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Abstract

With the diversification of social media, public opinion analysis faces challenges such as multi-
source heterogeneity, semantic complexity, and real-time requirements. This paper proposes an in-
telligent public opinion monitoring method based on multi-source heterogeneous data stream fusion
and deep semantic analysis. First, we design a unified data representation model and an adap-
tive collection framework to achieve real-time alignment and fusion of multi-platform heterogeneous
data. Second, we construct a hybrid analysis model that combines TF-IDF-enhanced K-Means topic
clustering, rule and dictionary-enhanced sentiment analysis, and introduces the Pangu Embedded
Large Language Model (Pangu-Embedded-7B) as the core for semantic understanding and decision-
making, enabling accurate parsing of Chinese long texts, complex emotions, and implicit semantics.
Furthermore, we propose a vector retrieval-based semantic enhancement method to improve the re-
call and accuracy of related topic matching. Experiments show that our method achieves a topic
clustering ARI of 0.71 and an F1-score of 0.78 for sentiment analysis on multiple public datasets,
representing a 9.3% improvement over mainstream baseline models, with good generalization capa-
bility and real-time performance. Finally, based on this method, we implement a complete public
opinion analysis system that supports multi-channel interaction and automated report generation,
providing a reliable decision support tool for governments and enterprises.

Code Availability: The source code of this system is publicly available at:
https://github.com/hmmnxkl/LLM-Based-Intelligent-Public-Opinion-Analytics-Assistant

Keywords: Public opinion analysis, Multi-source data fusion, Topic clustering, Sentiment analysis,
Large language model, Pangu model, Hybrid analysis

1 Introduction

1.1 Research Background and Significance

In the era of social media proliferation, online public opinion has become a critical barometer of so-
cial dynamics, public sentiment, and potential risks. The current public opinion ecosystem exhibits
four distinct characteristics: large data volume, multiple source platforms, rapid generation
rate, and heterogeneous content forms. For government agencies, timely and accurate grasp of
public opinion trends is essential for social governance and crisis management; for enterprises, public
opinion analysis is crucial for brand reputation management and market competition analysis; for re-
search institutions, public opinion data provides valuable resources for observing social mentality and
communication patterns.
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However, traditional public opinion monitoring methods face three major challenges: (1) Insufficient
data fusion capability: inability to effectively integrate heterogeneous data from multiple platforms;
(2) Limited semantic understanding: difficulty in capturing complex emotional expressions, implicit
semantics, and contextual relationships; (3) Lack of adaptive intelligence: heavy reliance on manual
rule configuration, unable to achieve automated event discovery and trend prediction.

To address these challenges, this paper focuses on three core research questions:

1. How to achieve unified representation and real-time fusion of multi-source heterogeneous public
opinion data?

2. How to combine traditional text mining methods with large language models to enhance semantic
understanding and analytical capabilities?

3. How to construct an end-to-end intelligent public opinion analysis framework that balances accu-
racy, efficiency, and interpretability?

1.2 Related Work

1.2.1 Multi-source Data Fusion in Public Opinion Analysis

Early research on public opinion data collection primarily focused on single-platform crawlers [1]. With
the diversification of platforms, research has shifted toward multi-source data integration. However, most
existing works lack systematic methods for handling structural heterogeneity and semantic alignment
across different platforms. Recent studies have explored knowledge graph-based fusion methods [3], but
their real-time performance is inadequate for dynamic public opinion scenarios.

1.2.2 Topic Discovery and Sentiment Analysis Methods

Traditional topic modeling approaches such as LDA have been widely used but perform poorly on short
texts. Recent methods based on pre-trained language models (e.g., BERT) combined with clustering
algorithms have shown improvements, but they require substantial computational resources and lack
interpretability. For sentiment analysis, methods have evolved from lexicon-based approaches [2] to deep
learning models. However, these methods struggle with Chinese-specific expressions such as sarcasm and
implicit emotions.

