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ABSTRACT 

With the rapid technological evolution of the electronic information manufacturing industry, intensified 

market competition, and increasing complexity of global industrial and supply chain environments, 

enterprises are facing increasingly diversified types of risks. Annual reports of listed companies contain 

abundant unstructured textual information related to operational risks, providing an important data 

foundation for industry risk identification. This study investigates risk-related texts extracted from the 

annual reports of listed electronic information manufacturing companies in the Shanghai and Shenzhen A-

share markets during 2021–2024. A risk text corpus was constructed, and based on unified text 

preprocessing procedures, the Latent Dirichlet Allocation (LDA) model and BERTopic, a topic modeling 

approach based on pretrained language models, were employed to identify and comparatively analyze risk 

topics. The differences between the two models were evaluated from the perspectives of topic identification 

results, topic quality, and interpretability.The results show that LDA generates a relatively concentrated risk 

category structure and identifies seven risk topics, including macroeconomic risk, investment risk, market 

competition risk, supply chain risk, core talent risk, accounts receivable risk, and operational management 

risk, making it suitable for analyzing the overall risk structure of the industry. In contrast, BERTopic further 

refines risk information through contextual semantic representations and identifies 28 valid risk topics. It 

outperforms LDA in terms of both topic coherence and topic diversity, enabling more accurate 

differentiation of specific risk issues such as technological R&D risk, core talent loss risk, exchange rate 

fluctuation risk, and raw material price fluctuation risk. The findings demonstrate that different topic 

modeling approaches have distinct applicable scenarios for risk identification: LDA is more suitable for 

macro-level risk classification, whereas BERTopic is more effective for fine-grained risk discovery. This 

study provides methodological insights for risk text analysis in the electronic information manufacturing 

industry and offers a foundation for enterprises to establish a hierarchical risk identification framework of 

“overall risk categories–specific risk issues.” 

Keywords: Electronic Information Manufacturing Industry: Risk Identification; Annual Report Text; Topic 

Modeling; LDA; BERTopic 

INTRODUCTION 

The electronic information manufacturing industry is a fundamental sector supporting the development of 

the digital economy and plays a critical role in promoting the application of next-generation information 

technologies, industrial digital transformation, and manufacturing upgrading. With the acceleration of 

technological iteration, intensification of market competition, and increasing complexity of global industrial 

and supply chain environments, electronic information manufacturing enterprises face increasingly diverse 

and complex risksError! Unknown switch argument.. On the one hand, enterprises need to continuously conduct 

technological research and development and product innovation, which may lead to internal risks associated 

with R&D investment, technological upgrading, loss of core talents, and intellectual property protection 

Error! Unknown switch argument.. On the other hand, external factors, including raw material price 
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fluctuations, supply chain disruptions, changes in market demand, exchange rate volatility, and international 

trade environments, may also significantly affect enterprise operations Error! Unknown switch argument.. 
Therefore, effectively identifying various types of risk information from large-scale corporate disclosure 

texts and establishing an interpretable risk classification framework are of practical significance for 

understanding industry risk structures and supporting enterprise risk management. 

Annual reports of listed companies represent important information disclosure channels through which 

enterprises present their operational performance, financial conditions, and major risks to external 

stakeholdersError! Unknown switch argument.. Sections such as “Major Risk Factors,” “Risk Factors,” “Potential 

Risks,” and “Management Discussion and Analysis” provide concentrated descriptions of managerial 

perceptions regarding the business environment and potential threats. Compared with risk analysis solely 

based on financial indicators, annual report texts contain abundant unstructured information and can 

complement structured data by capturing risks related to technology, markets, human resources, supply 

chains, and external environments that are difficult to fully characterize using quantitative indicators 

aloneError! Unknown switch argument.. As annual reports accumulate continuously, these textual resources 

constitute large-scale real-world datasets, providing an important foundation for identifying industry-level 

risk categories and analyzing the structure of risk informationError! Unknown switch argument.Error! Unknown switch 

argument.. However, annual reports are typically lengthy and information-intensive, and different enterprises 

may employ diverse expressions when describing similar risks. Manual reading and classification are not 

only inefficient but also susceptible to researchers’ subjective judgments, making them inadequate for large-

scale textual analysis requirements8. Therefore, natural language processing (NLP) techniques are needed to 

improve the efficiency of risk information extraction and classification from annual report texts. 

Topic modeling provides an effective technical approach for discovering latent semantic structures from 

large-scale unstructured texts. Among existing methods, Latent Dirichlet Allocation (LDA) is a classical 

probabilistic topic model that identifies latent topics by modeling probabilistic relationships among 

documents, topics, and wordsError! Unknown switch argument.. Due to its clear model structure and relatively 

interpretable outputs, LDA has been widely applied in textual analysis scenarios involving annual reports, 

news articles, and policy documents. However, LDA primarily relies on word frequency and co-occurrence 

patterns for topic identification. Its bag-of-words representation ignores word order and contextual 

information, which may result in overly broad topic boundaries and the aggregation of different risk issues 

into the same topic when analyzing texts containing numerous professional terms or semantically ambiguous 

wordsError! Unknown switch argument.Error! Unknown switch argument.. Consequently, the semantic 

coherence and fine-grained interpretability of the identified topics may be compromised. 

