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Abstract
The growing role of citation relations in identifying
research impact has spurred much investigation on
assessing the most cited papers and their roles
within datasets. Due to the richness of the CORA
dataset, this study selects highly cited papers and
measures the results of node classification, as
well as the H-index of research articles. Besides,
it explores the correlations and robustness with
regard to the nodes by computing their chances
and studying their connections. To these ends,
linear transformation was utilized for mapping
low-level node features to high-level, and theGraph
Attention Networks (GAT) for node classification.
The study was able to find highly cited papers and
compute their H-index, which gives insight into
the citation patterns in the CORA dataset. For
instance, Paper ID 12182 reported an H-index of 20,
while a high citation paper index of 35 received 166
citations. On the test dataset, the study achieved
a node classification accuracy ranging from 78.6%
to 82% and an F1 score of 78.14%. Furthermore, 7
nodes of the machine learning domain have also
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been distinguished and categorized according to
their features and their relations within the graph.
In the citation network identified, the present
research detailed the citation interconnection that
characterized the works within the dataset. Our
research mainly focuses on new tasks such as the
extraction of highly cited papers and the calculation
of the H index that improve the comprehension of
the scholarly influence and the citation relation for
future development strategies in citation network
analysis.

Keywords: deep learning, text mining, graph attention
networks, citation, h-index.

1 Introduction
Graphs are widely used to represent complex
relationships in various fields like proteomics [1],
social networks [2], fraud detection [3, 4], traffic
systems [5], and computer vision [6]. They
capture both data and structure, from simple
node-edge structures to more intricate types like
trees, cyclic graphs, and directed acyclic graphs
(DAGs). Applications generally fall into two
categories: graph-focused, where models analyze the
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graph as a whole [7], and node-focused, which target
individual nodes. Advances like random walk models
and RNNs have paved the way for Graph Neural
Networks (GNNs), which handle both types without
heavy pre-processing.
A graph consists of nodes and edges [8, 9]. With
the rise of machine and deep learning, graphs
like knowledge graphs have gained importance in
fields such as the social and natural sciences, and
protein interaction networks [10–13]. Ramsay’s
theorem explains that any large enough graph must
contain either a fully connected subset or a group of
independent nodes, with precise conditions on the
number of vertices [14]. Graphs come in various
forms—hypergraphs, fuzzy graphs, and their directed
or undirected variants. These are further categorized
into cyclic and acyclic types, as shown in Figure 1(c)
and Figure 1(d) [15–18]. Figure 1(b) illustrates how
directed and undirected graphs can also be modeled
as fuzzy cognitive maps (FCMs) [19].
Researchers represented undirected graphs (UDGs)
as symmetric fuzzy cognitive maps (FCMs) using
unweighted edges (value one), as shown in Figure
1(c), with labeled nodes in Figure 1(d). The symmetric
adjacency matrix confirms that UDGs fall within both
UDG and FCM sets [20]. Graphs are useful for
meta-analysis, helping extract knowledge efficiently
[21]. While knowledge graphs (KGs) are widely used
for information retrieval, they often lack completeness.
Graph Neural Networks (GNNs) help capture the
structural patterns in these KGs [22].
Artificial Neural Networks (ANNs), a deep learning
method inspired by the human brain, consist of
input, hidden, and output layers. Each node
passes values with weights and thresholds, as
illustrated in Figure 2. Graph Convolutional Networks
(GCNs), an extension of CNNs, use graph structures
to aggregate information from neighboring nodes.
Known for their expressive power, GCNs have shown
strong performance across various tasks. Recent
developments include graph auto-encoders [23, 24],
generative models [25, 26], attention models [27,
28], and graph recurrent networks [21, 24, 34].
GNNs operate through information diffusion, where
each node (unit) updates its state based on graph
connectivity until reaching stability. These models
apply to both positional and non-positional graphs [35,
36], and have been widely used for node classification
[92, 93, 99–101].
In our work, we adopt Graph Attention Networks

(GAN), which prioritize neighboring nodes based on
learned attention scores [37, 38]. Unlike fixed-weight
approaches like GCN [33] or GraphSAGE [39],
GAN dynamically adjusts weights through attention
mechanisms, as formalized in Eq. 1.

