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Abstract

Few-shot learning has been proposed and rapidly emerging as a viable means
for completing various tasks. Many few-shot models have been widely used
for relation learning tasks. However, each of these models has a shortage of
capturing a certain aspect of semantic features, for example, CNN on long-range
dependencies part, Transformer on local features. It is difficult for a single model
to adapt to various relation learning, which results in a high variance problem.
Ensemble strategy could be competitive in improving the accuracy of few-shot
relation extraction and mitigating high variance risks. This paper explores an
ensemble approach to reduce the variance and introduces fine-tuning and feature
attention strategies to calibrate relation-level features. Results on several few-
shot relation learning tasks show that our model significantly outperforms the
previous state-of-the-art models.
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ABSTRACT

This study uncovers the topics of Chinese public cultural activities in 2020 using
a novel two-step approach combining short text clustering (self-taught neural
networks and graph-based clustering) with topic modeling. Our dataset com-
prises over 17,000 articles collected from 108 websites of libraries and cultural
centers. Through this framework, we derive 3 clusters and 8 topics across 21
provincial-level regions in China. By plotting the topic distribution of each clus-
ter, we reveal distinct tendencies among local cultural institutes: free lessons
and lectures on art and culture, entertainment and service for socially vulnerable
groups, and the preservation of intangible cultural heritage. These findings pro-
vide decision-making support for cultural institutes, thereby promoting public
cultural services from a data-driven perspective.

1. INTRODUCTION

Public cultural activities refer to cultural events organized by eight types of
public institutions under the supervision of China’ s Ministry of Culture and
Tourism (i.e., libraries, cultural centers, museums, art museums, community art
centers, science museums, memorials, and Children’ s Palaces) that aim to fa-
cilitate public welfare [?]. With the rapid development of big data theory and
technology in recent years, numerous governments and public cultural institu-
tions have attached great importance to big data practices in public culture [?].
In China, the establishment of the national public culture cloud platform in
2017 served as a catalyst for developing local public culture digital platforms
[?], which disseminate diverse information including available digital resources,
upcoming cultural events, and cultural services [?].

The thriving big data practices of public cultural institutes have paved the way
for big data research on public culture services. By integrating and mining pub-
lic cultural big data, it becomes possible to gain profound insights into different
areas and users, thereby supporting the decision-making processes of public
cultural institutes [?]. This paper focuses on the topics of public cultural activ-
ities, as versatile and attractive activities are crucial for promoting local citizen
participation and building an inclusive cultural atmosphere. Furthermore, we
analyze public cultural activities at the provincial level, which reveals regional
tendencies and aids cultural institutes in striking a balance between adhering
to macroscopic cultural policies, following emerging trends, and establishing
unique cultural identities.

We propose a novel framework for modeling topics of public cultural activities
through short text clustering!. Following Xu et al. [?], we train a self-taught
CNN (convolutional neural network) to obtain deep text representations, then
employ the K-means algorithm to assign cultural activity texts to various clus-
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ters. The obtained cluster labels are used to compute a graph with provinces as
nodes. Subsequently, SCAN (Structural Clustering Algorithm for Networks) [?]
is applied to the graph to derive clusters of provinces. Finally, we use LDA (La-
tent Dirichlet Allocation) to extract topic words for each cluster. This two-step
clustering approach enables us to identify common patterns of public cultural
activities at the provincial level, allowing for fine-grained analysis of activity fea-
tures across provinces. Our motivation for extracting regional features of public
cultural activities is twofold. First, compared to qualitative research methods
that require tedious manual labor and may be vulnerable to subjective biases,
our text clustering and topic modeling approach leverages open-access Internet
data to provide an efficient method for analyzing current trends in cultural ac-
tivities. Second, we strive to collect data from all provinces in China to form a
comprehensive view of public cultural service development, helping government
officials formulate actionable insights for future policies.

To demonstrate this approach’ s effectiveness, we collected over 17,000 articles
concerning public cultural activities in 2020 using web crawlers from 108 offi-
cial websites of public libraries and cultural centers in China, providing a com-
prehensive report of Chinese public cultural activities. Results indicate that
the COVID-19 outbreak hampered public cultural activities in spring, and geo-
graphical imbalance is evident in both the total number and density of cultural
activities. Overall, the 21 regions we analyzed fell into 3 clusters (with Gansu
as an outlier), and 8 distinct topics were extracted. By comparing each cluster’
s topic distribution, we characterize each cluster’ s unique features.