In recent years, advances in pre-trained language models have introduced new approaches for topic 

modeling. BERTopic, a topic modeling framework based on pre-trained language models, generates topics 

through document semantic embeddings, dimensionality reduction, clustering algorithms, and class-based 

term frequency–inverse document frequency (c-TF-IDF) representations, enabling more effective modeling 

of semantic relationships among texts by incorporating contextual informationError! Unknown switch 

argument.Error! Unknown switch argument.. Compared with traditional topic models that mainly depend on 

word co-occurrence relationships, BERTopic demonstrates advantages in distinguishing texts with similar 

vocabulary but different semantic contexts, thereby providing new possibilities for fine-grained topic 

discoveryError! Unknown switch argument.. For risk-related texts in annual reports of electronic information 

manufacturing enterprises, different risk categories often share common keywords. For example, terms such 

as “technology,” “R&D,” “products,” and “markets” may simultaneously appear in descriptions of 

technological innovation risks, market competition risks, core talent risks, and intellectual property risks. 

Therefore, effectively distinguishing texts with similar lexical characteristics but different risk implications 

through contextual semantic information is crucial for improving the accuracy and interpretability of risk 

topic identification. 

Existing studies have applied topic models such as LDA to enterprise annual report analysis and risk 

identification, while topic modeling approaches based on pre-trained language models have gradually 

attracted increasing attention. However, systematic empirical comparisons between LDA and BERTopic in 

the specific context of risk identification from annual reports of electronic information manufacturing 
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enterprises remain limited. In particular, these two types of models differ substantially in their text 

representation mechanisms and topic generation processes, which may lead to differences in the number of 

generated topics, topic granularity, semantic coherence, and interpretability of results15. When only a single 

model is adopted, it is difficult to determine whether the identified risk patterns originate from the inherent 

characteristics of industry risk texts or from the representation methods and topic generation mechanisms of 

the models themselves Error! Unknown switch argument.. Therefore, comparing the two approaches under 

consistent data sources and evaluation criteria can provide deeper insights into the characteristics and 

applicability boundaries of different topic modeling methods for industry risk identification, thereby offering 

guidance for model selection in practical research scenarios17. 

Accordingly, this study investigates the annual reports of listed electronic information manufacturing 

companies on the Shanghai and Shenzhen A-share markets from 2021 to 2024. Risk-related sections and 

risk description paragraphs are extracted to construct the research corpus, and LDA and BERTopic are 

respectively employed for topic identification after unified text preprocessing. Rather than simply 

determining the absolute superiority of one model over the other, this study focuses on analyzing differences 

between the two approaches in terms of risk information granularity, including topic identification results, 

topic quality, interpretability, and model applicability. Specifically, topic quality is evaluated using C_v 

topic coherence and topic diversity metrics, while keyword distributions and representative risk texts are 

further examined to assess topic interpretability. The applicability of different models in identifying overall 

industry risk categories and fine-grained risk issues is also discussed. This study aims to address two 

research questions: (1) What risk topic structures can be identified by LDA and BERTopic from annual 

report risk texts of electronic information manufacturing enterprises? (2) How do different text 

representation mechanisms and topic generation strategies influence the granularity and practical value of 

risk topic identification? 

The contributions of this study are twofold. From a methodological perspective, this study provides 

empirical evidence for selecting appropriate topic modeling approaches in annual report risk analysis by 

comparing a traditional probabilistic topic model with a pre-trained language model-based topic modeling 

method using the same risk text corpus and evaluation criteria. From a practical application perspective, this 

study identifies both overall risk categories and specific risk issues within the electronic information 

manufacturing industry, and explores a hierarchical risk identification framework of “overall risk 

categories–specific risk issues.” The findings provide a textual analysis foundation for enterprise risk 

information organization, risk discovery, and subsequent risk monitoring. 

METHODOLOGY 

Data Sources 

This study adopts a retrospective textual analysis design. The research subjects are listed companies in the 

electronic information manufacturing industry on the Shanghai and Shenzhen A-share markets. Industry 

classification is based on the Classification of National Economic Industries, specifically “Manufacture of 

Computers, Communication Equipment and Other Electronic Equipment (C39),” and further validated 

against the statistical classification criteria for the electronic information manufacturing industry issued by 

the Ministry of Industry and Information Technology of China. The study period covers 2021–2024, and 

annual reports were collected from publicly available disclosure platforms, including CNINFO, the 

Shanghai Stock Exchange, and the Shenzhen Stock Exchange. During the data collection process, metadata 

information was recorded, including stock code, company name, sub-industry classification, listing board, 

reporting year, report publication date, and source of annual report texts. 