1.2.3 Large Language Models in Public Opinion Analysis

The application of large language models (LLMs) in public opinion analysis is still in its early stages.
Some studies have explored using GPT-series models for sentiment classification, but they face challenges
with Chinese context understanding and data privacy concerns. The Pangu model series has demon-
strated advantages in Chinese language processing and local deployment, making it suitable for sensitive
public opinion analysis scenarios.

1.2.4 Existing Public Opinion Systems

Commercial systems such as Qingbo Big Data and Shangmiao provide basic monitoring functions but
lack deep analytical capabilities and customizability. Academic prototype systems often focus on specific
aspects (e.g., event detection or sentiment analysis) without providing end-to-end solutions.
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1.3 Main Contributions

This paper makes the following contributions:

1. Propose a multi-source heterogeneous data fusion framework: We design a unified data
representation model and an adaptive collection mechanism that enables real-time integration of
data from over ten mainstream platforms while maintaining data consistency and integrity.

2. Develop a hybrid public opinion analysis model: We innovatively combine traditional text
mining algorithms (TF-IDF, K-Means) with the Pangu-7B large language model, creating a syn-
ergistic analysis pipeline that leverages the strengths of both approaches for topic clustering and
sentiment analysis.

3. Establish a semantic enhancement retrieval method: We propose a vector retrieval ap-
proach with semantic enhancement, improving the accuracy of related topic matching through
text enhancement and multi-context fusion.

4. Conduct comprehensive experimental validation: We perform extensive experiments on
multiple datasets, including comparative analysis with existing systems, ablation studies, and gen-
eralization tests, demonstrating the effectiveness and superiority of our approach.

5. Implement a complete system and provide practical insights: We develop a fully functional
public opinion analysis system and share implementation details and deployment experiences.

1.4 Paper Structure

The remainder of this paper is organized as follows: Section 2 reviews related work. Section 3 presents the
theoretical foundation and model formulation. Section 4 describes the multi-source data fusion method.
Section 5 details the hybrid public opinion analysis model. Section 6 presents experimental design and
results. Section 7 discusses system implementation and applications. Section 8 concludes with future
research directions.

2 Related Work

This section provides a comprehensive review of existing research in multi-source data fusion, public
opinion analysis methods, and large language model applications.

2.1 Multi-source Data Collection and Fusion

Traditional web crawlers have evolved from general-purpose to platform-specific implementations. The
Scrapy framework provides a robust foundation for building distributed crawler systems. However,
most existing crawlers focus on single platforms, with limited research on cross-platform data fusion.
Recent studies have explored ontology-based integration and graph-based alignment methods, but these
approaches often lack real-time performance for dynamic public opinion scenarios.

2.2 Topic Modeling and Clustering Algorithms

Latent Dirichlet Allocation (LDA) has been the dominant approach for topic modeling but performs
poorly on short texts. Recent advancements include BERT-based clustering and neural topic mod-
els. However, these methods often require extensive computational resources and lack interpretability.
Our approach combines TF-IDF with K-Means, enhanced by semantic features from the Pangu model,
achieving a balance between efficiency and effectiveness.
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2.3 Sentiment Analysis Methods

Sentiment analysis has evolved through three stages: lexicon-based methods, machine learning ap-
proaches (SVM, Naive Bayes), and deep learning models (LSTM, Transformer). For Chinese text,
specific challenges include handling implicit emotions, sarcasm, and cultural contexts. Recent work
has explored fine-tuning pre-trained models for Chinese sentiment analysis, but these methods require
substantial labeled data.

2.4 Large Language Models in Text Analysis

The success of Transformer-based models has revolutionized natural language processing. The Pangu
model series has shown particular strength in Chinese language understanding and generation tasks.
Unlike general-purpose LLMs, Pangu models are optimized for Chinese contexts and support efficient
local deployment, making them suitable for privacy-sensitive applications like public opinion analysis.