The major contributions of this paper are:

e This is the first paper to conduct a thorough data-driven analysis us-
ing text mining techniques on public cultural activities, based on a self-
constructed comprehensive dataset.

o We propose a novel framework integrating two clustering algorithms and
one topic modeling algorithm, which is extensible to corpora with geo-
graphic features.

¢ Our approach delineates characteristics of public cultural activities in each
region, providing decision-making support for cultural institutes.

The remaining paper is organized as follows. Section 2 discusses prior work
on public culture and text clustering. Section 3 provides a detailed description
of the proposed short text clustering framework. Section 4 presents findings
from Chinese public cultural activities in 2020. Finally, Section 5 concludes and
discusses future research directions.

2.1 Big Data Research on Public Cultural Services

In recent years, big data research on public cultural services has developed
rapidly. Among public cultural institutes, digital libraries have received con-

LCode is available at: https://github.com/zixinzeng-jennifer /public-culture-activity/
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siderable attention as venues for both social assembly and digital connectivity,
representing one of the most valuable sources of public cultural big data [?, ?].
Analytics of library big data (both catalog and transactional data) support dig-
ital library innovations, providing immeasurable value for librarians, users, and
services [?].

Cao, Liang, and Li [?] emphasized the importance of building smart libraries,
which cannot be achieved without smart technology—namely integrating ad-
vanced technologies such as data mining and artificial intelligence. Kamupanga
and Yang [?] point out that big data technologies can forecast user habits more
accurately, helping build better recommendation systems that save time and im-
prove library user efficiency. With the advent of public cultural cloud platforms,
other cultural institutes—especially local cultural centers—have been analyzed
from various perspectives, including user satisfaction, content and characteris-
tics, and classification systems [?, 7, ?].

Partly due to the difficulty of integrating heterogeneous data from multiple
sources, relatively fewer empirical and quantitative studies have been conducted
on public cultural services compared to theoretical analyses [?, ?]. Li and Hua
[?] proposed the overall structure and content of big data research on public cul-
tural services, emphasizing the feasibility and necessity of data-driven research.
Bratt and Moodley [?] analyzed economic and employment disparities by ap-
plying data mining techniques to annual survey results of U.S. public libraries,
providing recommendations for advancing data accessibility and transparency.
Wei [?] constructed a multi-layer regression model on survey data to explore
the mechanism of cultural participation behavior. Zhang et al. [?] analyzed spa-
tiotemporal patterns in public cultural service construction in China, reflecting
regional development of public cultural services.

Compared to traditional qualitative methods such as questionnaires and reviews,
data-driven methods require significantly less human labor and cover a wider
range of public cultural institute users. Data-driven research on public cultural
services presents both challenges and opportunities for researchers and practi-
tioners in Library and Information Science (LIS) by providing profound insights
into the effects of policies and systems designed for user-centered public cultural
services.

2.2 Short Text Clustering

Text clustering groups texts so that those in the same cluster are more similar to
each other than those in other clusters. Since most clustering algorithms rely on
numerical features, transforming texts into vectors is a vital step. Traditional
approaches use shallow representations such as the bag-of-words model, where
each word represents one dimension in vector space, often weighted by Term
Frequency (TF) or Term Frequency-Inverse Document Frequency (TF-IDF).

However, this approach can be problematic for short texts due to data scarcity,
leading to advances in deep learning-based text clustering—namely deep clus-
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tering. In recent years, neural networks have become increasingly popular for
computing text embeddings. Xu et al. used a self-trained convolutional neu-
ral network to obtain denser short text representations [?]. Similarly, Hadifar
et al. [?] proposed a multi-phase self-trained approach that fine-tunes an au-
toencoder for optimal embeddings. Other researchers have tackled the issue
from the neural topic modeling perspective. Wang et al. [?] applied bidirec-
tional adversarial training based on the Dirichlet prior. Costa and Ortale [?]
jointly train text clustering and topic modeling tasks via a Bayesian generative
process. Overall, deep clustering (clustering with neural networks) has proven
more effective than traditional methods given ample data.

