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Abstract: This study presents WordMap, an integrated text mining application developed
to enhance the efficiency and usability of text analysis over a network. As unstructured text
data continues to grow across domains, effective tools for segmentation and topic modeling
have become increasingly essential for extracting insightful information. However, most
existing solutions depend on multiple disconnected tools, and these often compromise
workflow efficiency and user experience. Unlike traditional tools, WordMap combines
corpus segmentation, topic modeling, and result visualization into a unified workflow
for both Chinese and English languages, thereby reducing workflow fragmentation and
lowering the user threshold. To assess usability and user acceptance, this research adopts
the Technology Acceptance Model (TAM). WordMap employs PKUSEG and NLTK for
bilingual corpus segmentation, utilizes BERTopic for dynamic topic modeling, and inte-
grates interactive visualization to enable intuitive analysis. The PLS-SEM result shows
that the perceived ease of use (PEOU) has a significant impact on both perceived useful-
ness (PU) and user attitude (ATT), while ATT strongly predicts behavioral intention (BI)
(β = 0.674, p < 0.001). The results indicate that integrating core text mining processes into a
user-centered design significantly boosts user satisfaction and adoption. By combining key
processes and empirically validating user perceptions, the proposed framework facilitates
the development of efficient and accessible text mining tools. It offers both theoretical and
practical insights for future advancement and deployment in the field of text mining.

Keywords: text mining; corpus segmentation; topic recognition; topic modeling; user
acceptance; TAM; PLS-SEM

1. Introduction
The rapid expansion of unstructured text data in digital environments poses significant

challenges for information processing and knowledge extraction. The exponential growth
of text content from platforms like online communities [1] and news reports [2] as well
as user reviews [3] not only stimulates the demand for efficient data processing but also
drives advancements in text mining techniques. Functioning as a robust analytical tool, text
mining has significantly reshaped how textual information is processed and utilized [4]. By
combining natural language processing (NLP) and data mining techniques, text mining
facilitates the extraction of meaningful insights and relevant knowledge from large-scale
text corpora; this enables essential operations like text classification, semantic recognition,
and topic analysis.

Nevertheless, traditional text mining approaches meet several challenges when dealing
with complex semantic structures and large-scale textual data. Many conventional methods
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rely heavily on manual rule-writing and method maintenance, which are not only time-
consuming but also lack flexibility and scalability [5]. These constraints present significant
challenges in terms of efficiency and accuracy, limiting their applicability in large-scale
and dynamic text environments [6]. Moreover, existing text analysis workflows typically
require the use of separate tools for text segmentation, topic modeling, and visualization.
This causes users to switch environments and requires certain programming skills. This
fragmented process seriously affects the efficiency of text segmentation, especially for users
with limited technical background.

To address these challenges, it is crucial to develop more adaptable and scalable
methods to improve the efficiency and accuracy of text mining. Consequently, this study
developed an integrated text mining application, WordMap, to solve this problem by in-
tegrating different functions into a unified and easy-to-access application, and this can
improve the efficiency of text mining and the overall user experience. Firstly, WordMap
integrates automatic text corpus segmentation and employs PKUSEG (for Chinese) and
NLTK (for English) to support bilingual word segmentation tags. Secondly, it combines
BERTopic for dynamic topic modeling to improve the accuracy of topic detection by captur-
ing context and semantic nuances. Thirdly, WordMap also adds interactive visualization
tools that allow users to intuitively explore text task results and topic relationships. By
simplifying these processes into an integrated framework, it helps users reduce workflow
fragmentation, improves usability, and lowers the technical barrier for conducting text anal-
ysis. The system is available at https://github.com/mpu-patrick-lab/wordmap (accessed
on 11 June 2025).

The organization of this paper is as follows: Section 2 provides an overview of previous
studies on text mining techniques, including traditional text corpus segmentation and topic
modeling methods. Section 3 outlines WordMap’s system architecture, core methods, and
evaluation approach. Section 4 presents the experimental results of specific applications,
including functional demonstration and questionnaire results. Section 5 discusses the ad-
vantages of the integrated framework and its contributions to various application scenarios.
Section 6 summarizes the research and proposes directions for future improvements.