The inclusion criteria were as follows: (1) companies must have complete annual reports available during 

the study period; (2) the full text of annual reports must be successfully parsed for textual analysis; and (3) 

at least one risk-related section or risk description paragraph must be identifiable within the annual reports. 

The exclusion criteria were as follows: (1) annual report files with severe corruption or missing key pages; 

(2) companies whose industry classification changed substantially during the study period and could not 
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maintain consistent sample criteria; and (3) reports containing only a very limited amount of risk-related text 

that could not constitute effective document units. 

Risk Text Extraction and Corpus Construction 

To reduce the interference of non-risk-related descriptions in annual reports on topic modeling, this study 

does not use entire annual reports as modeling documents. Instead, it focuses specifically on risk-related 

sections and paragraphs. Section identification keywords include “Major Risk Factors,” “Risk Factors,” and 

“Potential Risks.” Considering variations in annual report formats across different years, a dictionary of title 

variants was constructed to improve the accuracy of risk section identification. For annual reports without 

independent risk-related sections, secondary identification was performed within the “Management 

Discussion and Analysis” section based on hierarchical headings and risk-triggering keywords. 

The basic document unit for topic modeling is defined as a risk-related paragraph or risk item. Each risk  

paragraph is represented as document did_i, while metadata information, including company_id, year, and 

subsector, is retained for subsequent analysis. When the same risk item contained page-break interruptions, 

separated headings and body text, or other formatting inconsistencies, text merging procedures were applied 

during the parsing process to ensure the integrity and continuity of risk-related information. 

After the above processing procedures, a risk text corpus was constructed for subsequent text preprocessing 

and topic modeling. 

Data Preprocessing 

To ensure that LDA and BERTopic are compared based on consistent textual information, the extracted risk 

texts were subjected to unified preprocessing procedures, and the same segmentation results were used as 

the foundational corpus for both models. First, the extracted risk texts were cleaned by removing 

semantically meaningless special characters, redundant spaces, abnormal formatting elements, and other 

textual noise, thereby standardizing the text format.Second, the cleaned Chinese texts were segmented using 

Jieba, a widely used Chinese word segmentation tool. Based on a general stop-word list, domain-specific 

stop words were further incorporated according to the characteristics of annual report risk texts, and high-

frequency words lacking semantic relevance or discriminative power for topic identification were removed. 

The processed segmented texts were stored in a space-separated format and used as the basic corpus for 

subsequent topic modeling. 

Model Description and Configuration 

LDA Model Configuration 

LDA is a representative generative probabilistic topic model. Its fundamental idea is to represent each 

document as a probabilistic mixture of multiple latent topics, while representing each topic as a probability 

distribution over words. By modeling the three-level probabilistic relationships among documents, topics, 

and words, LDA can identify latent semantic structures from large-scale unstructured texts and obtain topic 

distributions for individual documents as well as word distributions for each topic.In this study, the LDA 

model was implemented using the Gensim toolkit, and topic identification was performed based on the 

preprocessed risk-related text corpus described above. During model training, the number of topics KK was 

considered a critical parameter affecting the quality of topic partitioning.In this study, candidate topic 

numbers were set starting from K=2, with an interval of 5, and the optimal number of topics was determined 

by calculating topic coherence and perplexity under different topic settings, combined with the semantic 

consistency and interpretability of topic keywords. The number of training iterations was set to 200, the 

number of corpus passes was set to 20, α\alpha was configured as auto, η\eta was set to its default value, and 

the random seed was fixed at 42. 

BER Topic Model Configuration 
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BERTopic is a topic modeling approach based on semantic representations generated by pre-trained 

language models. Its fundamental workflow consists of three major components: document embedding, 

dimensionality reduction and clustering, and topic representation.  

First, pre-trained language models are employed to transform textual documents into high-dimensional 

semantic vectors, allowing the representations to preserve contextual semantic information. Subsequently, 

Uniform Manifold Approximation and Projection (UMAP) is applied to reduce the dimensionality of 

document embeddings, and Hierarchical Density-Based Spatial Clustering of Applications with Noise 

(HDBSCAN) is used to perform density-based clustering on the reduced document vectors, thereby 

grouping documents with similar semantic characteristics.  

Finally, representative words for each topic are extracted based on class-based term frequency–inverse 

document frequency (c-TF-IDF) to identify and interpret topic contents.Compared with traditional topic 

models that primarily rely on word frequency and co-occurrence relationships, BERTopic leverages pre-

trained language models to capture contextual semantic representations of texts, making it more suitable for 

analyzing risk-related paragraphs with strong semantic dependencies. 