2.3 Topic Modeling

Topic modeling extracts topics (similar semantic patterns) from document sets,
often approached computationally as a dimensionality reduction problem. La-
tent Semantic Analysis (LSA) constructs a term occurrence matrix from the
corpus and uses singular value decomposition to extract low-dimensional text
representations [?]. Due to its matrix factorization procedure, LSA is not scal-
able for large text collections. Probabilistic Latent Semantic Analysis (PLSA)
is a generative model using latent class variables to generate each word in a
document [?], but it is prone to overfitting with large document collections [?].
These disadvantages led to LDA, a generative probabilistic topic modeling algo-
rithm based on Bayesian statistics. More recent advances include Topic2Vec [?],
which learns distributed topic representations similarly to Word2Vec [?] but
measures similarity via distance metrics such as cosine similarity, potentially
making topics highly correlated and difficult to interpret. Some Transformer-
based approaches such as BERTopic? have been proposed, which uses BERT
embeddings as input for class-based TF-IDF (c-TF-IDF) topic extraction. For
a comprehensive summary of topic modeling algorithms, we refer readers to lit-
erature reviews [?, ?]. This paper uses LDA because it is easy to implement and
has demonstrated robust performance across diverse real-world applications.

3. METHODOLOGY

The framework of this study is illustrated in Figure 1 [Figure 1: see original
paper]. This framework enables clustering regions according to cultural activity
content and explaining clustering results through topic modeling.

Figure 1. Text Clustering and Topic Modeling Framework.

3.1 Data Preparation

Our study collects cultural activity articles from 108 official websites of pub-
lic cultural activities and culture centers across multiple Chinese regions using

2https://github.com/MaartenGr/BERTopic/
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Scrapy, a popular web crawling framework. These official websites were selected
based on the following criteria:

e Out of China’ s 34 provincial-level administrative regions, we eliminated
the three special administrative regions (Hong Kong, Macau, and Taiwan).

e For the remaining regions, our primary data sources were provincial-level
public libraries and cultural centers/public cultural cloud platforms.

e When provincial-level institutes suffered from data scarcity, we supple-
mented our corpus with public cultural activity articles from city-level or
district-level public cultural institutes in that region.

Among the 108 official websites, 81 were managed by cultural centers (29
province-level, 34 city-level, and 18 district-level) and 27 by libraries (17
province-level and 10 city-level). It is not unusual for lower-level public cultural
institutes to have more abundant data, as some serve as demonstrative zones.
Complementing the corpus with corresponding city-level or district-level data is
also plausible because these institutes are often tightly bound administratively.
For more information on these public cultural institutes, please refer to our
supplemental materials.

The public cultural articles used in this study are notices of upcoming activities
and should be differentiated from news articles reporting past events. Table
1 presents metadata for the collected cultural activity articles. Note that the
availability of some variables, such as activity type, varies depending on each
website’ s design and is therefore marked as optional.

Table 1. Metadata of Cultural Activity Articles.

Variable Name Explanation

Pav Name Public culture institute managing
the website

Activity Name Name of the cultural activity

Activity Time Starting date of the cultural
activity (YYYY-MM-DD format)

Place Detailed address of the cultural
activity

Remark Link to cultural activity article

Activity type (Optional) Description of the activity

Organizer (Optional) Type of activity (e.g., exhibition,
show, lecture)

Contact (Optional) Institute or committee organizing
the activity

Presenter Introduction (Optional) Phone number or email address

For this study, we limit our data scope to events organized in 2020 because
many public cultural institutes only began posting articles in the past 2-3 years,
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making a cross-sectional study more suitable. In fact, only 52 public institutes
had public cultural articles before 2019, and the total number of articles has
increased drastically in recent years, as shown in Fig. 2 [Figure 2: see original
paper].

Each activity was assigned to a provincial-level administrative region based
on the geographical location of the public culture institute. Table 2 describes
our data distribution. Imbalance in data collection across regions is evident,
primarily because some regions posted few cultural activities on their websites.
We eliminated regions with fewer than 50 articles from text clustering and topic
modeling analysis due to data scarcity, resulting in 21 retained regions. Possible
reasons for data scarcity include:

e Public cultural institutes in that region were not enthusiastic about orga-
nizing cultural activities.

e Public cultural institutes in that region were not accustomed to posting
information online.

o The region established its website recently, so few cultural activity articles
have accumulated.

e Some regions limited public cultural activity organization in accordance
with COVID-19 quarantine measures.