2. Literature Review
Integrating text mining with deep learning has emerged as a critical research frontier

for analyzing sophisticated unstructured data across domains. Early text segmentation
methods mainly depended on rule-based strategies along with language-related features
like syntactic structure [7], while traditional topic models like Latent Dirichlet Alloca-
tion (LDA) [8] and Non-Negative Matrix Factorization (NMF) [9] dominated semantic
analysis. LDA modeled latent topics by using Dirichlet distributions, whereas NMF discov-
ered themes through Non-Negative Matrix Factorization of term–document matrices [10].
However, traditional segmentation and topic modeling approaches exhibit limitations
in adapting to domain-specific language and capturing nuanced semantics, thereby con-
straining their scalability in specialized contexts. These shortcomings have motivated the
emergence of more advanced neural and hybrid models in recent years.

From 2021 onward, hybrid approaches combining neural networks and topic model-
ing emerged. Researchers have integrated Top2vec for topic modeling and RoBERTa for
sentiment analysis to process over one hundred thousand news reports, which identified
education, economy, and sports as key themes across five countries [11]. Recent research
uses text mining for analyzing patient experience using large language models; however, it
does not produce statistical results and visualizations automatically [12]. By conducting
a large-scale news analysis, this process offers a noteworthy reference for understanding
the coverage focus of different countries and provides data support for news communica-
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tion research. Liu et al. [13] proposed a user recommendation framework that combines
Collaborative Topic Modeling (CTM) with collaborative filtering and generative adversar-
ial networks to improve personalization recently. Their model effectively captures users’
potential interests from text content and improves the accuracy of recommendations.

In other domains, such as research into topic models and Artificial Intelligence, schol-
ars have adopted the LDA topic model and Gibbs sampling technology for research [14].
These methods have been employed for semantic extraction and latent topic discovery.
They have also successfully analyzed relevant comments in medical forums and imple-
mented topic classification and valid sentiment identification. Visvam Devadoss explored
the application of Artificial Intelligence and NLP in news platforms [15], conducting classifi-
cation tasks and generating relevant content by analyzing social media trends and applying
data mining methods. The developed system was able to generate news on similar topics
through NLP analysis technology, which can effectively reduce the workload of journalists.
In the social domain, other researchers have conducted studies in social media analytics
research to make valuable predictions about public opinion and behavior by analyzing
trends and sentiment on social media [16].

As topic modeling techniques have advanced, researchers have begun to evaluate
the performance of traditional and modern models across different domains. A recent
comparative study by Gan et al. empirically evaluated LDA, Top2Vec, and BERTopic across
several text datasets. Their results show that BERTopic consistently outperformed the other
two models in terms of topic coherence and diversity, particularly in multilingual and
semantically rich corpora [17]. In addition, BERTopic has shown greater flexibility than
models such as CTM in adapting to specific tasks. Albarrak et al. introduced U-BERTopic,
which incorporated urgency signals and contextual embeddings to detect emerging cyber-
security threats [18]. The model achieved a higher accuracy and faster response compared
to conventional topic models, and illustrated BERTopic’s superior extensibility in dynamic,
real-world applications.

Inspired by these developments, our work proposes a text mining application that
enhances corpus segmentation and semantic topic recognition. By integrating text segmen-
tation, topic analysis, visual knowledge graphs, and other features, we utilize the BERTopic
topic model and NLP technology to process unstructured text data in a unified framework,
providing users with a convenient text application. The aim is to solve the limitations of tra-
ditional text mining methods through data preprocessing, enhanced corpus segmentation,
and semantic topic recognition, especially in processing unstructured text data.

3. Research Design and Assessment Model
3.1. Research Design

This study adopts a dual design of system development and questionnaire evaluation,
which involves developing a text mining application with an integrated framework and
utilizes TAM to conduct questionnaire evaluation to measure user acceptance.

3.1.1. System Process

Unstructured text mining seeks to uncover and analyze latent topics within large-
scale unstructured textual data. This process entails effective preprocessing techniques to
extract meaningful semantic information and enhance the accuracy of subsequent analyses
through multi-module collaboration. In response to these needs, WordMap has been
designed and implemented as an efficient and user-friendly text mining system, integrating
key functionalities such as file uploading, text segmentation, topic modeling, and result
visualization. The system delivers analytical results through an intuitive interface, thereby
supporting a wide range of text data processing scenarios. The systematic design of
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WordMap (as depicted in Figure 1) follows a user-centric approach, ensuring that text
processing is both accurate and efficient.