In this study, the BERTopic model was constructed based on the BERTopic library. During the document 

semantic representation stage, BAAI/bge-large-zh-v1.5 was selected as the embedding model, and the 

generated document embeddings were normalized before subsequent processing. In the dimensionality 

reduction stage, the UMAP algorithm was adopted, with n_neighbors set to 20, n_components set to 10, and 

min_dist set to 0.1. Cosine distance was used as the distance metric, and the random seed was fixed at 

42.For the clustering stage, the HDBSCAN algorithm was employed with min_cluster_size set to 60 and 

min_samples set to 5.  

The cluster selection method was configured as eom (excess of mass), and Euclidean distance was adopted 

as the distance metric. Prediction data were retained to calculate the probability distribution of topic 

assignments for individual documents.During the topic representation stage, term representations were 

constructed based on the unified word segmentation results described above, and BERTopic’s c-TF-IDF 

mechanism was applied to extract representative keywords for each topic.  

The model did not predefine the final number of topics; instead, nr_topics was set to auto to automatically 

merge topics based on the initial clustering results. Documents that could not be stably assigned to any topic 

were identified as outliers. In addition, topic probability estimation was enabled to obtain the topic 

assignments and corresponding probabilities of individual risk texts, providing the foundation for 

subsequent topic analysis and risk exposure measurement. 

Model Evaluation and Comparison Methods 

To systematically compare the performance of LDA and BERTopic in risk text identification within the 

electronic information manufacturing industry, this study evaluates the two models from three perspectives: 

topic quality, result interpretability, and technical characteristics. 

Regarding topic quality, based on the unified preprocessed corpus, the C_v topic coherence metric is 

employed to evaluate the semantic association among high-weight words within the same topic, while topic 

diversity is used to measure the degree of keyword overlap across different topics. For both models, the 

Top-10 keywords of each topic are extracted, and evaluation metrics are calculated based on the same 

segmented corpus to ensure consistency in the evaluation criteria. Specifically, topic diversity is defined as 

the proportion of unique keywords among all Top-10 keywords extracted from all topics. 

Regarding result interpretability, the semantic consistency within topics, the degree of differentiation among 

topics, and the naming feasibility of identified risk topics are analyzed by combining high-weight keywords 

of each topic with representative risk-related texts. Regarding technical characteristics, the final number of 

valid topics identified by each model is recorded. Furthermore, the applicability characteristics of the two 
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models for risk text identification are analyzed by considering their parameter configurations, topic 

generation mechanisms, and the treatment of outlier documents. 

 

EMPIRICAL RESULTS AND ANALYSIS 

Basic Characteristics of the Sample and Risk Corpus 

Following the data screening, risk text extraction, and preprocessing procedures described in Chapter 2, this 

study ultimately obtained 1,100 annual reports from 275 listed companies and constructed a corpus 

containing 6,664 valid risk-related texts. The numbers of extracted risk texts in 2021, 2022, 2023, and 2024 

were 1,655, 1,682, 1,663, and 1,664, respectively. Overall, each year generated a sufficient volume of risk-

related textual samples, enabling comprehensive coverage of the major risk disclosure information provided 

by listed companies in the electronic information manufacturing industry during the study period. 

After preprocessing, a standardized risk corpus was established. The corpus mainly covers risk information 

related to market competition, technological research and development, supply chains, raw material price 

fluctuations, international trade, operational management, and macroeconomic environments, providing a 

data foundation for subsequent topic identification. Detailed statistics are presented in Table 1. 

Table 1. Distribution of Risk Text Samples from 2021 to 2024 

Year Number of Risk 

Texts 

Proportion of Total 

Risk-Related Texts (%) 

2021 1655 24.80% 

2022 1682 25.20% 

2023 1663 25.00% 

2024 1664 25.00% 

Total 6664 100% 

LDA Topic Identification Results 

Determination of the Optimal Number of Topics 

The LDA model requires the number of topics to be predefined, and different topic numbers directly 

influence the granularity of topic partitioning and the interpretability of model outputs. To determine an 

appropriate number of topics for risk-related texts in the electronic information manufacturing industry, this 

study trained LDA models with different values of \(K\) based on the parameter settings described above. 

Topic coherence and perplexity were calculated separately to evaluate model performance under different 

topic numbers. 

The variations in topic coherence and perplexity corresponding to different numbers of topics are illustrated 

in Figure 1. As the number of topics increased, the model gradually achieved finer-grained partitioning of 

risk-related texts. However, when the number of topics was too small, different types of risk information 

tended to be concentrated within the same topic. Conversely, when the number of topics was excessively 

large, semantic redundancy among topics or over-fragmentation of the same risk category could occur. 
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By comprehensively considering topic coherence, perplexity, and topic interpretability, K=7 exhibited 

relatively satisfactory performance within the candidate topic range established in this study. Therefore, 

seven topics were selected as the final topic number for the LDA model. 