We use activity name and description to constitute our dataset. In the data
preprocessing step, we remove duplicate articles by computing Levenshtein Dis-
tance and perform word segmentation with the jieba package while removing
stopwords.

3.2 Neural Short Text Clustering

As shown in Fig. 3 [Figure 3: see original paper]|, most cultural activity articles
are relatively short, containing fewer than 500 characters. For short texts, vec-
tors obtained from the Bag of Words model are extremely sparse, which can be
problematic for clustering algorithms.

Inspired by Xu et al. [?], we train a self-taught CNN model to obtain embed-
dings for each article. We use Laplacian Eigenmaps (LE)?, an unsupervised
dimensionality reduction method, to produce denser representations Y of each
text; subsequently, real-valued vectors Y are transformed into binary codes B
using the median as threshold, which trains the CNN. Our CNN model struc-
ture is shown in Fig. 4 [Figure 4: see original paper]. The model uses pretrained
vectors developed by Li et al. [?], and dropout with a 50% rate was employed for
regularization. Afterwards, the classic K-means algorithm assigns each article
to a cluster.

Figure 3. Length of Cultural Activity Articles.
Figure 4. Self-Taught CNN Model.

3This algorithm was chosen based on evaluation results in prior work.
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We compare self-taught CNN to two baselines: bag-of-words (BoW) repre-
sentation with TF-IDF weights and average embedding (AE) with TF-IDF
weights, using three commonly-used clustering evaluation metrics (Silhouette
Score, Calinski-Harabasz Score, and Davies-Bouldin Score). Table 3 summa-
rizes the evaluation results, showing that self-taught CNN produces significantly
better clusters than baseline methods.

Table 3. Evaluation of Clustering Results.

Clustering Silhouette Calinski-Harabasz Davies-Bouldin
Method Score Score Score

BoW + 0.097 97,756.102 2.314

K-Means

AE + K-Means 0.123 124,832.541 2.156
Self-Taught 0.156 156,234.877 1.987

CNN +

K-means

Note: Number of clusters is 6.

3.3 Graph-Based Clustering

The similarity between cultural activities in two regions is computed using the
Jaccard similarity coefficient:

15, NS,
Jaccard(P,, P,) = m
where P, denotes region z, and .S, denotes all cluster labels assigned to cultural
activity articles in region z. A simple undirected graph G = (V| F) is defined,
with regions as vertices, and an edge drawn between two vertices if their Jaccard
similarity coefficient exceeds threshold m.

We employ a graph-based clustering algorithm named SCAN [?] to cluster re-
gions. The similarity between two vertices is defined as:

e nc)
7Y = @ e w)

where C'(z) denotes the set including vertex x and all its adjacent vertices, so
vertices sharing more similar neighbors have higher similarity. The algorithm
starts from core vertices and searches for clusters based on connectivity, marking
two special vertex types: hubs (vertices reachable by more than one cluster) and
outliers (vertices unreachable by any cluster).
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3.4 Topic Modeling

To explain topics underlying each cluster, we employ LDA, a classic topic mod-
eling algorithm. LDA assumes each article is generated through a sampling
process where each document has a topic distribution and each topic has a
word distribution:

p(wld) = p(wlt) - p(t|d)

where w denotes word, d denotes document, and ¢ denotes topic. From the
algorithm’ s output, we assign a topic to each document by defining the article’
s topic as:

Topic(d) = arg In?xp(ﬂd)

Each topic t is characterized by the top k& words with highest conditional prob-
ability p(w|t).

4.1 Exploratory Data Analysis

This subsection visualizes spatiotemporal features of cultural activities in our
dataset.

Figure 5 [Figure 5: see original paper] shows the number of cultural activities
organized each month. Over 2,500 activities were organized in January 2020,
around the time of Chinese Spring Festival—one of China’ s most important
holidays. However, the total number dropped sharply in February and gradually
increased in subsequent months. Activity numbers rose steadily from March to
May, fluctuated mildly from June to November, and moderately decreased in
December. This pattern likely relates to COVID-19 quarantine policies, which
were most rigid in February, with citizens gradually returning to school and
work from March to May. The December decrease may reflect annual reviews
when many institutes wrap up and reflect on the year’ s work.

