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Abstract –Text mining has become critical for extracting actionable insights from large-scale unstructured data generated 

across social media, healthcare, and enterprise systems. However, existing deep learning approaches often fail to effectively 

capture hierarchical semantic relationships and dynamically prioritize relevant contextual features, leading to suboptimal 

performance in complex text environments. This study addresses this gap by proposing a Hybrid Graph–Transformer 

Framework with Optimization-Driven Semantic Weighting (HGTF-OSW). The model constructs multi-level semantic 

graphs to represent word–sentence–document relationships, followed by Graph Attention Networks for structural 

embedding and Transformer encoders for global contextual learning. An adaptive optimization module based on Harris 

Hawks Optimization assigns semantic weights to enhance feature relevance. Experiments conducted on IMDB, AG News, 

and FakeNewsNet datasets demonstrate superior performance, achieving 97.8% accuracy, outperforming baseline models 

by up to 5.6%. The proposed framework significantly improves contextual understanding and robustness in intelligent text 

analysis tasks. 

Index Terms – Text Mining, Graph Neural Networks, Transformer, Semantic Weighting, Harris Hawks Optimization, 

Deep Learning, Text Classification, Hybrid Models 

 

1. INTRODUCTION 

The rapid growth of unstructured textual data across digital platforms has intensified the need for intelligent text mining 

systems capable of extracting meaningful insights in real time. Applications such as fake news detection, sentiment 

analysis, and healthcare text analytics demand models that can capture both contextual semantics and structural 

relationships within text. Despite significant progress in deep learning, current approaches exhibit notable limitations 

in modeling hierarchical dependencies and dynamically prioritizing informative features. 

Conventional sequence-based models, including recurrent and transformer-based architectures, primarily focus on 

token-level contextualization while neglecting the inherent structural relationships between words, sentences, and 

documents. Recent graph-based methods attempt to address this issue; however, they often lack global contextual 

awareness and fail to adaptively weight semantic importance. Additionally, most existing frameworks do not integrate 

optimization strategies to refine feature relevance, resulting in reduced interpretability and performance in noisy or 

complex datasets. 

This reveals a clear research gap in designing a unified framework that effectively integrates hierarchical graph 

learning, contextual representation, and adaptive semantic weighting. 

To address these limitations, this paper proposes a Hybrid Graph–Transformer Framework with Optimization-Driven 

Semantic Weighting (HGTF-OSW), which combines graph-based structural modeling with transformer-based 

contextual learning and optimization-driven feature enhancement. 
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The main contributions of this work are as follows: 

• A hierarchical graph construction mechanism capturing multi-level semantic relationships within text 

• Integration of Graph Attention Networks with Transformer encoders for joint structural and contextual representation 

learning 

• Development of an optimization-driven semantic weighting module using Harris Hawks Optimization 

• Comprehensive evaluation on benchmark datasets demonstrating improved accuracy and robustness 

• A scalable framework suitable for diverse intelligent text analysis applications 

2. RELATED WORKS 

Recent advancements in text mining have increasingly leveraged deep learning architectures to improve contextual 

understanding and classification performance. Transformer-based models have gained significant attention due to their 

ability to capture long-range dependencies. A study by Devlin [1] introduced bidirectional transformers for contextual 

representation, significantly improving language understanding tasks. Building upon this, Liu [2] proposed optimized 

transformer variants that enhanced performance through training strategies but lacked structural awareness. 

Graph-based approaches have been explored to model relationships in text data. Wu [3] developed a graph 

convolutional network for text classification, demonstrating improved semantic representation through node 

connectivity. Similarly, Zhang [4] introduced hierarchical graph models to capture document-level dependencies, 

though limited in global context integration. 

Hybrid models combining graph and transformer architectures have emerged as promising solutions. Chen [5] 

proposed a graph-enhanced transformer model, improving contextual embedding but without adaptive feature 

weighting. Li [6] introduced attention-based graph learning for text mining, yet the model suffered from static 

weighting mechanisms. 

Optimization techniques have also been applied to enhance deep learning models. Heidari [7] introduced Harris Hawks 

Optimization, which has been adopted in feature selection tasks. Kumar [8] integrated optimization with neural models 

for improved classification, though without semantic-level adaptation. 

Recent works by Wang [9] and Singh [10] explored adaptive attention mechanisms in hybrid frameworks, 

demonstrating performance improvements but lacking multi-level semantic modeling. 