Figure 1. System process.

3.1.2. Modular Architecture

The WordMap system implements a modular layered architecture (as illustrated in
Figure 2), which enhances system maintainability and future compatibility through a low-
coupling design. Each functional module functions independently and supports parallel
processing, whereby the word segmentation module and the visualization module can
be invoked synchronously during text analysis to form a collaborative workflow. The
architecture is also extensible and allows developers to incorporate additional modules at
any layer in the future based on user requirements.

Figure 2. Modular architecture.
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3.1.3. User Interface

The user interface (UI) design of the WordMap system emphasizes interactivity, usabil-
ity, and simplicity of functions, with the goal of enabling users to complete text mining tasks
efficiently and effectively. Users can seamlessly perform a series of processes. When the
user logs in, the system authenticates through a secure interface and assigns access rights
based on the user’s role. Subsequently, the WordMap system supports uploading files in
Excel format. After successful upload, the system automatically processes the text data
and presents the text segmentation structure to the user. Users can query the segmentation
results promptly on the results page and proceed to apply the topic analysis function. The
UI caters to both technical and non-technical users (as illustrated in Figure 3), emphasizing
intuitive layout, real-time system feedback, and interactive controls to guarantee that the
text mining process is efficient and accessible.

Figure 3. User interface flowchart.

3.2. Module Implementation

To improve the processing efficiency of text mining tasks, WordMap combines three
key functional modules to build a unified integration framework. This section elaborates
on the implementation of three core modules, including text segmentation, topic modeling,
and visualization.

3.2.1. Corpus Segmentation

Corpus segmentation is essential for multilingual contexts involving Chinese and
English. Chinese segmentation is challenging due to its semantic complexity. Traditional
approaches are divided into three categories: rule-based, statistical, and machine learning-
based methods [19]. Rule-based word segmentation methods rely on predefined linguistic
rules and knowledge bases to match text [20]. This method has difficulty in accurately
segmenting multiple-meaning and out-of-dictionary (OOD) words [21]. Statistical mod-
els [22], on the other hand, employ probabilistic techniques, such as Hidden Markov Models
(HMMs) [23], Maximum Entropy Models (MEMs) [24], and Conditional Random Fields
(CRFs) [25]. HMMs regard word segmentation as a sequence labeling task [26], but they are
heavily reliant on training data. MEMs are based on the principle of information entropy
and have high requirements for feature engineering [27]. CRFs have high computational
complexity and inefficiency during the process of large-scale texts [28]. Therefore, these
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word segmentation methods all have obvious limitations. With the advancement of neural
networks such as LSTM [29], machine learning-based methods have demonstrated superior
effectiveness in sequence labeling tasks [30]. Therefore, this system employs PKUSEG [31]
for Chinese text segmentation. For English, NLTK [32] is used to implement morpholog-
ical normalization and stop-word filtering. This bilingual pipeline ensures high-quality
segmentation as a foundation for subsequent analytical tasks.

3.2.2. Topic Modeling

The system incorporates BERTopic (outperforms traditional methods such as NMF,
Top2Vec) [33], and LDA by combining BERT embeddings with a class-based Term
Frequency–Inverse Document Frequency (c-TF-IDF) algorithm [34]. BERT encodes contex-
tual semantics into dense vector representations, while c-TF-IDF emphasizes term signifi-
cance across topic clusters [35]. Uniform Manifold Approximation and Projection (UMAP)
is employed for dimensionality reduction, preserving local structure, and Hierarchical
Density-Based Spatial Clustering of Applications with Noise (HDBSCAN) automatically
identifies optimal topic numbers [36]. The multilingual capability and contextual modeling
of BERTopic enable precise topic clustering in unstructured text corpora.

3.2.3. Result Visualization

To present the analysis results in an intuitive and interpretable approach, the system
integrates visualization modules including Highchart, knowledge graphs, heatmaps, and
hierarchical clustering diagrams. These tools allow users to explore topic associations,
keyword distributions, and topic similarity. Highchart supports frequency-based dynamic
scaling and parallel comparisons, while topic networks visualize semantic relationships
through variations in node size and edge thickness. This visualization layer enhances user
interpretability and supports exploratory text mining and trend discovery [37].