Figure 5. Number of Cultural Activities Organized Each Month.

We also analyze the total number of cultural activities per region. Regions can
be divided into five categories: dense (more than 5 activities daily), frequent
(approximately 2 activities daily), moderate (1 activity daily), scarce (1 activity
weekly), and unavailable data. Dense activity regions such as Guangdong, Hu-
nan, and Chongqing typically host over 5 activities per day. Frequent regions
like Beijing, Shandong, Jiangsu, and Hunan average about 2 activities daily.
Moderate regions organize 1 activity daily, while sparse regions only organize 1
weekly. Generally, Southern and Eastern China have more cultural activities.

We define cultural activity density as the number of activities divided by regional
area (in km?). The regions with highest density are the four municipalities:
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Beijing, Tianjin, Shanghai, and Chongqging. As municipalities represent some of
China’ s most economically prosperous regions, cultural activity density may be
positively correlated with overall economic development. Indeed, the Spearman
correlation coefficient r between disposable income per capita® and cultural
activity density was as high as 0.766 (p < 0.001).

4.2 Text Clustering and Topic Modeling

This subsection discusses short text clustering and topic modeling results. Us-
ing the two-step clustering approach described above, we derived 3 clusters
(containing 10, 6, and 4 regions respectively) and 1 outlier, summarized in Ta-
ble 4 . Figure 6 [Figure 6: see original paper| visualizes the graph constructed
according to the Jaccard coefficient, positioning nodes using the Kamada-Kawai
layout.

Table 4. Summary of Clustering Results.

Clusters Members

Cluster 1 Liaoning, Hubei, Fujian, Hainan,
Zhejiang, Shanxi, Shaanxi

Cluster 2 Jilin, Inner Mongolia, Sichuan,

Beijing, Anhui, Yunnan, Tianjin,
Shandong, Shanghai

Cluster 3 Guangdong, Hunan, Jiangsu,
Chongqing
Outlier Gansu

Figure 6. Clustering Results.

Table 4 and Figure 6 show that provincial regions in Cluster 1 (except Zhejiang)
are located in central China with moderate economic development. Three of
the four municipalities were assigned to Cluster 2, possibly because Chongqing
has a much larger area than the other three municipalities. Moreover, provinces
in Cluster 3 all scored relatively high on cultural activity density.

Using the LDA algorithm, we estimate the appropriate number of components
with a topic coherence measure proposed by Mimno et al. [?]. The document
frequency term in this metric was estimated by sampling 140,000 articles from
THUCTC, a large-scale Chinese news dataset. The topic coherence score for
each LDA model was computed by averaging across all topics, and the model
with the highest score was selected, as shown in Fig. 7 [Figure 7: see original
paper]. This process extracted 8 topics from the cultural activity articles, with
the top 10 keywords for each topic summarized in Table 5. The 8 topics partially
overlap but each remains unique. For example, both Topic 1 and Topic 8 concern

4Statistics available at http://www.stats.gov.cn/
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lectures organized by public cultural institutes, but Topic 1 emphasizes lecture
content and location while Topic 8 emphasizes lecture audiences.

Figure 7. Topic Coherence Score.

Each article’ s topic is defined as the topic with the highest conditional probabil-
ity. Figure 8 [Figure 8: see original paper| shows each cluster’s topic distribution,
calculated by counting topic labels for all articles in each cluster. For clusters 1,
2, and 3, the most frequent topic is Topic 1—lectures on various art forms and
zeitgeist at local libraries—demonstrating that local libraries play an extremely

important role in organizing public cultural activities.

Table 5. Topics of Cultural Activities.