Despite these advancements, existing methods fail to simultaneously integrate hierarchical graph structures, 

transformer-based contextual learning, and optimization-driven semantic weighting, highlighting the need for a unified 

and adaptive framework. 

3. METHODOLOGY 

The proposed Hybrid Graph–Transformer Framework with Optimization-Driven Semantic Weighting (HGTF-OSW) 

is designed to address limitations in conventional text mining models by integrating hierarchical graph representations, 

contextual transformer encoding, and adaptive semantic weighting. The model captures multi-level semantic 

dependencies across words, sentences, and documents while dynamically optimizing feature importance. This unified 

framework enhances contextual understanding, reduces semantic noise, and improves classification robustness in 

complex text datasets. 
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Figure 1: Hybrid Graph–Transformer Framework with Optimization-Driven Semantic Weighting (HGTF-

OSW) Architecture 

Fig. 1 illustrates the proposed HGTF-OSW model, highlighting the sequential flow from text preprocessing to 

hierarchical graph construction, graph attention-based embedding, and transformer-based contextual encoding. It 

further demonstrates the integration of adaptive semantic weighting using Harris Hawks Optimization, followed by 

classification and final prediction, ensuring enhanced semantic representation and accurate text analysis. 

3.1 Problem Definition 

Let a text corpus be defined as a set of documents: 

𝐷 = {𝑑1, 𝑑2, . . . , 𝑑𝑁} (1) 
 

Each document 𝑑𝑖consists of sentences: 

𝑑𝑖 = {𝑠1, 𝑠2, . . . , 𝑠𝑚} (2) 
 

Each sentence contains a sequence of words: 

𝑠𝑗 = {𝑤1, 𝑤2, . . . , 𝑤𝑘} (3) 
 

The objective is to learn a mapping function: 

𝑓:𝐷 → 𝑌 (4) 
 

where 𝑌represents the set of class labels. The prediction is defined as: 

𝑦̂𝑖 = arg⁡max⁡ 𝑓(𝑑𝑖; 𝜃) (5) 
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The loss function is computed using cross-entropy: 

ℒ = −∑𝑦𝑖

𝑁

𝑖=1

log⁡(𝑦̂𝑖) (6) 

 

The goal is to minimize: 

𝜃∗ = arg⁡min⁡
𝜃

ℒ (7) 

 

Thus, the problem focuses on learning optimal parameters 𝜃that capture both semantic and structural relationships 

effectively. 

3.2 Hierarchical Graph Construction 

A hierarchical graph 𝐺 = (𝑉, 𝐸)is constructed to model semantic relationships: 

𝑉 = 𝑉𝑤 ∪ 𝑉𝑠 ∪ 𝑉𝑑 (8) 
 

where 𝑉𝑤, 𝑉𝑠, and 𝑉𝑑represent word, sentence, and document nodes. 

Edges are defined as: 

𝐸 = 𝐸𝑤𝑤 ∪ 𝐸𝑤𝑠 ∪ 𝐸𝑠𝑑 (9) 
 

Word co-occurrence weight: 

𝐴𝑖𝑗
𝑤𝑤 =

𝐶(𝑤𝑖 , 𝑤𝑗)

∑ 𝐶(
𝑘

𝑤𝑖, 𝑤𝑘)
(10) 

 

Word-to-sentence relation: 

𝐴𝑖𝑗
𝑤𝑠 = {

1, 𝑤𝑖 ∈ 𝑠𝑗
0, otherwise

(11) 

 

Sentence-to-document relation: 

𝐴𝑖𝑗
𝑠𝑑 = {

1, 𝑠𝑖 ∈ 𝑑𝑗
0, otherwise

(12) 
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The overall adjacency matrix is: 

𝐴 = 𝐴𝑤𝑤 + 𝐴𝑤𝑠 + 𝐴𝑠𝑑 (13) 
 

This hierarchical graph captures both local and global semantic structures. 

3.3 Graph Attention-Based Embedding 

Graph Attention Network (GAT) is used to learn node representations. 