 

Figure 1. Variations in LDA Model Evaluation Metrics under Different Numbers of Topics 

When the number of topics was set to 7, the model achieved a relatively high level of topic coherence while 

maintaining a relatively low perplexity value. Meanwhile, the identified topics demonstrated good semantic 

differentiation. 

LDA Topic Identification Results 

After determining the optimal number of topics as 7, this study further analyzed the topic–word probability 

distributions generated by the LDA model. Based on the high-probability keywords within each topic and 

the risk-related texts with high topic assignment probabilities under corresponding topics, the latent topics 

were summarized and labeled accordingly.  

The seven risk topics identified by the LDA model and their representative keywords are presented in Table 

2. According to the topic probability distributions of individual risk texts, the topic with the highest 

assignment probability was defined as the dominant topic of each text. Based on this classification, the 

number of texts associated with each topic and their proportions among all risk-related texts were calculated. 

Table 2. Risk Topics Identified by the LDA Model 

Topic ID Risk Topic Representative Keywords Topic Proportion (%) 

Topic 1 Macroeconomic Risk exchange rate, economy, global 17.68% 

Topic 2 Investment Risk project, investment, environmental 

protection 

7.64% 

Topic 3 Market Competition Risk product, industry, technology 37.66% 

Topic 4 Supply Chain Risk customer, supplier, procurement 6.48% 

Topic 5 Core Talent Risk talent, R&D, core technology 7.37% 

Topic 6 Accounts Receivable Risk accounts receivable, accounts, 

inventory 

8.75% 

Topic 7 Operational Management 

Risk 

business, market, management 14.42% 

From the perspective of topic distribution, Market Competition Risk accounted for the largest proportion, 

reaching 37.66%. Its representative keywords included “product,” “industry,” “technology,” “market,” and 

“R&D,” indicating that risks associated with market competition and technological research and 

development were particularly prominent in the risk texts of the sampled companies.  
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The next most prevalent topics were Macroeconomic Risk and Operational Management Risk, accounting 

for 17.68% and 14.42%, respectively. These topics mainly involved macroeconomic environments, 

international trade, enterprise business development, and operational management issues. 

The proportions of the remaining topics were relatively lower. Specifically, Accounts Receivable Risk 

accounted for 8.75%, followed by Investment Risk (7.64%), Core Talent Risk (7.37%), and Supply Chain 

Risk (6.48%).  

Overall, the risk topics identified by LDA covered the major risk categories faced by electronic information 

manufacturing enterprises, including market competition, external environment, operational management, 

finance, investment, human resources, and supply chains. Among these categories, Market Competition Risk 

represented the dominant risk type with the highest proportion. 

 

Figure 2. Distribution of High-Weight Keywords across Risk Topics Identified by LDA 

Figure 2 further demonstrates that the high-weight keywords of different topics exhibit certain semantic 

aggregation characteristics. However, some topics still contain multiple related risk concepts, indicating that 

the topics identified by LDA possess a relatively strong degree of comprehensiveness. 

 

Figure 3. Visualization of Topic Distribution for LDA Risk Texts 
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To further investigate the distribution characteristics of LDA identification results at the document level, this 

study employed t-distributed Stochastic Neighbor Embedding (t-SNE) to reduce the dimensionality of topic 

distributions of risk-related texts for visualization, with the results presented in Figure 3. Different colors 

represent the dominant risk topics assigned to individual documents.As shown in Figure 3, some risk topics 

formed relatively concentrated distribution regions in the two-dimensional space, whereas certain overlaps 

remained among different topics. This observation is consistent with the characteristics of LDA-based topic 

identification, which relies primarily on word distributions to infer latent topics. For risk-related texts 

sharing common vocabulary such as “product,” “technology,” and “market,” the boundaries between topics 

may become relatively ambiguous.Overall, these results indicate that LDA is capable of establishing a basic 

risk category structure; however, some risk-related texts still exhibit strong semantic associations with each 

other. 

BER Topic Topic Identification Results 

Topic Clustering and Determination of the Number of Topics 

Following the model configuration described in Section 2.4.2, BERTopic was applied to perform topic 

modeling on the risk-related texts. The model first generated initial topics and identified texts that could not 

be stably assigned to other clusters as outlier documents (Topic -1). Subsequently, semantically similar 

initial topics were merged through the automatic topic reduction mechanism.Finally, BERTopic identified 

28 valid risk topics, while 1,015 risk-related texts were classified as outlier documents, accounting for 

15.23% of all risk-related texts. 