3.3. Function Demonstration

The WordMap system offers a range of result visualization features designed to help
users interpret text analysis outcomes intuitively. It provides various graphical represen-
tations and interactive views to facilitate users’ understanding. Since the frequency of
word occurrences varies across different text corpus, the system utilizes Highcharts to
visualize the relative significance of each word in relation to its frequency. Words with
higher frequencies are displayed with more prominent visual effects.

As shown in Figure 4, users can easily identify the key terms and main themes of the text
through the word cloud, which aids in the comprehension and analysis of the text’s topics.

Figure 4. Word cloud diagram for visualization of keywords.
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The word distribution in topics diagram visually represents the results of the text
analysis through a histogram, displaying the distribution of words for each grouped topic.
This facilitates an intuitive comparison of the word distribution across different topics.
WordMap groups words into topics based on contextual and semantic similarity, which
enable users to identify coherent thematic clusters. As illustrated in Figure 5, the words are
clustered into four distinct topic groups. The word distributions are calculated based on
the raw term frequency, which provides an interpretable and accessible representation for
non-technical users.

Figure 5. Word distribution in topics diagram for word frequency and intuitive comparison across topics.

An inter-topic distance map is a valuable visual tool in topic modeling. It effectively
illustrates the proximity or divergence between distinct topics in the results of topic model-
ing processes. Specifically, this graphical map represents the inter-topic distances of topic
modeling outcomes generated by using the BERTopic method. By analyzing the distance
graph between topics generated by BERTopic, users can identify topics with similarities
and group them into the same topic group. In Figure 6, the distribution of topics in the
semantic space and the division of each topic group allows users to quickly locate the main
topic groups.

Figure 6. Inter-topic distance map for identification of the main topic clusters.

This Topic Probability Distribution represents how frequently each topic appears and
how it is spread across the text dataset. The diagram illustrates both the comparative
proportions and frequency distributions of different topics within the text corpus. With
the topic distribution graph generated by BERTopic, users can intuitively see the relative
proportion of different topics in the entire text dataset. This also supports interactive
operations, and when the user clicks on a specific item, the complete information will be
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displayed. Figure 7 shows the details of Topic 0–3, and this allows users to understand the
topic distribution of text data.

Figure 7. Topic distribution for the frequency and proportions of different topic groups.

The hierarchy chart serves as a visual representation that conveys the hierarchical
structure among various topics. Within the chart, topics are organized based on their
semantic similarity, and more similar topics are aggregated into an upper node, while
more different topics exist as distinct nodes. It reflects the relationship between topics and
sub-topics, while also assisting users in identifying underlying hierarchical patterns within
text data, aiding in the analysis of complex text corpora. In Figure 8, Topic 0 and Topic1 are
similar, so they are aggregated into one upper node. Topic 2 and Topic 3 are different nodes.
By analyzing these nodes, users can better understand the semantic associations of different
topics in the text and identify the main content and related types in the text. As shown in
Figure 9, the Topic Word Scores Graph allows users to understand the connotations and
characteristics of each topic. This visualization is based on c-TF-IDF, which identifies the
most representative keywords for each topic, and serves as a deeper layer of topic analysis.

 
Figure 8. Hierarchical clustering graph for visualization of semantic associations and hierarchical
structure.

Figure 9. Topic word score for illustration of the proportions and scores of topics within each group.

The similarity matrix represents the semantic similarity across all topics in the form of
a 2D heat map, with both the rows and columns associated with individual topics. Each cell
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indicates the similarity score between a pair of topics. As the value increases, the semantic
similarity between the corresponding topics strengthens. Users can quickly identify the
similarity between topics by the color depth. As illustrated in Figure 10, a higher similarity
between topics is represented by deeper blue shades, whereas lower similarity is indicated
by lighter green tones. The relatively low similarity between Topic 1 and Topic 2 reflects
substantial semantic divergence. This visualization enables users to intuitively interpret
inter-topic relationships.

