www.svedbergopen.com/ijaiml  International Journal of Artificial Intelligence and Machine Learning

A International Journal of Artificial
ALl Intelligence and Machine Learning
I Publisher's Home Page: https://www.svedbergopen.com/

SvedbergOﬁen

DISSEMINATION OF KNOWLEDGE

Research Paper Open Access

HSS-GAT: A Memory-Efficient Hybrid Structural and
Semantic Learning Using Graph Attention Networks and
TF-IDF Features for Al-Generated Text Classification

Saleem Raja Abdul Samad!, Pradeepa Ganesan?, Sujatha Krishna3, Justin Rajasekaran? Singaravelan
Murugan$, Sathya Ramasamy?®, Peerbasha Shebbeer Basha?, Bala Samuvel Joseph Gnana Sekar?

1234 Department of Computing and Information Sciences, University of Technology and Applied Sciences-Shinas, Sultanate of Oman
5 Department of Computer Science and Engineering, Vel Tech Rangarajan Dr. Sagunthala R & D Institute of Science and Technology,
Chennai, Tamil Nadu, India.

6Department of Computer Science, PSG College of Arts &Science, Coimbatore. India.

"Department of Computer Science, Jamal Mohamed College, Affiliated to Bharathidasan University, Trichy, Tamilnadu, India
8Department of Mathematics, SRM Institute of Science and Technology, Ramapuram Campus, Chennai, Tamil Nadu, India Email:
saleem.abdulsamad@utas.edu.om

("Abstract

The rapid growth of content generated by large language model (LLM)-based applications has posed significant challenges to the
society especially in domain where content originality, authorship and factual accuracy are critical. Therefore, there is an increasing
need to develop robust and reliable classification methods for classifying Al-generated text. Such methods, can help this will help
maintain information credibility, preventing spreading misinformation, detecting academic plagiarism, protecting digital platforms
from malicious content, and ensuring transparency in online communication. Although, researchers have introduced plenty of
detection methods and frameworks. there is still a need of more reliable solutions due to rapid advancement of LLM models which are
capable of generating content that closely resemble human-written contents. The proposed framework presents the hybrid graph-
based Al-generated text classification approach (HSS-GAT) that combines structural graph learning with TF-IDF based global semantic
features to improve the classification performance. The experiment was conducted using two benchmark datasets (HC3 and DAIGT
v2) which includes the generated contents from diverse LLM models. The experimental result on combined (HC3 + DAIGT v2) dataset
demonstrates that the proposed framework achieved an accuracy of 98.15% and an F1-Score of 97.93% highlighting the effectiveness
of the proposed framework.

Keywords: Al-generated text classification, Large Language Models (LLMs), Graph Attention Network (GAT), Bidirectional Long Short-
Term Memory (BiLSTM), Hybrid Deep Learning, TF-IDF feature extraction.
—

1. Introduction

Advancement in digital communication has led to an enormous accumulation of data through diverse
sources email, social media, news articles, online reviews, research publications and conversional systems.
A significant portion of these contents are now produced either fully or partially by generative language
models due to its capability of generating contents across domain with more fluent, coherent and
contextually relevant contents [1][2]. Recent reports states that most of the recent reviews and comments
of research papers were generated by the LLM especially chatgpt [3][4][5]. As the volume of Al-generated
text contents continuously to grow, distinguishing between human-written contents and Al-generated
contents has become increasingly important [6][7]. Especially in the education sector, Al -generated text
classification is highly important to preserve academic integrity. Recent studies highlighting that students
are increasingly relaying on various LLM-based applications to complete assignments, essays, reports,
coding tasks and research documents that closely resemble human style writings, making it difficult for
educators to differentiate between original and Al-generated contents. This growing dependence can
seriously be affecting the critical thinking skills and problem-solving skills which will diminish the learning
process [8][9]. Educators have two choices either redesign the assessment methods or develop a robust
automated system for Al-generated text classification that ensures fair assessment practices without
changing the existing assessment methods and maintaining the credibility of the academic evaluations.
Among these, developing an effective Al-generated text classification system is the more practical and
preferable approach [10]. The issues extend beyond education. LLMs can generate convincing news articles,
blogs and social media contents and supporting productivity and saving valuable human time. On the other
side, they also support for generating large scale dissemination of misinformation, fake news and
manipulated narratives that appears credible to the readers. Such contents spoil the public trust on
journalisms, influence public opinion and disturbs social harmony [11]. Recently LLMs have also used to
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write scientific reports and review comments, seriously raising concern about research integrity [5]. These
reports may have fabricated citations, technical inaccuracies and generalized or inaccurate interpretations
of scientific findings. Moreover, increasing number of scientific publications has intensified concern about
maintaining publication quality and originality [12][13][14]. The increasing capability of LLMs enable
cybercriminals to create phishing emails, fraudulent messages and social engineering attacks more easily
and effectively. Al-generated contents are grammatically correct, more personalized and highly convincing,
increasing the chance of successful cyberattacks. Additionally, cybercriminals can also automate the
generation and spreading of deceptive messages at large-scale, posing serious threats to individuals and
organizations [15] [16] [17]. This highlights the need of timely detection and preventing users from falling
prey to such attacks. Researchers have introduced various methods and frameworks for classifying Al-
generated text contents. Some of the exiting approaches focus only on specific LLM, while others were
evaluated on limited dataset which restrict the scalability and applicability of the proposed solutions.
Moreover, increasing capabilities of the LLMs enable them to bypass the most of the existing detection
techniques. This challenge demands computationally efficient and robust framework for classifying Al-
generated text.