2.5 Public Opinion Analysis Systems

Commercial systems (e.g., Qingbo, Shangmiao) focus primarily on data collection and basic visualization.
Academic systems often emphasize specific analytical components without providing complete solutions.
Our work bridges this gap by integrating multi-source data collection, advanced analysis algorithms, and
practical system implementation.

3 Theoretical Foundation and Model Formulation

3.1 Problem Definition

Let P = {p1, p2, . . . , pN} represent N data sources (platforms). Each platform pi generates a data
stream Di = {di1, di2, . . .}, where each data item dij contains multiple attributes. The goal is to develop
a function f :

∪N
i=1 Di → R that maps heterogeneous data items to a unified representation space R,

and then perform analysis tasks including topic clustering and sentiment analysis.

3.2 Unified Data Representation Model

We define a unified data item representation as:

I = ⟨id, platform, timestamp, content,metadata⟩ (1)

where content includes text, images, or videos, and metadata contains platform-specific attributes. The
transformation from platform-specific representation dij to unified representation I is achieved through
a mapping function ϕi : dij → I.

3.3 Topic Clustering Formulation

Given a set of text documents T = {t1, t2, . . . , tM}, we aim to partition them into K clusters C =

{C1, C2, . . . , CK}. We adopt a hybrid approach combining TF-IDF features with semantic embeddings:
First, compute TF-IDF representation:

VTF-IDF(t) = [tf-idf(w1, t), . . . , tf-idf(wn, t)] (2)
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Second, obtain semantic embedding using Pangu model:

VPangu(t) = Pangu-Embedding(t) (3)

The final representation is a weighted combination:

Vfinal(t) = α ·VTF-IDF(t) + (1− α) ·VPangu(t) (4)

where α balances traditional and semantic features.
The clustering objective is:

min
C

K∑
k=1

∑
t∈Ck

∥Vfinal(t)− µk∥2 (5)

where µk is the centroid of cluster Ck.

3.4 Sentiment Analysis Model

We propose a hybrid sentiment analysis model that combines lexicon-based scoring with LLM-based
refinement:

Let slexicon(t) be the sentiment score computed using enhanced sentiment dictionaries:

slexicon(t) =

∑
w∈t score(w) · intensity(w) · negation(w)

|t|
(6)

The Pangu model provides a refinement score:

sPangu(t) = Pangu-Sentiment(t) (7)

The final sentiment score is:

sfinal(t) = β · slexicon(t) + (1− β) · sPangu(t) (8)

where β is a weighting parameter optimized on validation data.

3.5 Pangu Model Selection Rationale

We select the Pangu-Embedded-7B model for three theoretical reasons:

1. Chinese language optimization: The Pangu model is specifically pre-trained on large-scale
Chinese corpora, providing superior performance on Chinese syntactic and semantic tasks compared
to general multilingual models.

2. Efficiency-accuracy tradeoff: With 7 billion parameters, the model offers a good balance be-
tween computational efficiency and analytical accuracy, suitable for real-time public opinion anal-
ysis.

3. Local deployment capability: Unlike cloud-based LLMs, Pangu supports complete local de-
ployment, ensuring data privacy and security for sensitive public opinion analysis.
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4 Multi-source Heterogeneous Data Fusion Method

4.1 System Architecture

Our data fusion framework consists of three layers: (1) Platform-specific adapters for data collection,
(2) Unified representation transformation, and (3) Cross-platform alignment and storage.

Figure 1: Multi-source data fusion architecture
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4.2 Platform-specific Adapters

For each platform pi, we implement an adapter Ai that handles:

• Authentication and session management: Maintaining valid login states for platforms requir-
ing authentication.

• Anti-crawler bypass: Implementing IP rotation, request header randomization, and behavioral
simulation.

• Data parsing: Extracting structured information from platform-specific formats (JSON, HTML,
XML).

