) (Game) (Game) (Game) (Game)
2 Fizk TES 72 ETEN T2 S
(Index) (Player) (Player) (Player) (Player)
3 Bix ifE 145 i 14t
(Player) (Haikon) (Online (Online (Online
game) game) game)
4 Jt 3 FHL 5 i)
(Yuan) (Battle) (Mobile (Event) (Event)
phone)
5 iV s % etk etk
(User) (Character) (Pixel) (Equipment) (Equipment)
6| MU (35 (X £ g4
(Video) (Experience)  (Experience) (Reward) (Reward)
7 h [RES95d 3k Hifie Hifie
(In) (Online (Battle) (Skill) (Skill)
game)
8| I Y% Ptk 3 B
(Online (System) (Equipment) (Battle) (Battle)
game)
9 Ji & A o4 258 3 3% [RE2i354
(Ten (Platform) (Event) (Online (Online
thousand) game) game)
10| R f i 2k % K%
(Tencent)  (Production) (Reward) (Experience)  (Experience)

Table S3: Qualitative results for the “Game” topic on
the THUCNews_small dataset. The table shows the 10
top words generated by five models along with their

English translations (corresponding to Table 1).

TOUTIAO_small LDA NMF CT™ BERTopic KmeansTM
Term Rank | (Topic 1) (Topic 6) (Topic 1) (Topic 13) (Topic 6)
1 % »i »i B8 B
(Age) (House prices)  (House prices) (Logic) (House prices)

2 i L5 LE HeR XE
(City) (Home purchase) ~(Home purchase) ~ (Judgment)  (Home purchase)

3 X5 el Bt 5= P
(Home (Housing (Real estate) (Jack Ma) (Real estate)

purchase) market)

4 i W i &E W
(House (City) (Housing (Cheap) (Housing
prices) market) market)

5 23 e BT ax —FE
(Good) (Real estate) (House) (Cabbage) (Second-hand

housing)

6 75 =F5 =F5 REK AR
(Place) (Second-hand ~ (Second-hand (Future) (Housing

housing) housing) provident fund)

7 & Kk i B B
(Most) (Future) (City) (House prices) (Property)

8 % e 5 ety 5
(Eating) (Property) (Housing) (Affordable) (Housing)

9 2 iBiE 2RE it BT
(Wife) (Regulation) (Housing (Real estate) (House)

provident fund)
10 HIE =m B R i
(Living) (Third- and (Property) (Increasingly) (City)
fourth-tier)

Table S5: Qualitative results for the “Housing” topic

on the TOUTIAO_small dataset. The table shows the
10 top words generated by five models along with their
English translations (corresponding to Table 1).

FUDANCNews LDA NMF CT™M BERTopic KmeansTM CMtMedQA_small LDA NMF cT™ BERTopic KmeansTM
Term Rank | (Topic 2) (Topic 10) (Topic 8) (Topic 12) (Topic 8) Term Rank | (Topic 9) (Topic 0) (Topic 9) (Topic 0) (Topic 8)
1 R K=& R Fiis K= 1 AR L] BT i Jisg
(Agriculture) (Agricultural (Agriculture) (Seed) (Agricultural (Symptom) (Tumor) (Treatment) (Tumor) (Tumor)
products) products) 2 HIT i i8] RIg e
2 Ead RE RE B (Treatment) (Targeted (Tumor) (Postoperative)  (Chemotherapy)
(Production) (Farmers) (Development) (Breeding) (Grain) therapy)
3 R KA KA TR =) 3 B4 l%rg FA Fih BT
(Grain) (Rural areas) (Rural areas)  (Seed company) (Land) (Doctor)  (Chemotherapy) (Surgery) (Tooth) (Radiotherapy)
4 R 3 A RE 4 i crg &g VA LS
(Development) (Land) (Production) (Scientific (Farm households) (Lung cancer) ~ ( ) (@ ) ) (
research) 5 L HIT BT TE itife
5 EX %4 KRR HE e (Relief) (Treatment) (Radiotherapy) (Uterus) (Lung cancer)
(Corn) (Industrialization) (Farmers) (South Korea)  (Industrialization) 6 i A B X Fh HUR iR
6 i Eedal BE fiEd RE (Condition) (Cancer cell) (Patient) (This) (Thyroid)
(Year) (Farm households)  (Our country) (Vegetables) (Farmers) 7 ait7] 41 VIR AR #ef
7 INE W R fxel RAF (Drug) (Cell) (Resection) (Specific (Targeted
(Wheat) (Grain) (Agricultural (Cultivar) (Rural areas) condition) therapy)
products) 8 AT bk W LE FUIR
8 Fh 7?28 =) 4 R (Carry out) (Resection) (Need) (Psychological) (Mammary
(Cultivar) (Management) (Land) (Industry) (Farm) glands)
9 fi= iz T Wik it 9 X AIfER 1 i%xg ki
(Improvement) (Price) (Market) (Law (Arable land) (Advice) (Side effect) (Targeted (Chemotherapy) (Mammary
enforcement) therapy) cancer)
10 &% R Eal Flfl e 10 gl E S i &7 B
(Economy) (Science and (Farm ( i [t (Cause) (Protocol) (Lung cancer)  (C (Breast)
technology) households)