To address this challenge, the proposed framework presents a hybrid graph-based text classification
approach (HSS-GAT), that combines structural graph learning with TF-IDF-based global semantic features
to improve classification performance. Initially, the input dataset was pre-processed by converting all text
into a uniform string format (lowercase) to ensure the consistency. Each document is transformed into two
complementary representations that captures different characteristics of the given input text. The first
representation is a graph-based where each document is converted into graph consisting of nodes and
edges. Each individual words are represented as nodes and the relationship between neighbouring words
are represented using an adjacency matrix. Each node contains structural information such as word length,
special character ratio and normalized word position. These graph features are processed using memory
efficient multi-head Graph Attention Network (GAT) [18] to learn the importance of neighbouring nodes,
followed by a two-layer Bidirectional Long Short-Term Memory (BiLSTM) network [19] that captures the
sequential contextual dependencies. Al last, max-pooling is applied to generate a compact graph-level
feature vector representing the structural information of the document.

The second representation captures the global semantic importance of words using Term Frequency -
Inverse Document Frequency (TF-IDF) techniques [20] with the 1500 most informative features. This
representation identifies most important words across the complete dataset. This resulting TF-IDF feature
vector is then processed by dense neural network to generate a compact semantic feature representation.
Finally, the structural features obtained from graph and semantic features obtained from the TF-IDF are
then combined to form a fused representation. This fused representation is passed through the fully
connected classification layer with a sigmoid output function to perform final classification of Al-generated
text. The experiments were conducted on two benchmark datasets (HC3 and DAIGT v2). These datasets
contain generated text contents from multiple LLMs. The experimental results indicates that the proposed
framework HSS-GAT, achieved an accuracy of 98.15% and an F1-score of 97.93% on the combined dataset,
highlighting its effectiveness in accurately classifying generated text.

Contribution:

e The proposed framework HSS-GAT, combines graph-based structural features with global semantic
features using TF-IDFE, enabling the system to simultaneously learn local word relationship and document-
level semantics.

e Inthe proposed framework, compact graph representations, lightweight attention and optimized tensor
processing are implemented, making the system suitable for large-scale implementation.

e The experimental results are evaluated five-fold stratified cross-validation which ensuring an unbiased
performance estimation.

e The proposed framework performance on chosen dataset was evaluated using multiple metrics includes
Accuracy, Precision, Recall, F1-score, ROC-AUC, Matthews Correlation Coefficient, Cohen's Kappa, confusion
matrix, ROC curve, Precision-Recall curve, execution time analysis, and error analysis, provides a complete
assessment.

e The proposed framework achieves better classification performance without increasing computational
complexity.

The rest of the paper is organized as follows. Section 2 discusses recent related research works in the
problem domain. Proposed framework is explained in the section 3 and Section 4 presents the results and
discussion. Finally, section 5 concludes the paper.

2. Related Works

Al-Generated text classification is one of the important research areas of current technological era. Many
studies have proposed approaches based on surface level feature extraction with machine learning,
advanced text representation using transformer with deep learning model and hybrid models to improve
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the classification performance while maintaining computational efficiency. This section highlights the most
important contributions in this problem domain. A graph-based approach for differentiating human
written text and Al generated text was proposed by Andric et al [21]. Each document was transformed into
co-occurrence graph, where words are represented as nodes and their co-occurrences as weighted edges
and initialized node features using random embeddings, Word2Vec, fine-tuned BERT and fine-tuned
RoBERTa embeddings. A Graph Attention Network (GAT) was then employed to learn structural and
semantic relationships within the text for classification. The experiments were conducted on the
Autextification 2023 English dataset which contains 23691 training, 10154 validation and 21832 test
samples. The experimental results demonstrated that the GNN with fine-tuned BERT node features
achieved an accuracy of 74.48% and macro F1-score of 74.41%. Xiaoming et al [22] proposed a coherence-
enhanced framework for machine generated text detection on four datasets namely GROVER, GPT-2
WebText, and two self-constructed GPT-3.5 news datasets. This approach extracts named entities using an
ELMo-based NER model and construct a coherence graph to capture both local and global document
coherence through entity relationships. The graph is encoded using a relation-aware Graph Convolutional
Network (GCN) with attention-based LSTM and the resulting coherence representation is combined with
RoBERTa embeddings for improved classification. Experimental result indicates that CoCo achieved an
accuracy of 85.30% and an F1-Score of 84.10% on the limited GPT-2 dataset. 69.93% accuracy and 61.25%
F1-Score on the limited GROVER dataset and 99.72% accuracy and 99.57% F1-Score on GPT-3.5 dataset.
Although the result of CoCo framework was impressive, it increases preprocessing overhead and
computational complexity compared to transformed-based approaches. The performance of approach is
highly dependent on accurate entity extraction which limits its applicability to short documents where
coherence information is limited. Moreover, the model utilized RoOBERTa embeddings which segments the
longer documents, potentially resulting in the loss of contextual information.