Table 3. Risk Topics Identified by the BERTopic Model 

Topic ID Risk Topic Representative Keywords Topic Proportion (%) 

Topic 1 Technological R&D Risk technology, R&D, product 7.80% 

Topic 2 Core Talent Loss Risk technical personnel, talent, core 

technology 

7.40% 

Topic 3 Exchange Rate Fluctuation 

Risk 

exchange rate, US dollar, foreign 

currency 

7.11% 

Topic 4 Raw Material Price 

Fluctuation Risk 

raw materials, price, cost 6.53% 

Topic 5 Accounts Receivable Risk accounts receivable, accounts, bad 

debts 

5.60% 

Topic 6 Overseas Operation and 

Trade Risk 

overseas, trade, foreign markets 5.42% 

Topic 7 Operational Management 

Risk 

management, scale, management 

capability 

4.13% 

Topic 8 Customer Cooperation Risk customer, automotive, connector 3.81% 

Topic 9 Consumer Electronics 

Market Risk 

product, smart devices, customer 3.20% 

Topic 10 Market Competition Risk competition, market competition, 

industry 

3.12% 

Topic 11 Funded Project Risk project, financing, investment project 3.11% 

From the perspective of topic distribution, the risk categories identified by BERTopic exhibited a relatively 

dispersed pattern. Technological R&D Risk had the largest proportion, accounting for 7.80%, followed by 

Core Talent Loss Risk, Exchange Rate Fluctuation Risk, and Raw Material Price Fluctuation Risk, which 

accounted for 7.40%, 7.11%, and 6.53%, respectively. These findings indicate that technological research 

and development, human resources, and external economic environments represent important aspects of risk 

disclosure among electronic information manufacturing enterprises. Accounts Receivable Risk and Overseas 

Operation and Trade Risk accounted for 5.60% and 5.42%, respectively, reflecting that enterprises face both 

financial recovery pressures and uncertainties associated with international operations. 

http://www.rsisinternational.org/


INTERNATIONAL JOURNAL OF RESEARCH AND INNOVATION IN SOCIAL SCIENCE (IJRISS) 

ISSN No. 2454-6186 | DOI: 10.47772/IJRISS | Volume X Issue IX September 2026 

 

Page 12119 

www.rsisinternational.org 

 

 

 

Furthermore, BERTopic identified several risk topics with relatively smaller proportions but clear semantic 

meanings, including gross profit margin decline, inventory impairment, goodwill impairment, product 

quality, intellectual property protection, environmental protection, and R&D failure risks. Compared with a 

distribution pattern dominated by a small number of topics, the proportions of BERTopic-generated topics 

were generally more dispersed, indicating the diversified nature of risk sources in the electronic information 

manufacturing industry. 

 

Figure 4. Distribution of Keyword Weights in Major Risk Topics Identified by BERTopic 

Figure 4 shows that the high-weight keywords of BERTopic topics exhibit strong semantic concentration 

and provide relatively clear indications of specific risk issues, offering a more explicit semantic basis for 

topic labeling. 
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Figure 5. BERTopic-Based Topic Clustering Distribution of Risk Texts 

To further demonstrate the topic clustering results of BERTopic, this study performed  dimensionality 

reduction visualization on the semantic embeddings of risk-related texts, with the results presented in Figure 

5. Different colors represent different risk topics.As shown in Figure 5, different topics formed multiple 

clustering regions with certain degrees of separation in the semantic space. Some topics exhibited relatively 

high levels of aggregation, while certain semantically similar risk topics were located close to each other in 

the embedding space. This indicates that different risk categories in the electronic information 

manufacturing industry are not completely independent but maintain certain semantic associations, while 

still forming relatively specific semantic categories.Combined with subsequent evaluations of topic 

coherence and topic diversity, the effectiveness of BERTopic in identifying different risk semantics can be 

further assessed. 

Comparison between LDA and BER Topic Models 

Comparison of Topic Identification Results 

LDA identified seven risk topics, which mainly represented comprehensive risk categories, including 

macroeconomic risk, investment risk, market competition risk, supply chain risk, core talent risk, accounts 

receivable risk, and operational management risk. In contrast, BERTopic identified 28 valid topics, further 

generating more specific risk-related subtopics based on relatively comprehensive risk categories. 

From the perspective of topic structure, the topics identified by LDA were relatively concentrated, with 

individual topics covering broader ranges of risk-related information. In comparison, BERTopic produced a 

more dispersed topic structure and was able to distinguish texts with similar lexical characteristics but 

different risk contexts into separate topics. Therefore, the primary difference between the two models in risk 

identification results is that LDA tends to generate a relatively aggregated risk category structure, whereas 

BERTopic produces a more fine-grained risk topic structure. 

Comparison of Model Evaluation Metrics 

To further compare the topic identification performance of the two models, this study employed C_v topic 

coherence (Coherence) and topic diversity (Topic Diversity) as evaluation metrics. The results are presented 

in Table 4. 