Table S4:

Qualitative results for the “Agriculture” topic

on the FUDANCNews dataset. The table shows the 10
top words generated by five models along with their
English translations (corresponding to Table 1).
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Table S6: Qualitative results for the “Oncology” topic

on the CMtMedQA _small dataset. The table shows the
10 top words generated by five models along with their
English translations (corresponding to Table 1).



metrics Intruder Diversity Coherence
CWStool ISIM| INT{ ISH| WESS| EXPRS| NPMI{ COHt
b 0619 0573 0707 0798 0818 0271 0744
1eoa 0.004) (0.064) (0.003) (0.007)  (0.005)  (0.031) (0.010)
PKUS 0.616 0517 0706 0797 0818 0290  0.740
€ (0.004) (0.070) (0.003) (0.007)  (0.006)  (0.031) (0.009)

Hanl P 0623 0576 0711 0802 0818 0254  0.746
an 0.004) (0.059) (0.004) (0.009)  (0.006)  (0.038) (0.008)
THULAC 0618 0499 0708 0800 0819 0260 0738
0.002) (0.042) (0.003) (0.006)  (0.003)  (0.028) (0.005)

SnownLp 0616 0511 0706 0800 0819 0256 0735
0.004) (0.054) (0.004) (0.007)  (0.004)  (0.028) (0.006)
Table S7: Effects of CWS tool on the re-

sults of KmeansTM topic model applied to the
CMtMedQA_small dataset. In the preprocessing stage
for the CMtMedQA_small dataset, we use varying
CWS tools (Jieba, PKUSeg, HanLP, THULAC, and
SnowNLP) while keeping the other processes un-
changed. For each dataset processed by a different CWS
tool, we compute key intruder, diversity, and coherence
metrics based on the results of 20 runs of KmeansTM
topic model with mean and standard deviation (in paren-
theses). The 1" symbol indicates that a higher value is
better, while the | symbol indicates that a lower value

is better.

jieba pkuseg hanlp thulac snownlp
ISIM
jieba - 0.497 0.041 1.000 0.180
pkuseg - 0.000 0.497 0.975
hanlp - 0.041 0.000
thulac - 0.180
snownlp -
INT
jieba - 0.562 0.807  0.009 0.041
pkuseg - 0.070  0.373 0.691
hanlp - 0.000 0.000
thulac - 0.987
snownlp -
ISH
jieba - 0.975 0.054  0.497 1.000
pkuseg - 0.009 0.180 0.995
hanlp - 0.807 0.031
thulac - 0.373
snownlp -
NPMI
jieba - 0.562 0.807  0.897 0.562
pkuseg - 0.070  0.115 0.022
hanlp - 1.000 0.995
thulac - 0.975
snownlp -
COH
jieba - 0.931 0.751  0.562 0.031
pkuseg - 0.266  0.957 0.220
hanlp - 0.054 0.000
thulac - 0.628
snownlp -

Table S8: Nemenyi Test Results (p-values) for ISIM,
INT, ISH, NPMI and COH. p-values less than 0.05 are
in bold.
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Dataset

Total

Category Distribution (Class: Documents count)

THUCNews_imbalance

8,400

Finance: 3000, Sports: 3000, Entertainment: 800, Technology:
800, Education: 200, Real Estate: 200, Fashion: 200, Politics:
200, Home: 200, Stock: 200, Society: 200, Constellation: 200,
Game: 200, Lottery: 200.