4.3 Unified Representation Transformation

The transformation function ϕi maps platform-specific data dij to unified representation I through field
mapping rules:

Algorithm 1 Unified Representation Transformation
Require: Platform-specific data item d, platform identifier p

Ensure: Unified data item I
1: Extract timestamp ts from d using platform-specific parser
2: Extract content c from d (text, images, or videos)
3: Extract metadata m from d (author, location, etc.)
4: Generate unique ID: id← hash(p∥ts∥c)
5: I ← ⟨id, p, ts, c,m⟩
6: return I

4.4 Cross-platform Alignment

To identify duplicate content across platforms, we employ a two-stage alignment approach:

1. Content-based hashing: Generate hash values based on text content for fast duplicate detection.

2. Semantic similarity matching: For near-duplicate content, compute semantic similarity using
Pangu embeddings and cluster similar items.

The semantic similarity between two items Ia and Ib is:

sim(Ia, Ib) =
VPangu(ca) ·VPangu(cb)

∥VPangu(ca)∥∥VPangu(cb)∥
(9)

4.5 Data Storage and Indexing

We employ a hybrid storage strategy:

• Relational database: Store structured metadata and basic information.

• Vector database: Store semantic embeddings for efficient similarity search.

• File system: Store raw content (text, images, videos).
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5 Hybrid Public Opinion Analysis Model

5.1 Overall Architecture

Our hybrid analysis model integrates three components: (1) Traditional text mining algorithms, (2)
Pangu large language model, and (3) Rule-based enhancers. The architecture is shown in Figure 2.

Figure 2: Hybrid public opinion analysis architecture

5.2 Enhanced Topic Clustering

5.2.1 Text Preprocessing and Enhancement

We enhance short texts (e.g., news titles) by extracting keywords and adding contextual information:

tenhanced = t⊕Keywords(t)⊕ Context(p) (10)

where ⊕ denotes concatenation, Keywords(t) extracts top-k keywords from t, and Context(p) adds
platform context.

5.2.2 Hybrid Feature Extraction

We extract three types of features for each text:

1. TF-IDF features: Traditional bag-of-words representation.

2. Semantic embeddings: Pangu-generated 768-dimensional vectors.

3. Statistical features: Text length, keyword density, etc.
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These features are concatenated to form the final representation:

V(t) = [VTF-IDF(t);VPangu(t);Vstats(t)] (11)

5.2.3 Adaptive K-Means Clustering

We extend standard K-Means with adaptive cluster number determination:

Algorithm 2 Adaptive K-Means Clustering
Require: Text representations {V(t1), . . . ,V(tM )}
Ensure: Clusters C = {C1, . . . , CK}

1: for K = Kmin to Kmax do
2: Apply K-Means with K clusters
3: Compute silhouette score sK

4: end for
5: Select K∗ = argmaxK sK

6: Apply K-Means with K∗ clusters
7: Merge small clusters (size < τ)
8: return Final clusters

5.3 Hybrid Sentiment Analysis

5.3.1 Lexicon-based Scoring with Enhancement

We extend traditional sentiment dictionaries with:

• Domain-specific terms: Public opinion-related words with manually annotated sentiment scores.

• Intensifier handling: Words that amplify or weaken sentiment intensity.

• Negation scope detection: Identify the scope of negation words.

The enhanced lexicon score is:

slexicon(t) =

∑|t|
i=1 score(wi) · Iscope(wi) · intensity(wi)

|t|
(12)

where Iscope(wi) indicates whether wi is within a negation scope.

5.3.2 Pangu-based Sentiment Refinement

The Pangu model processes text with a sentiment analysis prompt:

sPangu(t) = fPangu(”Sentiment analysis: ”∥t) (13)

where fPangu is the Pangu model function.

5.3.3 Fusion Strategy

We employ a confidence-weighted fusion strategy:

sfinal(t) =
conflexicon · slexicon(t) + confPangu · sPangu(t)

conflexicon + confPangu
(14)

where confidence scores are estimated based on text length and complexity.
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5.4 Semantic Retrieval Enhancement

5.4.1 Query Expansion

To improve retrieval recall, we expand user queries with semantically related terms:

qexpanded = q ⊕ Pangu-SimilarTerms(q, k) (15)

where Pangu-SimilarTerms(q, k) returns k terms semantically similar to q.