Table 4. Comparison of Topic Identification Performance between LDA and BERTopic 

Topic 

Model 

Number of 

Topics 

Topic 

Coherence 

Topic 

Diversity 

LDA 7 0.5049 0.7143 

BERTopic 28 0.6914 0.8071 

The topic coherence score of BERTopic was 0.6914, which was higher than that of LDA (0.5049), 

indicating that the high-weight keywords within BERTopic-generated topics exhibited stronger semantic 

associations. The topic diversity of BERTopic was 0.8071, also exceeding that of LDA (0.7143), suggesting 

that the degree of keyword overlap among different topics was relatively lower.Overall, based on the 

evaluation metrics adopted in this study, BERTopic demonstrated higher topic coherence and topic diversity 

than LDA, indicating better performance in terms of topic quality. 

Comparison of Model Interpretability 

From the perspective of topic interpretability, both models were able to generate risk topics with certain 

semantic orientations; however, differences existed in the way these topics were represented. The topics 

generated by LDA covered relatively broader ranges, with individual topics often incorporating multiple 
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interconnected risk concepts. Therefore, the topic labels mainly reflected an overall summary of a category 

of risk information, demonstrating a relatively high level of comprehensiveness. 

In contrast, the keywords within BERTopic-generated topics exhibited more concentrated semantic 

characteristics, resulting in more specific topic boundaries. The topic labels could more directly correspond 

to specific risk issues. By examining the representative keywords and associated risk texts, it can be 

observed that BERTopic topics possessed clearer semantic orientations, facilitating the differentiation and 

labeling of distinct risk issues. 

Therefore, in terms of interpretative level, LDA emphasizes the categorical summarization of risk 

information, whereas BERTopic focuses more on the presentation of specific risk issues. The two models 

respectively demonstrate advantages in overall risk abstraction and fine-grained risk interpretation. 

Comparison of Model Applicability 

Based on the aforementioned topic identification results, evaluation metrics, and interpretability 

characteristics, the two models are applicable to different levels of risk analysis tasks. LDA generates a 

smaller number of topics with a relatively concentrated structure, allowing the overall composition of 

industry risks to be presented in a concise manner. Therefore, it is more suitable for industry-level risk 

overviews, overall risk classification, and risk structure analysis. 

In contrast, BERTopic produces more fine-grained topics with higher topic coherence and topic diversity. It 

is capable of further identifying specific risk issues from broader risk categories, making it more suitable for 

fine-grained risk identification, key risk analysis, and specific risk information extraction. 

Therefore, model selection should be determined according to the specific analytical objectives. When the 

research goal is to establish a concise overall risk framework, LDA can be applied for macro-level risk 

classification. When the objective is to identify specific risk issues and distinguish semantically similar 

risks, BERTopic is more appropriate for in-depth analysis. The two models should not be regarded as simple 

substitutes for each other; rather, they provide complementary perspectives on risk information at different 

levels of granularity. 

Human Validation of Topic Identification Results 

To further validate the accuracy and interpretability of the identified risk topics, a manual evaluation was 

conducted based on representative risk texts. All seven LDA topics and the ten most representative 

BERTopic topics with higher topic proportions were selected for evaluation. For each selected topic, ten 

representative risk-related texts were randomly sampled. Two researchers with backgrounds in risk 

management and industrial management independently evaluated the sampled texts according to topic 

relevance and topic interpretability using a five-point Likert scale. 

Table 5. Human Evaluation Results of Topic Relevance and Interpretability 

Model Topic relevance Interpretability 

LDA 4.2 4.1 

BERTopic 4.5 4.2 

The human evaluation results are presented in Table 5. Both LDA and BERTopic achieved relatively high 

scores in topic relevance and interpretability, indicating that the identified topics were generally consistent 

with the representative risk texts and understandable to human evaluators. BERTopic achieved a higher 

score in topic relevance (4.5) than LDA (4.2), suggesting that its topic assignments were more closely 

aligned with the semantic content of risk texts. In terms of topic interpretability, BERTopic also obtained a 

slightly higher score (4.2) than LDA (4.1), indicating that it provided slightly clearer topic representations. 

However, LDA maintained satisfactory performance, reflecting its capability to summarize broader risk 

categories. 
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DISCUSSION 

Multidimensional Risk Characteristics of the Electronic Information Manufacturing Industry 

The results indicate that risk disclosures in the electronic information manufacturing industry exhibit clear 

multidimensional characteristics, covering technological innovation, market competition, core talent, supply 

chains, finance, and external operating environments. In particular, topics related to technological R&D, 

core talent loss, exchange rate fluctuations, and raw material price fluctuations received relatively high 

levels of textual attention, suggesting that enterprise risks originate not only from internal technological 

innovation and operational management but are also influenced by changes in market conditions, resource 

prices, and the international business environment. 

This characteristic is closely associated with the industrial attributes of the electronic information 

manufacturing industry. The industry is characterized by rapid technological updates, high dependence on 

R&D investment and specialized talent, and relatively complex industrial chains, with some enterprises 

exhibiting a high degree of globalization. Therefore, the risk structure of this industry reflects the interaction 

among technological innovation, resource dependence, supply chain complexity, and external environmental 

uncertainty. 