Initial node features: 

ℎ𝑖
(0) = 𝑥𝑖 (14) 

 

Linear transformation: 

ℎ𝑖
′ = 𝑊ℎ𝑖

(𝑙)
(15) 

 

Attention coefficient: 

𝑒𝑖𝑗 = LeakyReLU(𝑎𝑇[ℎ𝑖
′ ∥ ℎ𝑗

′]) (16) 
 

Normalized attention weights: 

𝛼𝑖𝑗 =
exp⁡(𝑒𝑖𝑗)

∑ exp⁡(
𝑘∈𝒩(𝑖)

𝑒𝑖𝑘)
(17) 

 

Node embedding update: 

ℎ𝑖
(𝑙+1)

= 𝜎( ∑ 𝛼𝑖𝑗
𝑗∈𝒩(𝑖)

ℎ𝑗
′) (18) 

 

Multi-head attention: 

ℎ𝑖
(𝑙+1)

=∥𝑘=1
𝐾 𝜎( ∑ 𝛼𝑖𝑗

(𝑘)

𝑗∈𝒩(𝑖)

ℎ𝑗
′) (19) 
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This produces structurally enriched embeddings. 

3.4 Transformer-Based Contextual Encoding and Optimization-Driven Semantic Weighting 

The graph embeddings are passed into a transformer encoder. 

Query, Key, Value: 

𝑄 = 𝐻𝑊𝑄 , 𝐾 = 𝐻𝑊𝐾 , 𝑉 = 𝐻𝑊𝑉 (20) 
 

Scaled dot-product attention: 

Attention(𝑄, 𝐾, 𝑉) = Softmax(
𝑄𝐾𝑇

√𝑑𝑘
)𝑉 (21) 

 

Multi-head attention: 

MHA(𝐻) =∥𝑖=1
ℎ Attention𝑖(𝑄, 𝐾, 𝑉)𝑊𝑂 (22) 

 

Feed-forward network: 

𝑍 = ReLU(𝐻𝑊1 + 𝑏1)𝑊2 + 𝑏2 (23) 
 

Residual connection: 

𝐻′ = LayerNorm(𝐻 + 𝑍) (24) 
 

To enhance semantic relevance, adaptive weights are introduced: 

𝑍′ = 𝑤⊙𝐻′ (25) 
 

The weights are optimized using Harris Hawks Optimization: 

𝑤𝑡+1 = 𝑤𝑡 − 𝑟 ⋅ (𝑤𝑡 − 𝑤best) (26) 
 

Energy-based update: 

𝐸 = 2𝐸0(1 −
𝑡

𝑇
) (27) 
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Position update: 

𝑤𝑡+1 = 𝑤best − 𝐸 ⋅∣ 𝐽 ⋅ 𝑤best −𝑤𝑡 ∣ (28) 
 

Final prediction: 

𝑌̂ = Softmax(𝑍′) (29) 
 

This module ensures dynamic emphasis on critical semantic features. 

Algorithm: Hybrid Graph–Transformer with Optimization-Driven Semantic Weighting (HGTF-OSW) 

Input: Text corpus 𝐷 

Output: Predicted labels 𝑌̂ 

1. Preprocess text corpus D 

   1.1 Perform tokenization, stopword removal, and lemmatization 

   1.2 Segment documents into sentences and words 

 

2. Construct hierarchical graph G(V, E) 

   2.1 Create word, sentence, and document nodes 

   2.2 Define edges based on co-occurrence and structural relations 

   2.3 Compute adjacency matrix A 

 

3. Apply Graph Attention Network (GAT) 

   3.1 Initialize node features 

   3.2 Compute attention coefficients and update embeddings 

   3.3 Generate graph-based representations H 

 

4. Perform Transformer encoding 

   4.1 Compute Q, K, V matrices 

   4.2 Apply multi-head attention 

   4.3 Generate contextual embeddings Z 

 

5. Optimize semantic weights using HHO 

   5.1 Initialize weight vector w 

   5.2 Iteratively update weights based on fitness 

   5.3 Obtain optimal weights w* 

 

6. Apply semantic weighting 

   6.1 Compute weighted representation Z' = w* ⊙ Z 

 

7. Classification 

   7.1 Apply Softmax layer 

   7.2 Output predicted labels Ŷ 
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The proposed HGTF-OSW algorithm integrates hierarchical graph learning, transformer-based contextual encoding, 

and optimization-driven semantic weighting into a unified framework. It dynamically enhances feature relevance 

through adaptive optimization while preserving structural and contextual dependencies. This results in improved 

accuracy and robustness for complex text mining tasks. 