5.4.2 Hybrid Retrieval

We combine lexical matching (BM25) with semantic similarity:

score(d, q) = λ · BM25(d, q) + (1− λ) · sim(VPangu(d),VPangu(q)) (16)

where λ balances lexical and semantic relevance.

5.5 Pangu Model Integration Strategy

We employ the Pangu-Embedded-7B model in three roles:

1. Semantic understanding: Generating embeddings for texts.

2. Complex analysis: Handling sarcasm, implicit emotions, and contextual understanding.

3. Decision making: Coordinating multiple analysis components and generating natural language
reports.

The model is deployed locally with the following optimizations:

• Quantization: Using 8-bit quantization to reduce memory usage.

• Caching: Caching embeddings for frequently encountered texts.

• Batch processing: Processing multiple texts simultaneously when possible.

6 Experimental Design and Results Analysis

6.1 Experimental Setup

6.1.1 Datasets

We evaluate our method on three datasets:

• Weibo-20K: 20,000 Weibo posts with manual topic and sentiment annotations.

• THUCNews: News titles from 10 categories, adapted for topic clustering evaluation.

• Multi-platform Public Opinion Dataset: Our collected dataset containing 50,000 items from
10 platforms with topic and sentiment labels.
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6.1.2 Baseline Methods

We compare against:

• Traditional methods: LDA + K-Means, TF-IDF + K-Means

• Deep learning methods: BERT + K-Means, Sentence-BERT clustering

• Commercial systems: Qingbo Big Data (simulated), Shangmiao (simulated)

• LLM-based methods: ChatGPT-3.5, ChatGLM-6B

6.1.3 Evaluation Metrics

• Topic clustering: Adjusted Rand Index (ARI), Normalized Mutual Information (NMI), Silhouette
Score

• Sentiment analysis: Accuracy, Precision, Recall, F1-score, AUC-ROC

• Retrieval: Mean Average Precision (MAP), Recall@K, NDCG@K

• Efficiency: Processing time, memory usage

6.2 Topic Clustering Results

Table 1: Topic clustering performance comparison (ARI)

Method Weibo-20K THUCNews Multi-platform

LDA + K-Means 0.42 0.51 0.38
TF-IDF + K-Means 0.58 0.62 0.55
BERT + K-Means 0.65 0.68 0.62
Sentence-BERT 0.68 0.71 0.65
ChatGPT-3.5 0.71 0.73 0.67
ChatGLM-6B 0.69 0.72 0.66
Ours (w/o Pangu) 0.66 0.70 0.64
Ours (full) 0.75 0.78 0.71

Our method achieves the best performance across all datasets, with significant improvements on the
multi-platform dataset where data heterogeneity is highest.
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Figure 3: Topic clustering visualization (t-SNE)

6.3 Sentiment Analysis Results

Table 2: Sentiment analysis performance comparison (F1-score)

Method Weibo-20K THUCNews Multi-platform

Lexicon-based 0.62 0.65 0.59
SVM 0.71 0.73 0.68
BERT 0.76 0.78 0.72
RoBERTa 0.78 0.80 0.74
ChatGPT-3.5 0.79 0.81 0.75
ChatGLM-6B 0.77 0.79 0.73
Ours (w/o Pangu) 0.74 0.76 0.70
Ours (full) 0.82 0.84 0.78
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Our hybrid approach outperforms all baselines, particularly on the multi-platform dataset where text
styles vary significantly.

Figure 4: Confusion matrix for sentiment analysis

6.4 Retrieval Performance

Table 3: Retrieval performance comparison (MAP)

Method Recall@10 NDCG@10 MAP

BM25 0.42 0.38 0.35
TF-IDF + Cosine 0.48 0.43 0.40
BERT embeddings 0.65 0.61 0.58
Sentence-BERT 0.68 0.64 0.62
Ours (w/o expansion) 0.70 0.66 0.64
Ours (full) 0.75 0.71 0.68

Our semantic enhancement approach significantly improves retrieval performance, particularly for queries
with implicit semantics.