FUDANCNews

9,526

Sports: 1461, Computer: 1141, Economy: 1139, Agriculture:
1092, Politics: 1090, Environment: 959, Space: 890, Art: 537,
History: 243, Military: 146, Education: 116, Transport: 116,
Medical: 104, Law: 102, Philosophy: 85, Literature: 67, Mining:
67, Energy: 65, Electronics: 55, Communication: 51.

CMtMedQA _imbalance

10,000

Pediatrics: 3000, Surgery: 3000, OB/GYN: 1000, ENT: 1000,
Internal Med: 1000, Dermatology: 200, Infectious Dis: 200,
Oncology: 200, Psychology: 200, Andrology: 200.

TOUTIAO_imbalance

19,600

Agriculture: 3000, Tech: 3000, Entertainment: 2200, Sports:
2000, Finance: 1600, Culture: 1400, Education: 1200, Housing:
1100, Game: 900, Travel: 900, Automotive: 800, Military: 800,
World: 500, Story: 200.

Table S9: Category distribution of the four imbalance datasets.

Metrics Intruder Diversity Coherence
Model ISIM| INTt ISH| WESS| EXPRS| NPMI{ COH 1t
Dataset: THUCNews_imbalance
LDA 0572 0175 0717  0.885 0.896  -0.612 0597
NMF 0.533 0403 0.644 0773 0.843 0394 0.644
CTM 0.540 0337 0.654 0.785 0.835 0321  0.633
BERTopic ~ 0.557 0485 0.657  0.762 0.843 0412 0.686
KmeansTM ~ 0.508 0472 0.617  0.735 0.826 0377 0.658
Dataset: TOUTIAO _imbalance Metrics Intruder Diversity Coherence
LDA 0.511  0.146 0.668  0.845 0.886  -0.601  0.546 n_topics (K) ISIM| INTt ISH| WESS| EXPRS| NPMI{ COH 1
NMF 0526 0267 0.657  0.809 0.870  -0.067  0.605 Dataset: THUCNews._small
CTM 0501 0522 0.600  0.704 0.810  -0.120  0.668 ’ -
BERTopic  0.606 0209 0.745  0.895 0.919 0436 0.628 10 0483 0572 0589  0.707 0.817 0457  0.634
KmeansTM  0.481  0.560 0.584  0.691 0.804 0096  0.647 30 0500 0541 0.604  0.726 0.825 0.447 0651
- 50 0501 0513 0606  0.721 0.820 0.399  0.650
Dataset: CMtMedQA_imbalance 100 0516 0509 0622 0743 0832 0360  0.658
LDA 0.639 0.123 0782  0.942 0.913 -0.089  0.636
NMF 0.614 0.164 0745  0.886 0.883 0213 0.658 L
CTM 0.609 0574 0703 0810 0849 0110 0715 Table S11: Sensitivity results on the THUCNews_small
BERTopic ~ 0.642 0290 0749  0.859 0.864 0.236  0.707 : :
KmeansTM ~ 0.621 0444 0716  0.803 0.818 0236 0.730 dataset. KmeansTM and evaluation metrics use the

Conan-embedding-v1 pre-trained embedding model (Li
et al., 2024) when applicable. Model hyperparameters

Table S10: Sensitivity results on the imbalance Chinese
datasets. All models and evaluation metrics use the
Conan-embedding-v1 pre-trained embedding model (Li
et al., 2024) when applicable. Model hyperparameters
are tuned over 20 trials. The intruder metrics are aver-
aged over 100 runs. All models, except BERTopic, are
fitted with a pre-specified number of 14, 20, 14, and 10
topics, respectively. BERTopic automatically detects the
optimal number of topics, hence we extract the corre-
sponding number of topics from the output in order. The
1 symbol indicates that a higher value is better, while
the | symbol indicates that a lower value is better.

are tuned over 20 trials. The intruder metrics are aver-
aged over 100 runs. KmeansTM is fitted with a increas-
ing number of topics (K). The 1 symbol indicates that a
higher value is better, while the | symbol indicates that
a lower value is better.
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