Nidhi and Qinghua [23] proposed a graph-based framework called similarity-guided graph reasoning for Al
text detection. The framework masks syntactic keywords, reconstruct them using a pretrained ALBERT-
base-V2 model and constructing a similarity guided keyword graph. A two-layer Graph Convolutional
Network (GCN) is then used to learn the semantic and contextual relationships between keywords for
classification. This framework was evaluated on four domains such as News, Creative Writing, Student
Essays and Vulnerability description using dataset includes Ghostbuster, the NVD and Al-generated text
from ChatGPT. The proposed framework was compared with 4-baselines methods namely GPTZero,
DetectGPT, Ghostbuster and RAIDAR using F1-Score on all four datasets. Experimental results showed that
proposed framework outperformed baseline methods achieving in-domain F1 Scores of 0.79, 0.72, 0.88,
and 0.96 for the News, Creative Writing, Student Essays and Vulnerability description respectively. It also
maintained strong out-of-distribution F1-Score ranging from 0.67 to 0.75. However, the framework incurs
higher computational overhead due to keyword extraction, graph construction and GCN based reasoning.
Halah [24] proposed a graph-based framework for Al generated tweets detection based on stylistic features
as graph-structured data where nodes correspond to posts and writing-style attributes while edges capture
the relationship among the tweets. The evaluation includes multiple approaches including zero-shot
prompting, fine-tuned sentence-BERT (SBERT), Graph Attention Networks (GAT) and Graph Convolutional
Networks (GCN). Result indicates that GCN-based model achieved an accuracy of 93.60% on tweet dataset.
Adilkhan et al. [25] presented a detection approach for Al generated text in academic settings. The
experiment utilizes HC3 and DAIGT v2 datasets. The result indicates that the TF-IDF + Logistic Regression
model achieved an accuracy of 82.87%, contextual neural model such as BiLSTM reached an accuracy of
88.86% accuracy and DistilBERT achieved an accuracy of 88.11% with ROC-AUC of 96% highlighting the
importance of semantic representation over surface-level lexical features of text. This study requires high
computational resources for contextual models.

3. Proposed Framework

In this proposed framework HSS-GAT introduces a novel hybrid graph-based approach for Al-generated
text classification. It consists of two parallel feature extraction branches. The first branch transforms every
document into a graph to capture local contextual relationships between neighbouring words while the
second branch extract the global semantic information using TF-IDE. The outputs from both branches are
combined to create a richer feature representation. This fused representation is then passed to a multi-
layer neural network to classify the text as either Al generated or human-written text. Conventional Graph
Attention Networks usually process large graph structures with high-dimensional node representations
and dense attention computations, resulting in significant memory requirements during training. In
contrast, the proposed framework is memory efficient and specifically designed to minimize computational
and storage requirement at every stage of processing. The proposed HSS-GAT framework is illustrated in
Figure 1.
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Figure 1. Architecture of Proposed HSS-GAT framework

a. Dataset

The proposed framework, utilized the two most used dataset (HC3 and DAIGT v2) for machine generated
text classification. Table 1 and 2 present the HC3 dataset details and distributions. HC3 dataset is designed
to compare human writings and machine generated text across diverse domains in both English and
Chinese. For this experiment, considers only English answers. This dataset was collected from publicly
available sources such as Hugging Face [26], GitHub [27] as originally described by Biyang et al., 2023 [28].

TABLE 1. HC3 DATASET CONTRIBUTION
Source Count
reddit_eli5 | 32114
finance 7866
medicine 2494
open_ga 2374
wiki_csai 1684

BIWIN|R|O

TABLE 2. HC3 DATASET DISTRIBUTION
Target Count
0 | Human Written Text 23492
1 | Machine Generated Text (ChatGPT) | 23040

The dataset DAIGT v2 was collected from Kaggle [29] represents another large-scale English text resource
specifically curated for detecting Al-generated content. It contains 44,868 text samples compiled from
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multiples sources including human written essays and output generated by multiple LLMs. Every instance
in the dataset includes text content and a corresponding label. The label indicates whether the text is
generated (1) or human-written (0). Table 3 and 4 presents the data content and distribution.

TABLE 3. DAIGT v2 DATASET CONTRIBUTION [34
Source Count
persuade_corpus 25996
mistral7binstruct_v2 2421
chat_gpt_moth 2421
llama2_chat 2421
mistral7binstruct_v1 2421
kingkil9_palm 1384
train_essays 1378
llama_70b_v1 1172
falcon_180b_v1 1055
darragh_claude_v6 1000
darragh_claude_v7 1000
radek_500 500
NousResearch/Llama-2-7b-chat-hf | 400
mistralai/Mistral-7B-Instruct-v0.1 | 400
cohere-command 350
palm-text-bison1 349
radekgpt4 200

TABLE 4. DAIGT v2 DATASET DISTRIBUTION
Target Count
0 | Human Written Text 27371
1 | Machine Generated Text | 17497
The experiment also employed a combined dataset (HC3 and DAIGT v2), with the data distribution
summarized in Table 5.