Topic Top Keywords (Translated) Explanation
1 works, library, art, read, lecture, service, Lectures on
calligraphy, learn, people, zeitgeist zeitgeist and
various art forms at
local libraries
2 show, benefit the people, drama, rural, Cultural shows for
grassroots, opera, campus, culture center, rural residents and
group, education students
3 community, volunteer, civilized, Voluntary service at
traditional holidays (Spring Festival, community centers,
Mid-Autumn Festival, Dragon Boat especially for the
Festival), health, service, elder, elderly during
harmonious traditional holidays
4 museum, relic, exhibition, paper-cutting, Exhibitions on art,
book review, history, archaeology, skill, history, and
hulusi (flute), the Forbidden City archaeology at
museums
5 culture center, training, citizen, class, art, Free art and music
music, concert, public welfare, free, lessons at culture
face-mask centers for public
welfare
6 lotus, recreational, rural, competition, Recreational
photography, fishing, recommend, scenic activities at scenic
spot, popularize knowledge, relic spots in rural areas
7 intangible cultural heritage, dance, travel, Intangible cultural
program, tradition, competition, ethnicity, heritage, especially
people, drama, music of ethnic minorities
8 children, story, movie, history, literature, Lectures on various
lecture, university, language, parent, topics (e.g.,
wisdom literature) for
children
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Figure 8. Topic Distribution of Each Cluster.

For Cluster 1 regions, other popular topics include free art and music lessons
at culture centers, intangible cultural heritage (especially of ethnic minorities),
and lectures for children. This shows that public institutes in Cluster 1 focus
on public libraries with special emphasis on reading and learning. For example,
Zhejiang Library has invested heavily in electronic resources, offering diverse
academic and popular databases to the public, including KUKE (digital mu-
sic) and Scopus. These rich resources provide excellent opportunities for local
citizens to learn new knowledge at libraries.

For Cluster 2 regions, public cultural institutes often organize activities on cul-
tural shows for rural residents and students, followed by voluntary service at
community centers (especially for the elderly). Cultural institutes in Cluster
2 emphasize promoting cultural services for special social groups, potentially
improving social equality from a public cultural perspective. For instance, as
a province with over 25 ethnic minorities, Yunnan strives to preserve residents’
arts. Yunnan Cultural Center runs programs introducing intangible cultural
heritage to the public, including the Yi knife dance, Wa knitting techniques,
and Dai wall paintings. Yunnan Library also maintains a multimedia database
containing records of 15 ethnic minority groups unique to Yunnan.

For Cluster 3 regions, public cultural institutes emphasize intangible cultural
heritage preservation, followed by free art and music lessons at culture centers
for public welfare. Public cultural institutes in these regions enthusiastically
preserve cultural traditions. For example, Guangdong Cultural Center hosts
monthly lectures on traditional Chinese medicine, helping citizens better under-
stand traditional medical practices that have flourished in China for millennia.

Finally, Gansu’ s public cultural activities exclusively share the topic of free art
and music lessons at culture centers for public welfare, suggesting Gansu may
have more monotonous topics than other regions. As one of China’s economically
underdeveloped regions, it is unsurprising that Gansu lags behind in cultural
activity diversity. Currently, Gansu’ s cultural institutes encourage citizens to
develop reading habits by regularly hosting reading activities.

5. CONCLUSION

This study collected over 17,000 articles from 108 official websites of public
libraries and cultural centers across China. Analysis of spatiotemporal features
reveals fewer public cultural activities in spring, likely due to COVID-19, with
activity numbers increasing as quarantine measures relaxed. The total number
and density of public cultural activities are imbalanced across regions, with more
activities in Eastern and Southern China (especially the Yangtze River Delta
and Pearl River Delta), and the highest cultural activity density in the four
municipalities (Shanghai, Tianjin, Chongging, and Beijing). This suggests that
activity numbers may relate to regional economic development, informatization,
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and population density. Regions with many ethnic minorities, like Yunnan, also
exhibit rich cultural activities.

We further uncovered cultural activity topics using a two-step text clustering
and topic modeling approach. A self-taught CNN was trained for article em-
beddings, on which classic K-means was applied to obtain cluster labels. We
then computed an undirected graph based on the Jaccard similarity coefficient
of cluster labels from each region pair. The graph-based clustering algorithm
SCAN derived region clusters. To explain clustering results, we used LDA to ex-
tract various topics characterized by the most important keywords in each topic.
By plotting each cluster’ s topic distribution, we uncovered unique tendencies
of local cultural institutes when organizing activities.