Figure 10. Heat map for visualization of semantic similarity and topic relationships by color depth.

3.4. Assessment Model

A questionnaire was used to assess the effectiveness of the system through the Wen-
juanxing Survey Platform, which yielded 147 valid responses. Testing is essential to
determine whether the WordMap application satisfies user needs. The survey assessment
measures user acceptance, confirms the system’s performance, and assesses the system’s
overall impact [38]. This survey examines the system from various perspectives, including
external factors, PU, PEOU, ATT, and BI. Demographic data such as age, gender, and occu-
pation were collected to ensure the representativeness of the sample. Additionally, external
factors influencing usage were evaluated, and the users’ perceptions of the system’s utility
and PEOU were measured. Based on the survey, this study proposes the following four
hypotheses to explore the relationships between users’ perceptions of the system and their
behavioral intentions:

H1. PU positively influences ATT.

H2. PEOU positively influences ATT.

H3. PEOU positively influences PU.

H4. ATT positively influences BI.

This study employs SEM (see Figure 11) to build a model that validates users’ accep-
tance and intention to use the WordMap system. Through a comprehensive analysis of
the path-based associations derived from the TAM framework, the SEM model (as shown
in Figure 11) could effectively expose how PEOU and PU influence ATT, which, in turn,
affects BI. Consequently, the model can validate the system’s usability and user acceptance.
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Figure 11. SEM structure.

4. Results
4.1. Results of T-Test

A paired samples t-test was conducted to evaluate the task completion time between the
traditional text analysis method and the proposed method. The participants were instructed
to complete three tasks: (1) upload a file and perform corpus segmentation; (2) conduct topic
analysis based on the segmented content; and (3) use a visualization tool to examine the
results. These tasks were carried out by using both a traditional text mining application and
the WordMap under equivalent experimental conditions. Figure 12 illustrates the average
time spent on text analysis using traditional applications versus WordMap.
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Figure 12. The results of paired t-test.

The results showed that the participants completed the task significantly faster by
using the proposed method (M = 87.88, SD = 34.15), t (146) = 31.20, p < 0.001. The 95%
confidence interval for the mean difference was [82.31, 93.44], demonstrating a robust
advantage of the proposed method in terms of efficiency (see Table 1).

Table 1. Paired samples t-test.

Paired Differences

Mean SD 95% CI t df Sig.

LLCI ULCI
Time1-Time

2 87.88 34.15 82.31 93.44 31.20 146 <0.001
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4.2. Sample Characteristics

The sample characteristics of the participants provide valuable context for evaluating
the applicability of the WordMap system. From the sample of 147 individuals, 55.7% were
male and 44.2% were female. A substantial proportion, 75.4%, were between the ages of
21 and 30. Regarding the participants’ educational backgrounds, 34.6% were undergradu-
ates, 40.1% held a master’s degree, and 25.1% held a doctoral degree. Remarkably, 60.5% of
respondents indicated familiarity with text mining. Among them, 44.2% of the respondents
indicated occasional use of text mining tools, while 22.4% reported no prior usage. A
proportion of 53% of the participants had prior experience with different text mining tools,
suggesting a strong understanding of related applications. Concerning their views on text
mining knowledge, 37.4% showed a desire for further learning, 39.4% felt no urgent need
to acquire additional knowledge, and 23.1% were unsure. Detailed sample characteristics
are provided in Table 2.

Table 2. Sample characteristics.

Demographic Information Frequency Percent (%)

Gender
Male 82 55.7

Female 65 44.2

Age in year
18–20 36 24.4
21–25 57 38.7
26–30 54 36.7

Education
Undergraduate 51 34.6

Master 59 40.1
Doctor 37 25.1

Past experience
(Text mining-related)

Yes 89 60.5
No 58 39.4

Frequency
(Text mining tools)

Always 65 44.2
Sometime 49 33.3

Never 33 22.4

Used other tools before
Yes 78 53
No 69 46.9

Attitude toward text
mining knowledge

Yes, Need knows more 55 37.4
No 58 39.4

Not sure 34 23.1

4.3. Results of SEM-PLS

This study assessed the reliability and validity of the proposed variables within the
measurement model [39]. Based on the composite reliability and Cronbach’s alpha values,
each measure surpassed the general threshold of 0.6, confirming the internal consistency
reliability. Additionally, the average variance extracted (AVE) surpassed the 0.50 cutoff [40],
reinforcing the convergent validity (see Table 3).