TABLE 5. COMBINED DATASET DISTRIBUTION
Target Count
0 | Human Written Text 50,863
1 | Machine Generated Text | 40,537

b. Preprocessing

The process begins with text preprocessing. Each sentence was converted to lowercase and leading and
trailing spaces were removed. This step helps to clean and standardize the text which is necessary for
vocabulary construction and graph generation [30].

c. Global Semantic Feature Extraction

The semantic information of each document is extracted using Term Frequency-Inverse Document
Frequency (TF-IDF) technique. Initially each document is tokenized into words and TF-IDF assigns
importance scores to words according to their occurrence within the individual documents and across the
complete dataset. The TF-IDF representation is computed by combining two statistical measures. The first
component is Term-Frequency (TF), measures the frequency of a particular term appears within a
document. For a given term t in document d, the term frequency is expressed as expressed as

f
TF (t,d) = =2

2 fra

where f(t,d) denotes the number of occurrences (term frequency) of the term tin document d, and
Yk f (k, d)represents the total number of words contained in document d.

The second component is the inverse document frequency, which evaluates the frequency of a term across
complete document collection. Words that appear in many documents contribute less and receives lower
weights. The inverse document frequency is computed as

IDF(t) = log (%(t))

Where N represents the total number of documents in the dataset, and DF(t) represents the number of
documents in which the term t appears. To avoid division by zero and improve numerical stability, a
smoothing factor is added.
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N

The final TF-IDF weight assigned to each term is obtained by multiplying its normalized term frequency
with its inverse document frequency.
TFIDF(t, d) = TF(t,d) x IDF(t)
After computing the TF-IDF scores, every document is represented as a numerical feature vector
G = [81,82,83 -+, 81500]
where each element in the vector g; corresponds to the TF-IDF weight of one vocabulary term. This fixed
representation of top 1500 features, simplifies batch processing and enables efficient integration with the
neural network.
d. Graph Construction
This stage graph construction, transforms each text document into a fixed-size graph representation that
preserves the local relationship between neighbouring words. Initially, each document is tokenized into
individual words based on whitespace.
D = {wy,wy, Wy, ... Wy}
where w; denotes the i word in the document and n represents the total number of words. In graph
representation, each word is considered as a node and the contextual relationship between neighbouring
words as graph edges. This representation enables the learning model to capture both positional and
structural information during feature learning. To reduce the computational complexity and maintain a
uniform graph size, only the first 120 tokens of each document are considered. If a document contains no
valid tokens, a special placeholder token is inserted to ensure that every graph contains at least one node.
The total number of graph nodes is restricted to a maximum of 40 nodes and is determined as
N = min(n, 40)
where n denotes the total number of tokens in the document. The shorter documents are zero-padded to
maintain uniform graph dimensions. Each graph node is represented using a structural feature vector of
dimension 16. The node feature matrix is defined as
X e R40X16
where each row corresponds to one node and each column represents one structural feature extracted from
the corresponding word. The feature vector for the i*" node is expressed as

Xi = [Xi,l s X2y e Xi,16]
where each feature captures as listed in table 6, a complementary lexical, structural, statistical, or positional
property of the corresponding token, enabling the graph representation to encode richer document

information before graph attention learning

TABLE 6. STRUCTURAL NODE FEATURES USED FOR GRAPH CONSTRUCTION

Feature Feature Name Description and Importance
Index
Xi1 Token Length Represents the total number of characters in the token.
Xi2 Punctuation / Non- | Measures the proportion of punctuation or special characters
Alphanumeric Ratio | relative to the token length. This feature captures writing style,
formatting patterns, and unusual character usage that may
contribute to document discrimination.
Xi3 Relative Position | Normalized position of the token within the graph which preserves
Index the sequential order of words.
Xi4 Digit Ratio Represents the proportion of numeric characters in a token.
Xis Uppercase Measures the proportion of uppercase letters in the token. It helps
Character Ratio identify abbreviations, proper nouns, acronyms, and emphasized
words, thereby improving structural understanding.

Xi6 Lowercase Computes the proportion of lowercase letters in the token. This

Character Ratio feature complements uppercase information and captures the
dominant writing pattern of each word.

Xi7 Vowel Ratio Calculates the proportion of vowels within the token. The vowel
distribution provides additional lexical characteristics that help
distinguish different word structures.

Xig Consonant Ratio Represents the proportion of consonants in the token. Combined
with the vowel ratio, this feature characterizes word composition
and improves structural representation.

Xig Punctuation Count Records the number of punctuation and special characters in a token,
capturing formatting patterns.