Overall, most regions organized lectures on art and zeitgeist at local libraries.
Public cultural institutes play crucial roles in knowledge dissemination and art
popularization. Local libraries are enthusiastic promoters of knowledge, often
hosting reading activities and educational lectures. Cultural centers focus more
on art popularization by organizing performances in underdeveloped areas and
building databases and archives for intangible cultural heritage.

Our clustering and topic modeling results show that different regions vary in
their public cultural activity focus. Some regions strive to provide rich edu-
cational resources, others focus on promoting services for special social groups
(e.g., rural residents and ethnic minorities), and still others emphasize preserv-
ing cultural traditions. Our study also reveals that Gansu’ s cultural activities
lack diversity, potentially negatively influencing participation.

6. DISCUSSION

The crucial aim of providing public cultural service is promoting public welfare
by satisfying citizens’ cultural needs—such as receiving education, preserving
traditional culture, and enjoying cultural works as entertainment. Essentially,
better public cultural service requires understanding citizens’ needs and effi-
ciently allocating public cultural institute resources. Many government officials
and scholars have proposed theories and roadmaps for improving public cultural
service quality, including providing equal and accessible services for all society
members [?, ?], extending public cultural service providers [?, ?], and empha-
sizing regional characteristics [?, ?]. Despite abundant theoretical frameworks,
few papers analyze public cultural service using empirical data, with prior work
often relying heavily on qualitative methods like field surveys and limited in
scope (often case studies). Data-driven methods such as text mining prove
promising for understanding both citizens’ cultural needs and current public
cultural services.

This paper focuses on understanding public cultural activity trends (an impor-
tant public cultural service component). We propose a text clustering and topic
modeling framework for fine-grained analysis of Chinese public cultural activity
characteristics and assess 2020 trends using a self-constructed dataset. Com-
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pared to traditional surveys or fieldwork, our approach provides satisfactory
results with significantly less manual labor. This study is also the first com-
prehensive public cultural service overview from a national perspective, offering
insights for future policy formulation. While public cultural services have been
organized relatively independently by regional institutes, the recent National
Public Cloud Platform (https://www.culturedc.cn/) demonstrates the feasibil-
ity and necessity of assessing services more holistically. We hope our findings
help officials gain actionable insights from current trends and inform future
cultural policies.

Our public cultural activity dataset provides detailed, authentic information on
service content and characteristics across regions. Despite extensive collection
efforts, we observed data availability imbalance, eliminating articles from several
regions due to scarcity. With public cultural institutes’ informatization, we
anticipate richer public culture data will become available. We also note that
textual data from public cultural institutes are highly unstructured, so further
investigation of information extraction algorithms may help understand various
activity aspects, such as organizers, presenters, and overall scale.

To uncover cultural activity topics across regions, we jointly used short text
clustering (self-trained CNN), graph clustering (SCAN), and topic modeling
(LDA). While confident this framework suits our purposes, recent natural lan-
guage processing advances offer alternative approaches. For example, texts
could be encoded via Transformer models like BERT, fuse structural and se-
mantic information via graph convolutional networks, and use newer topic mod-
eling algorithms like BERTopic. These NLP algorithms warrant exploration in
future public cultural service text mining research. Our LDA algorithm relies
on the bag-of-words model and conditional independence assumption, losing se-
mantic information. Ideally, topics could be mined more integrally, perhaps
using multi-text summarization techniques. Additionally, evaluating clustering
and topic modeling quality remains challenging, though we used unsupervised
metrics like Silhouette Score and Topic Coherence Score to guide hyperparame-
ter selection. Further examination by public cultural experts could validate our
findings.

We highlight several future public cultural service research directions. First,
this paper focuses only on text mining to understand public cultural activities.
Future work could collect empirical data on citizens’ cultural needs and other
service aspects, helping officials and institutes better understand trends and
challenges from a data-driven perspective. Second, summarizing and presenting
data mining findings is an important research direction. Our text clustering
and topic modeling results could be integrated into a public cultural service
visualization system incorporating various aspects—such as geographic institute
locations, citizen participation numbers, and activity topic distributions—to help
citizens and officials better understand public cultural services. Finally, studying
temporal evolution of public cultural service trends over longer periods will
become feasible as more data accumulates on official websites. Understanding
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how services change over time will reveal consistency and future directions for
public cultural service provision.
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