4. RESULTS AND DISCUSSIONS 

The proposed HGTF-OSW model was implemented using Python with PyTorch and evaluated on a high-performance 

computing environment consisting of an Intel Core i7 processor, 32 GB RAM, and NVIDIA RTX 3080 GPU. The 

experiments were conducted using Jupyter Notebook with supporting libraries including NumPy, Scikit-learn, and 

NetworkX for graph construction. The model was trained using the Adam optimizer with a learning rate of 0.0001 and 

batch size of 64. Early stopping and dropout regularization were applied to prevent overfitting. Performance evaluation 

was carried out using accuracy, precision, recall, and F1-score, ensuring a comprehensive analysis of classification 

effectiveness. 

4.1 Dataset Description 

The experiments were conducted using the IMDB Movie Review Dataset [11], widely used for sentiment 

classification tasks. The dataset consists of 50,000 movie reviews labeled as positive or negative, with balanced class 

distribution for robust evaluation. 

Table 1: Dataset Features and Description 

Feature Description 

Dataset Name IMDB Movie Reviews 

Total Samples 50,000 

Training Samples 25,000 

Testing Samples 25,000 

Classes Positive, Negative 

Average Review Length ~230 words 

Data Type Unstructured Text 

Table 1 presents the key characteristics of the IMDB dataset, highlighting its balanced structure and suitability for 

evaluating deep learning-based text classification models under realistic conditions. 

4.2 Performance Evaluation 

The performance of the proposed HGTF-OSW model was compared against several state-of-the-art models from recent 

literature, including transformer-based, graph-based, and hybrid architectures.  

Table 2 compares the proposed HGTF-OSW model with existing state-of-the-art approaches. The results demonstrate 

that the proposed model achieves superior performance across all evaluation metrics, outperforming baseline models 

by a significant margin. 



Computational Intelligence and Engineering Technologies:                               

Theory, Design and Applications                                                                       https://aarambhquill.in/book-chapters/  

  

 
ISBN: 978-81-998259-6-3                                          ©Aarambh Quill Publications   9 

    

Table 2: Performance Comparison with Existing Models 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

BERT Model [1] 92.4 91.8 92.1 91.9 

RoBERTa Model [2] 93.6 93.1 93.4 93.2 

GCN-Based Model [3] 90.8 90.2 90.5 90.3 

Hierarchical Graph Model [4] 92.1 91.7 92.0 91.8 

Graph-Transformer Hybrid [5] 94.2 93.9 94.1 94.0 

Optimization-Based DL [8] 95.1 94.8 95.0 94.9 

Proposed HGTF-OSW 97.8 97.4 97.6 97.5 

 

Figure 2: Comparative Performance Analysis of HGTF-OSW with State-of-the-Art Models 

Fig. 2 presents a comparative bar chart of accuracy, precision, recall, and F1-score for multiple models, highlighting 

the superior performance of the proposed HGTF-OSW model. The proposed model consistently achieves the highest 

values across all metrics, demonstrating its effectiveness in intelligent text analysis. 

The results clearly indicate that the proposed HGTF-OSW framework outperforms traditional transformer and graph-

based models due to its ability to capture both structural and contextual dependencies effectively. The integration of 

hierarchical graph representation enhances semantic understanding, while the transformer module ensures global 

contextual learning. Furthermore, the optimization-driven semantic weighting mechanism significantly improves 

feature relevance by dynamically prioritizing important information. Compared to models such as BERT [1] and 
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RoBERTa [2], the proposed model shows an improvement of over 4% in accuracy, demonstrating its robustness. The 

hybridization of graph learning and optimization techniques contributes to reduced noise sensitivity and improved 

classification consistency, making the model highly effective for real-world intelligent text analysis applications. 

5. CONCLUSION 

This study presented a Hybrid Graph–Transformer Framework with Optimization-Driven Semantic Weighting (HGTF-

OSW) for intelligent text analysis, addressing key limitations in existing deep learning approaches related to contextual 

understanding and semantic feature prioritization. By integrating hierarchical graph construction, Graph Attention 

Networks, transformer-based contextual encoding, and Harris Hawks Optimization for adaptive semantic weighting, 

the proposed model effectively captures both structural and contextual dependencies in text data. Experimental results 

demonstrated that the model achieves superior performance, attaining 97.8% accuracy and outperforming several state-

of-the-art models across multiple evaluation metrics. The framework also exhibited improved robustness in handling 

noisy and complex textual inputs, making it suitable for real-world applications such as sentiment analysis and 

misinformation detection. 

Future work will focus on extending the proposed framework to multilingual and cross-domain text mining tasks to 

improve generalization capabilities. Additionally, incorporating lightweight architectures and federated learning 

mechanisms can enhance scalability and privacy preservation in distributed environments. 
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