Xi10 Digit Count Represents the total number of numeric characters in the token.
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Xi11 Normalized Local | Measures how frequently a token appears within the current
Token Frequency document after normalization. Frequently occurring words often
indicate document-specific themes and improve local contextual
representation.
Xi12 Inverse Document | Measures a token's uniqueness across the corpus, assigning higher
Frequency (IDF) weights to rare, informative words
Xi13 Global Term | Represents a token's overall frequency across the entire corpus,
Frequency providing global importance information that complements the local
frequency measure.
Xi14 Stopword Indicator | A binary feature indicating whether a token is a stopword (1) or not

(0), helping the model distinguish common functional words from
informative content words.

Xi1s Normalized The normalized mean ASCII value of a token's characters, capturing
Character ASCII | character encoding patterns.
Mean Code

Xi16 Relative  Sentence | Represents the token's relative position in a sentence, helping the
Position Score model understand local context and word relationships.

The graph connectivity is defined by constructing an adjacency matrix that captures the relationships
between the graph nodes. The adjacency matrix is represented as
Ae ]R4—0><4-0

where each element A;; denotes the connection strength between the it and j* graph nodes. In the
proposed framework, each document graph to a maximum of 40 nodes, the adjacency matrix has a fixed
dimension of 40 X 40, enabling efficient batch processing during model training. Initially, each node is
connected to itself by introducing self-loops, ensuring that its own feature information is preserved during
neighbourhood aggregation as defined as

where the diagonal elements of the adjacency matrix are assigned a value of one. To preserve the sequential
flow of the original text, each node is connected to its immediate predecessor and successor using
bidirectional edges as represented as

Ajji-1 = A =1

for all valid neighbouring nodes. Assigning a connection weight of one indicates a strong contextual
dependency between consecutive words. These bidirectional edges preserve the natural ordering of the
document and facilitate effective information propagation between adjacent tokens during graph-based
feature learning. Additionally, the proposed graph incorporates second-order neighbourhood relationships
by connecting nodes that are separated by one intermediate token. These connections are assigned lower
weights to reflect their relatively weaker contextual influence and are expressed as

Ajj—2 = Aj2; = 0.5.
The reduced edge weight allows the graph to capture broader contextual dependencies without introducing
excessive graph density or computational overhead. Consequently, each node aggregates information not
only from directly adjacent words but also from nearby contextual words, resulting in a richer structural
representation. The resulting adjacency matrix contains three categories of edge weights. Self-loop
connections have a weight of 1.0, immediate neighbouring nodes are connected with a weight of 1.0, and
second-order neighbouring nodes are connected with a weight of 0.5. All remaining node pairs remain
unconnected with a weight of zero. This sparse graph structure significantly reduces computational
complexity while preserving the essential contextual relationships required for graph attention learning.
Atlast, each document is represented as a graph

G=(V,EXA)

where V denotes the set of graph nodes corresponding to document tokens, E represents the collection of
graph edges describing contextual relationships, X € R**1¢ denotes the node feature matrix summarized
in table 6, and A € R****%represents the adjacency matrix defining node connectivity.
e. Hybrid Graph Dataset Formation
After graph construction, the node feature matrices, adjacency matrices, TF-IDF vectors, and class labels
are combined into a unified dataset. The node feature matrix (X) contains the sixteen structural attributes
extracted for each of the forty graph nodes, while the adjacency matrix (A) preserves the connectivity
between neighbouring words using self-connections, first-order links, and second-order weighted links.
The TF-IDF vector (G) represents the overall semantic characteristics of the complete document. These
three representations are paired with the corresponding class label y; to form a single training instance is
represented as
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Si = {Xi, A, G, yi}
These data structures are converted into tensors for efficient processing using the deep learning framework.
This hybrid dataset allows simultaneous learning from graph structure and document-level semantics
during model training.
f. Memory-Efficient Graph Attention Layer
The graph representation is first processed by a Memory-Efficient Graph Attention layer to extract
structural information from the constructed graph. Each node initially contains a 16-dimensional feature
vector that describes the lexical and structural properties of the corresponding token. These node features
are first projected into a higher-dimensional feature space using a learnable linear transformation. Instead
of learning from a single attention mechanism, the proposed layer employs four parallel attention heads,
allowing different neighbourhood relationships to be captured simultaneously. For every pair of connected
nodes i and j, an attention score is computed using separate source and destination attention vectors. The
computed score is then transformed through the LeakyReLU activation function [31][32] to improve feature
discrimination as expressed as
ej; = LeakyReLU(alh; + ajh;)
where e;; denotes the unnormalized attention score between connected nodes i and j, h; and h; are the
transformed node feature vectors, ag and a4 are the learnable source and destination attention vectors.
Instead of evaluating attention across every node pair, the proposed approach restricts attention
computation only to the connections defined by the adjacency matrix. Therefore, the adjacency matrix is
acted as a masking mechanism, assigning a very small value to all non-connected node pairs before
normalization. This significantly reduces unnecessary computations and lowers memory consumption
without losing important neighbourhood information. The attention coefficients are then normalized using
the Softmax function as
B exp(e;;)
' ke ) €xp ()
where e;; denotes the unnormalized attention score between node iand its neighboring node j, and
NNV (i)represents the set of neighboring nodes connected to node i. These normalized coefficients determine
the contribution of each neighboring node during feature aggregation. The updated node representation is
computed as the weighted sum of neighbouring node features using the normalized attention coefficients.
This operation enables each node to integrate contextual information from its connected neighbours while
assigning higher importance to more relevant nodes. The updated representation of node i is expressed as
h! = Z o hy
jeN (1)
where aj;denotes the normalized attention coefficient between nodes iand j, hjrepresents the feature
vector of the neighboring node, and 2V (i)denotes the neighbourhood of node i. The output generated by
each attention head is concatenated to produce a unified node representation with a dimensionality of
4x32=128. The resulting 128-dimensional graph representation is subsequently processed by the
Bidirectional Long Short-Term Memory (BiLSTM) network for sequential context learning.
g. Sequential Context Learning Using BiLSTM
The enriched node features produced by the graph attention layer are passed to a two-layer Bidirectional
Long Short-Term Memory (BiLSTM) network to capture contextual dependencies in both forward and
backward directions. Given the graph feature sequence G = {g,, g5, ..., g}, the BiLSTM generates forward
and backward hidden states, which are concatenated as
- «
he = [in, |
which contains information from both temporal directions. The BiLSTM uses two stacked layers with a
hidden size of 128 units in each direction and a dropout rate of 0.3 to reduce overfitting during training.
After processing all node representations, a global max-pooling operation is applied over the sequence to
identify the most informative contextual features across all graph nodes. The pooled representation is
computed as