The Fornell–Larcker criterion was used to evaluate the discriminant validity (see
Table 4), where the square roots of the AVE for each construct were greater than their
correlations with other constructs, satisfying the required standard.

Regarding hypothesis testing, all of the structural associations highlight their impor-
tance and significance through the magnitude of standardized values. The results from the
SEM analysis are presented in Figure 13. This study used SEM to test the hypotheses, and
the findings supported the extension of TAM theory, validating the model’s applicability to
the field of text mining [41].
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Table 3. Critical indicators of CFA results.

Construct Item Factor
Loading

Cronbach’s
Alpha AVE Composite

Reliability

PU

PU1 0.751

0.696 0.521 0.812
PU2 0.750
PU3 0.618
PU4 0.758

PEOU

PEOU1 0.709

0.689 0.517 0.810
PEOU2 0.758
PEOU3 0.646
PEOU4 0.758

ATT

ATT1 0.744

0.691 0.520 0.812
ATT2 0.786
ATT3 0.676
ATT4 0.672

BI
BI1 0.719

0.649 0.586 0.809BI2 0.745
BI3 0.828

Table 4. Analysis results of discriminant validity.

ATT BI PEOU PU

ATT 0.721
BI 0.674 ** 0.766

PEOU 0.545 ** 0.546 ** 0.719
PU 0.514 ** 0.385 ** 0.431 ** 0.722

Note: The values on the diagonal represent square roots of AVE; ** p < 0.01.

Figure 13. SEM results.

Table 5 presents the detailed statistical results of the hypothesis testing, including
path coefficients, T-values, p-values, and significance levels for all structural relationships
identified in the model.

Table 5. Results of hypothesis testing.

Hypothesis (Path) Coeff. T-Value p-Value Conclusion

H1 (PU → ATT) 0.343 4.599 p < 0.001 Supported
H2 (PEOU → ATT) 0.397 5.246 p < 0.001 Supported
H3 (PEOU → PU) 0.431 5.688 p < 0.001 Supported
H4 (ATT → BI) 0.674 13.767 p < 0.001 Supported

Note: Coeff. = Path Coefficients.

Based on the results shown in Table 5, all of the proposed hypotheses were supported
by statistically significant path relationships:
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H1 (PU → ATT). Supported. PU had a significant positive effect on ATT (β = 0.343, t = 4.599,
p < 0.001).

H2 (PEOU → ATT). Supported. PEOU also had a significant positive influence on ATT
(β = 0.397, t = 5.246, p < 0.001).

H3 (PEOU → PU). Supported. PEOU had a positive impact on PU (β = 0.431, t = 5.688,
p < 0.001).

H4 (ATT → BI). Supported. ATT had a strong positive impact on BI (β = 0.674, t = 13.767,
p < 0.001).

Overall, these results provide strong empirical support for the proposed TAM in this
study. They confirm the significance of each hypothesized relationship and the practical
relevance of the TAM in explaining the users’ behavioral intentions.

5. Discussion
5.1. Evaluation and Implications

This study has developed the WordMap system by using a highly integrated frame-
work, aiming to evaluate both its performance and user acceptance. This section discusses
the performance and user feedback of the WordMap system, as well as the benefits offered
by its integrated framework.

In theoretical terms, this study verified the applicability of WordMap text mining
applications among users through the TAM and contributed to advancements in text
mining research. The empirical results indicated that PEOU has a direct positive impact
on both PU and ATT, indicating that an intuitive system can effectively enhance users’
perception of its value and generate a positive attitude towards use. Furthermore, PU
significantly influences ATT, and ATT has a significant predictive effect on BI. This means
that users’ perception of the system’s practicality can be transformed into a positive attitude,
which serves as the core driving force for users to continue using WordMap. In practical
terms, the intuitive interactive interface and integrated framework of WordMap provide
both usability for processing text tasks and convenience for non-technical users. WordMap
demonstrates strong potential in specific application scenarios. Specifically, we evaluated
the system using real-world news datasets, which included articles from various domains
such as education, technology, and art. These evaluations confirmed WordMap’s ability
to perform corpus segmentation, topic analysis, and visualization across distinct subject
areas. WordMap’s capacity to efficiently process large-scale unstructured text suggests
strong potential for applications in areas such as sentiment analysis (e.g., [42]) and social
media data-driven analysis (e.g., [43]). Moreover, the system’s extensible framework makes
it well-suited for cross-domain text mining tasks, including financial analysis, healthcare
analytics, marketing research, and legal document processing.