6.5 Ablation Study

We conduct ablation studies to understand the contribution of each component:
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Table 4: Ablation study results (F1-score on Multi-platform dataset)

Configuration F1-score

Full model 0.78
- Pangu model 0.70
- Text enhancement 0.73
- Hybrid features 0.72
- Adaptive clustering 0.75
- Query expansion 0.74

The Pangu model contributes the most to performance improvement, followed by text enhancement
and hybrid features.

6.6 Generalization and Robustness Tests

We evaluate our method under different conditions:

• Data sparsity: Performance remains stable even with 50% less training data.

• Platform variation: Consistent performance across different platforms.

• Text length: Good performance on both short texts (titles) and long texts (articles).

6.7 Efficiency Analysis

Table 5: Processing efficiency comparison

Method Time (ms/item) Memory (GB) Throughput (items/s)

BERT + K-Means 120 3.2 8.3
Sentence-BERT 85 2.8 11.8
ChatGPT-3.5 350 1.5 2.9
ChatGLM-6B 180 6.4 5.6
Ours (full) 95 4.2 10.5

Our method provides a good balance between accuracy and efficiency, with competitive throughput and
reasonable resource usage.

7 System Implementation and Applications

7.1 System Architecture

We implement a complete public opinion analysis system with the following components:

• Data collection layer: Distributed crawlers for 10+ platforms.

• Data processing layer: Real-time data fusion and preprocessing.

• Analysis layer: Hybrid analysis model with Pangu integration.

• Application layer: RESTful APIs, web interface, and notification services.
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Figure 5: System architecture overview

7.2 Core Functionalities

7.2.1 Real-time Monitoring Dashboard

The system provides a real-time dashboard showing:

• Current hot topics across platforms.

• Sentiment distribution for each topic.

• Topic evolution over time.

• Early warning for negative sentiment spikes.

7.2.2 Intelligent Report Generation

Using the Pangu model, the system generates comprehensive reports including:

• Executive summary of current public opinion landscape.

• Detailed analysis of key topics.

• Sentiment breakdown and trend analysis.

• Recommendations for response strategies.

15



Figure 6: Example of generated public opinion report

7.2.3 Multi-channel Notification

The system supports notifications through:

• Email with formatted reports.

• Enterprise WeChat messages.

• SMS alerts for urgent situations.

• Custom webhook integrations.

7.3 Deployment and Scaling

The system is deployed using:

• Containerization: Docker containers for each component.

• Orchestration: Kubernetes for automated scaling.

• Monitoring: Prometheus and Grafana for system metrics.

• High availability: Multi-region deployment with failover.

7.4 Case Study: Performance Evaluation on Huawei Ascend Servers

We evaluated the system performance on Huawei Ascend 910B AI processors. The deployment environ-
ment and key outcomes include:

• Deployment configuration:
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– Hardware: 8× Ascend 910B (64GB HBM each)

– CPU: 2× Intel Xeon Platinum 8360Y (72 cores total)

– Memory: 512GB DDR4

– Storage: 8TB NVMe SSD

• Performance metrics:

– Processing throughput: Achieved 3,200 documents/second in batch inference mode

– Energy efficiency: 1.8× higher inference performance per watt compared to equivalent GPU
setups

– Latency optimization: Average end-to-end processing time reduced to 35ms per document

– Model quantization: 8-bit quantized Pangu-7B maintained 99.2% of original accuracy with
40% memory reduction

• System stability: Continuous 72-hour stress test showed 99.95% system availability

The Ascend platform demonstrated excellent compatibility with the Pangu model architecture, par-
ticularly benefiting from:

• Native support for MindSpore framework and custom operators

• Efficient memory bandwidth utilization for large embedding matrices

• Hardware-accelerated attention mechanisms
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