h = max (h
graph =1 n( t)

where the maximum value is selected independently for each feature dimension. This operation generates
a fixed-length graph-level representation regardless of the document length.

h. Global Feature Processing

The TF-IDF vectors are processed independently through a fully connected layer to generate a compact
dense representation. Batch normalization is then applied after the dense layer to normalize the feature
distribution and improve the stability and convergence of the training process. The normalized features are
then passed through the Gaussian Error Linear Unit (GELU) activation function [33] which introduce
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smooth nonlinearity and enables the network to learning complex semantic patterns from the transformed
feature representation. A dropout layer (0.3) reduces overfitting by randomly disabling neurons during
training, converts sparse TF-IDF vectors into compact semantic representation.

i. Feature Fusion

The 256-dimensional graph-based structural features and 256-dimensional TF-IDF semantic features are
combined to form a 512-dimensionalfused feature vector. This representation captures both structural and
semantic information, enabling the classifier to accurately differentiate between Al-generated and human-
written text contents

j- Classification and Model Evaluation

The fused features are passed through fully connected layers with batch normalization, GELU activation,
and a 0.3 dropout rate to learn discriminative features and reduce overfitting during training. Then the last
dense layer uses a sigmoid activation function to generate a probability score to perform binary
classification. The model is trained using the binary cross-entropy function. The AdamW optimizer is used
with a learning rate of 0.001 to update the model parameters. Training is performed for 10 epochs using a
batch size of 256. During each epoch, the network weights are updated through backpropagation to
minimize the prediction error and improve the classification performance. Stratified Five-Fold Cross
Validation is applied by dividing the dataset into five balanced subsets. In each fold, four subsets are used
for training and one subset is used for validation, and the average result across all folds is reported as the
final performance. The proposed framework is evaluated using accuracy, precision, recall, F1-score, MCC,
Cohen's kappa, ROC-AUC, confusion matrix, ROC curve, Precision-Recall curve and document length-based
F1-score evaluation for short, medium, and long texts.

4. Result and Discussion

The experiments were carried on a Windows 11 platform with an Intel Core i7 processor, 24 GB RAM, and
an NVIDIA GeForce RTX 2050 GPU with 4 GB VRAM. The development environment used VS Code with
Python as the primary programming language. The study utilized two separate datasets, and their detailed
data distributions are summarized in Tables 1-5. The proposed model HSS-GAT configuration is presented
in table 7

TABLE 7. PROPOSED HSS-GAT CONFIGURATION

Component | Configuration

Graph Attention Network (GAT)

Input Node Features 16

Number of Attention Heads | 4

Output Dimension per Head | 32

Combined GAT Output 128 Features

Attention Activation LeakyReLU (Negative Slope = 0.2)
Graph Connectivity Self-loop + First-order + Second-order Neighbour Connections
BiLSTM Network

Input Size 128

Hidden Units 128

Number of Layers 2

Direction Bidirectional

Sequence Aggregation Max Pooling

Dropout 0.30

TF-IDF with Fully Connected Layer

TF-1DF Vocabulary Size 1500

Dense Layer Size 256

Batch Normalization Yes

Activation Function GELU

Dropout 0.30

Final Fully Connected Classifier

Input Dimension 512 (256 Graph + 256 TF-IDF Features)
Hidden Layer 128

Batch Normalization Yes

Activation Function GELU

Dropout 0.30

Output Layer 1 Neuron

Output Activation Sigmoid

Classification Type Binary Classification
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Table 8 presents the experimental result obtained on the HC3 dataset. The proposed framework achieved
an accuracy of 97.62% and F1-Score of 97.59% indicates its ability of correct classification and well-
balanced trade-off between precision and recall, showing that the model effectively minimizes both false
positive and false negative predictions. The Matthew’s correlation coefficient (MCC) of 95.25% and Cohen’s
Kappa coefficient of 95.25 % demonstrates an excellent level of agreement between the predicted and
actual class labels beyond random chance. The obtained ROC-AUC of 99.71% further confirms that the
proposed framework’s discriminative capability.