This study validated the effectiveness and user acceptance of the WordMap system while
demonstrating its adaptability to real-world applications. By integrating a user-friendly interface
with powerful analytical capabilities, WordMap represents a meaningful advancement in
making text mining more accessible, practical, and relevant across various domains.

5.2. Limitations

While the WordMap system has demonstrated strong performance and practical value
in processing large volumes of unstructured text, several limitations were identified during
testing that warrant attention. One of the limitations is that while BERTopic generally
performs well in common domains, the system may struggle to generate coherent or
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meaningful topics when applied to small corpora, due to insufficient word frequency and
limited contextual richness. Another limitation concerns the handling of noisy or domain-
specific text. Although standard preprocessing steps have been implemented, manual
cleaning and adjustment are often still necessary to ensure accurate results. However, to
maintain ease of use for non-technical users, the current system does not support manual
intervention during preprocessing.

These limitations suggest that the future development of WordMap should focus on
enhancing its adaptability to specialized domain language, increasing robustness in noisy
data environments, and improving the stability of large-scale data processing. Addressing
these issues will be essential for further optimizing the functionality and reliability of the
WordMap system in practical applications.

5.3. Future Work

Based on the current limitations, future improvements of the WordMap system will
focus on enhancing its adaptability, usability, and robustness across diverse application
scenarios. Firstly, to improve topic modeling performance on small-scale corpora, we plan
to explore techniques such as data augmentation and few-shot learning. These methods
can help compensate for limited word frequency and contextual richness, which currently
hinder topic coherence in smaller datasets. Secondly, for noisy or domain-specific text,
future versions of WordMap will consider incorporating optional manual preprocessing
modules. This would allow technically proficient users to make targeted adjustments to
input data without compromising the overall simplicity and usability of the system for
non-technical users. Thirdly, to further improve the clarity and interpretability of topic
visualization, we will experiment with alternative dimensionality reduction methods, such
as t-SNE and PCA. These techniques may offer enhanced topic separation and reduce
visual overlap in the two-dimensional projection space. We also plan to integrate additional
analytical functionalities, such as sentiment analysis modules, to extend the system’s
capabilities and better address diverse user needs.

6. Conclusions
The WordMap system establishes a comprehensive and automated workflow for text

mining by integrating corpus preprocessing, topic modeling, and result visualization into
a modular and scalable framework. This networked application supports multilingual
processing of simplified Chinese, traditional Chinese and English texts, ensuring data
quality through cleaning, segmentation, and normalization. By employing an improved
BERTopic model, the system enables accurate extraction of latent topics and reveals hierar-
chical semantic structures, facilitating in-depth topic exploration. The visualization module
includes topic networks, word clouds, and statistical charts, which enhance interpretability
through interactive and multi-level displays.

The highly integrated design of the system significantly improves user satisfaction and
acceptance. The questionnaire results demonstrate the stability of the system when dealing
with large-scale unstructured text, the intuitiveness of the interface, and the efficiency
of the analysis process. The WordMap provides a practical and extensible solution for
unstructured text analysis, offering valuable support for academic research and data-driven
decision-making. Its modular design and automated pipeline reduce manual intervention,
allowing users to efficiently extract valuable information from large-scale text corpora.
User feedback indicates high levels of system acceptance, with its features highly valued
for supporting exploratory analysis and decision-making.

In conclusion, the proposed integrated text mining framework enhances both the
efficiency and usability of text mining processes. The WordMap application offers a
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practical and scalable platform for unstructured text analysis, enabling researchers to
rapidly uncover topic distribution patterns in large corpora and providing actionable data
insights for informed decision-making. Future work will focus on further performance
optimization and functional expansion to meet increasingly diverse analytical demands.
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