Differences between the Two Models Arise from Text Representation and Topic Generation 

Mechanisms 

LDA and BERTopic exhibit different levels of granularity in risk identification, and the underlying reasons 

are closely related to their distinct information representation approaches. In risk-related texts of the 

electronic information manufacturing industry, terms such as “technology,” “product,” “market,” and 

“customer” demonstrate high cross-topic reuse characteristics. The same term may correspond to different 

risk issues under different contextual conditions. LDA primarily identifies latent topics based on word 

distributions and co-occurrence relationships; therefore, it tends to aggregate risk texts sharing similar 

vocabulary into relatively broad and comprehensive topics. 

In contrast, BERTopic utilizes pretrained language models to obtain contextual semantic representations of 

texts and performs clustering in the semantic space. As a result, it is capable of further distinguishing texts 

with similar vocabulary but different underlying risk meanings. For example, texts containing terms such as 

“technology” and “R&D” may correspond to different risk issues, including technological R&D investment 

risk, R&D failure risk, core technical personnel loss risk, and intellectual property risk. This indicates that 

for industry-specific texts characterized by abundant professional terminology and significant overlap in risk 

semantics, contextual semantic information can support the further refinement of risk categories. 
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Fine-Grained Risk Identification and Managerial Relevance 

The value of fine-grained risk identification lies in transforming broad risk categories into more specific risk 

issues with clearer managerial implications. By providing more detailed representations of risk information, 

fine-grained identification helps enterprises better understand the underlying characteristics and potential 

sources of different risks. 

This transition from broad categories to specific risk issues improves the connection between textual 

analysis and practical risk management. While broad risk categories help managers understand overall risk 

structures, specific risk issues provide more direct support for risk monitoring, early warning, and targeted 

response activities. Therefore, fine-grained risk identification can provide a more detailed information 

foundation for subsequent risk analysis and managerial decision-making. 

Managerial Implications 

From an application perspective, enterprises can integrate topic modeling into risk monitoring systems. A 

practical approach is to combine broad risk classification with detailed issue detection, where overall risk 

structures provide strategic understanding and specific risk topics support targeted monitoring and 

response.This hierarchical approach can improve the organization of risk information and provide decision 

support for managers. 

CONCLUSION 

This study investigated risk-related texts extracted from the annual reports of listed electronic information 

manufacturing companies in the Shanghai and Shenzhen A-share markets during 2021–2024. LDA and 

BERTopic were employed to identify and compare risk topics. The results indicate that both models are 

capable of identifying meaningful industry risk topics from unstructured annual report texts; however, they 

reveal different levels of risk information granularity. LDA generates a relatively concentrated topic 

structure and is more suitable for summarizing overall industry risk categories. In contrast, BERTopic 

leverages contextual semantic information to further distinguish risk texts with similar lexical characteristics 

and demonstrates stronger capabilities in identifying specific risk issues. The evaluation results based on 

topic coherence and topic diversity also show that BERTopic achieved better intra-topic semantic 

consistency and inter-topic differentiation under the experimental settings of this study. 

The main contribution of this study lies in demonstrating that different topic modeling approaches can 

present risk information in the electronic information manufacturing industry at different levels of 

granularity. For the analysis of overall industry risk structures, relatively aggregated topic classifications can 

help establish a clear risk framework. For specific risk discovery, contextual semantic information is 

required to distinguish risk issues with different managerial implications. Therefore, in practical 

applications, appropriate topic granularity should be selected according to the objectives of risk 

identification, and topic models can serve as auxiliary tools for enterprise risk information management and 

risk discovery. 

RESEARCH LIMITATIONS AND FUTURE DIRECTIONS 

This study has several limitations. First, the data used in this study were derived from annual reports of 

listed companies, and the identified risk topics mainly reflect the risk information publicly disclosed by 

enterprises. Therefore, they may not fully capture all risks arising during actual business operations. Second, 

the results of topic identification may be affected by factors such as text preprocessing procedures, model 

parameter settings, and manual topic labeling. Thus, the stability and interpretive validity of the identified 

topics require further verification. Finally, this study primarily focused on comparing the risk identification 

performance of different topic modeling approaches and did not examine the relationships between risk 

topics and enterprises’ financial conditions, operational performance, or actual risk events. 
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Future research can be extended in three directions. First, additional text sources, such as corporate 

announcements and regulatory inquiry letters, can be incorporated to improve the coverage of risk 

information. Second, annual and subsector-level information can be integrated to investigate the dynamic 

evolution of risk topics and industry heterogeneity. Third, risk topics can be combined with financial 

indicators, operational performance, or actual risk events to further evaluate the external validity of text-

based risk identification results. 
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