TABLE 8. EXPERIMENTAL RESULT ON HC3 DATASET
Accuracy % | Precision % | Recall % F1-Score % | MCC % Kappa % ROC-AUC %

97.62 97.97 97.21 97.59 95.25 95.25 99.71

Figure 2 presents the complete evaluation of the proposed framework on HC3 dataset. The ROC-AUC curve
() achieves 99.71% indicates an exceptional class separation with minimal false positives. The Precision-
Recall curve (b) maintains high precision across most recall values, confirming consistently high precision
under varying thresholds. The training accuracy (c) increases from approximately 94% during the first
epoch to nearly 99.8% within a few epochs, accompanied by a steady decline in training loss (d) from
approximately 0.145 to almost zero, reflecting efficient feature learning. The validation accuracy (e) also
mirrors the similar trend, reaches approximately 97.6% and remains stable, while validation loss (f)
decreases rapidly and stays low, indicates the robust generalization.
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FIGURE 2. COMPREHENSIVE PERFORMANCE EVALUATION ON HC3 DATASET

Table 9 shows that the proposed HSS-GAT framework performs differently across text lengths, achieving
F1-score of 70.77% for short texts (<50 words), 97.61% for medium-length texts (50-200 words) and 98.05%
for long text (>200 words), indicates the significance of contextual information in classification
performance. Despite of the limited textual diversity, fewer sequential dependencies and sparse graph
structures in short documents, the proposed framework. Even though, short documents contain limited
lexical diversity, fewer sequential dependencies, and sparse graph structures, the proposed framework
sufficiently discriminative representations through its graph attention mechanism and BiLSTM architecture.

TABLE 9. STRATIFIED EVALUATION RESULT ON HC3 DATASET

Category Sample Count | Stratified F1-Score %
Short (<50 words) 440 70.77
Medium (50-200 words) | 4631 97.61
Long (>200 words) 4567 98.05

The Wilcoxon significance distribution shown in Figure 3 indicates that the model achieves highly
consistent accuracy scores, ranging from approximately 0.97525 to 0.97675 with the median centered
within this narrow range, demonstrating the proposed framework is stable and reliable performance across
different evaluations.
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FIGURE 3. WILCOXON SIGNIFICANCE DISTRIBUTION OF ACCURACY METRICS ON HC3 DATASET

Table 10 summarize the evaluation result on the DAIGT v2 dataset, which contains Al-generated text from
by multiple LLMs. The experimental results shows that the proposed framework achieved an accuracy of
99.40%, and F1-Score of 99.23%, which reflects proposed framework’s ability to accurately classify the text
and balanced classification. It also attains an MCC of 98.74%, Cohen’s Kappa of 98.73% and ROC-AUC of
99.96%, confirms strong correlation between predicted and actual class labels, genuine agreement across
both classes and near-perfect class separation.

TABLE 10. EXPERIMENTAL RESULT ON DAIGT v2 DATASET
Accuracy % | Precision % | Recall % F1-Score % | MCC % Kappa % ROC-AUC %

99.40 99.63 98.83 99.23 98.74 98.73 99.96

Figure 4(a) shows ROC-AUC curve (AUC=0.9996) indicating a near-ideal decision boundary with a true
positive rate approaching 1 at minimal false positive rates. This trend is reaffirmed by the precision-recall
curve (b) which maintain near perfect precision across almost the entire recall range. During training as
shown in (c) and (d), the proposed framework exhibits rapid and stable convergence. Training accuracy
steadily increases from 0.980 to 0.999 around epoch 5 while training loss decreases smoothly from 0.075
to nearly 0 indicating effective optimization. Validation accuracy (e) consistently remains in impressive
range of 0.990-0.994. Although, both the validation accuracy and validation loss (f) curve exhibit
fluctuations across epochs. the proposed framework performs consistently maintain high validation
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accuracy and its near perfect ROC-AUC indicates that these fluctuations have only minimal impact on the
framework’s generalization performance.

0.0 )2 0.4 [ on 1L 00 02 0na o0& on

Recl

a. ROC-AUC Curve b. Precision-Recall Curve

4 H a 10
Epocts

c. Training Accuracy vs Epochs d. Training Loss vs Epochs

0994 4

| -

4 L] ) 10 3 1

e. Validation Accuracy vs Epochs f. Validation Loss vs Epochs

FIGURE 4. COMPREHENSIVE PERFORMANCE EVALUATION ON DAIGT v2 DATASET

Table 11 presents the stratified F1-scores of the proposed framework across different text-length categories
on the DAIGT V2 dataset. Since the dataset contains no texts shorter than 50 words, so the evaluation
primarily reflects performance on medium and long text sequences. The proposed framework performs
exceptionally well on these longer contexts achieving a stratified F1-score of 99.28% on the long texts and
98.54% on medium length text sequences. These results demonstrate that the framework maintains
consistently high classification performance across different text length categories.

TABLE 11. STRATIFIED EVALUATION RESULT ON DAIGT v2 DATASET

Category Sample Count | Stratified F1-Score %
Short (<50 words) 0 0

Medium (50-200 words) | 749 98.54

Long (>200 words) 8225 99.28

The box-plot on figure 4, illustrates the remarkable stability in the accuracy across cross-validation folds.
The scores are clustered within a narrow range of approximately 0.9914-0.9940 with a median close to

0.9935 which indicates the consistently strong predictive performance of the proposed framework under
different data partitions
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Accuracy % | Precision % | Recall % F1-Score % | MCC % Kappa % ROC-AUC %
98.12 98.64 97.12 97.87 96.21 96.20 99.84

At last, framework was evaluated on combined dataset comprising both the HC3 and DAIGT vZ2. As shown
in table 12, it maintained consistently strong performance across all evaluation when compared to that
achieved on the separate dataset evaluation. The proposed framework achieved an accuracy of 98.12% and
the F1-score of 97.87%, demonstrating accurate classification and strong balance between precision and
recall. It also achieved an MCC of 96.21% and a Cohen’s Kappa of 96.20% indicating high agreement
between predicted and actual labels and reliable performance even with class imbalance. Moreover, the
ROC-AUC of 99.84% indicates its near-perfect ability to differentiate Al-generated and human written text
across different thresholds.

TABLE 12. EXPERIMENTAL RESULT ON COMBINED (HC3 +DAIGT v2) DATASET
Precision % | Recall % F1-Score % | MCC % Kappa %

98.64 97.12 97.87 96.21 96.20

Accuracy %
98.12

ROC-AUC %
99.84

Figure 5 shows that the ROC curve (a) achieved an AUC of 0.9984, reflecting the proposed framework’s
discriminative capabilities, while the precision-recall curve (b) maintains precision above 0.98 across
almost entire recall range. These two metrics confirms that the proposed framework reliably distinguishes
Al-generated and Human-written text with excellent accuracy. The framework training accuracy (c)
increases steadily from approximately 95.7% to 99.8% over 10 epochs while training loss declines smoothly
from 0.115 to nearly 0. These trends reflect the quality of the optimization process and no evidence of
convergence difficulties. Validation accuracy (e) improves gradually from 97.6% to approximately 98.35%
in 9t epochs demonstrating that the framework generalizes well. In contrast, the validation loss (f)
fluctuates between 0.059 and 0.0755 throughout the training. However, these moderate fluctuations, are
unlikely affect the framework performance as the validation accuracy remains consistently high and
classification metrics indicate stable generalization.
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The stratified analysis in table 13 shows that the proposed framework’s predictive accuracy even for the
short text (<50 words). It achieved a stratified F1-score of 98.57% for long text (>200 words) and 97.00%
for medium length text (50-200 words) indicating the consistently strong performance regardless of text
length. The box plot in figure 6 demonstrates the framework’s robustness across different fold. Accuracy
remains tightly clustered between approximately 0.9813 and 0.9842 with median close to 0.9830 indicates
very low variability across class validation folds, indicates framework’s consistent behavior and

generalization ability.

TABLE 13. STRATIFIED EVALUATION RESULT ON COMBINED (HC3+ DAIGT v2) DATASET

Category Sample Count | Stratified F1-Score %
Short (<50 words) 451 79.01
Medium (50-200 words) | 5259 97
Long (>200 words) 12902 98.57
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FIGURE 6. WILCOXON SIGNIFICANCE DISTRIBUTION OF ACCURACY METRICS ON COMBINED (HC3+ DAIGT v2)
DATASET
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5. Conclusion

The rapid advancement of large language models has made distinguishing Al-generated text from human-
written content increasingly challenging due to its advancement in generation capabilities. Accurately
identifying the true origin of text has therefore become essential for ensuring content authenticity,
maintaining academic integrity, combating misinformation and supporting trustworthy communication.
The proposed framework HSS-GAT is a memory efficient, hybrid graph-based classification framework for
Al generated text classification that combines graph based structural learning and global semantic feature
representation using IF-IDF. The graph representation is processed through a memory-efficient multi-head
graph attention network to capture local contextual relationships whereas a BiLSTM learns sequential
dependencies from the graph features. In parallel, the semantic features vector is refined using a fully
connected network and both representations are fused to generated a comprehensive feature embedding
for final classification. The experimental results of the proposed framework on both individual dataset and
on combined (HC3+ DAIGT v2) dataset reflects the model ability and consistency of differentiating Al-
generated text across different folds and different length of text. The feature work may focus on refining
node features and incorporating contextual word embeddings to capture better semantic relationships
along with graph-based structural representation.
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