β(k)
nu = Softmax

(
g
(−→a T

[
W (k)H(k−1)

n ||W kH(k−1)
u

]))
(1)

where g(·) is a LeakyReLU activation function, and
’a’ represents the vector for learnable parameters.
The softmax function ensures that the attention
weights sum up to one for all neighbors of the
node ’n.’ Additionally, GAN employs a multi-head
attention mechanism to improve performance on node
classification tasks compared to GraphSage. While
GAN assumes that all attention heads contribute
equally, Gated Attention Networks (GAAN) [40]
introduce a new self-attention mechanism that assigns
different attention scores to each attention head.
Furthermore, GeniePath [41] introduces a new Gating
mechanism, Long Short Term Memory (LSTM), to
observe and control the flow of information across
graph convolutional layers. Figure 3(a) GAN [38]
considers the attention coefficient βij and gives more
weight to important nodes. Figure 3(b) GCN [33]
gives a non-parametric weight βij = 1√

deg(ni)deg(nj)
to

the neighbor nj of ni during the aggregation process.
Where H0

n = yn, the attention weight considers the
strength between the node “n” and its neighbor "u."
Multi-task learning using GANs has been widely
explored across text, image, and video data. Since
most data—about 98%—is raw and unstructured,
organizing it meaningfully is essential for effective
research. Only a small portion (around 2%) carries
valuable knowledge. To extract this, various data
mining techniques are applied, including pattern
discovery, clustering, classification, text mining, and
social network analysis [51, 52, 83–87, 94–98].

Given its strong performance, we focus on applying
GANs for text mining, particularly due to the
challenges of unstructured text data [43, 45, 53, 79].
Key applications include information extraction,
knowledge discovery, and text data mining. However,
high-dimensional and sparse text data—where
documents represent only a small subset of a vast
vocabulary—requires careful preprocessing (as
shown in Table 1 and Figure 3). Each document is
represented as an nr matrix, with entries showing
word frequencies. This sparsity demands specialized
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Figure 1. Visualization of the relationships among different graphs.

dimensionality reduction techniques to ensure
efficient analysis.

Similarly, [49, 102] proposed the process of knowledge
discovery in databases by analyzing the vast
amount of text data and other dominant techniques
employed for (i) Natural language processing and
text pre-processing, (ii) Classify words by using
dictionary-based techniques, and (iii) Classify texts or
textual units with the help of algorithmic techniques
(supervised algorithms) or unsupervised algorithms
[103]. The following are a few techniques that may be
employed for the task of text mining:

• Information Extraction

• Information Retrieval
• Summarization
• Clustering
• Categorization
• Concept Linkage

Moreover, the following are text Mining applications
[54] which are most useful in the following sectors:
• Spam filtering, Patent analysis, Search strategy,

article selection, Print Media, Broadcasting and
Social media, Unsupervised Learning Methods
for Text Data (clustering and topic modeling),
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Table 1. A complete description of the text mining process.
Process Description
Text Document A useful information will be extracted from the document
Text Pre-Processing Different strategies will be implemented for the purification of the data
Text transformation The text will be transformed in a good manner for further process
Feature Selection Consideration of Important and relevant features with respect to the task
Pattern Discovery Extraction of standard patterns from the data with the help of suitable tools
Evaluation Detailed analysis of results collected

Input Layer

Hidden Layer 1Hidden Layer 2

Output Layer

Neural Network Architecture

Figure 2. Neural Networks working and structure.

Hierarchical (Dendogram) Clustering, Latent
Semantic Indexing, and Dimensionality
Reduction methods for Text Mining

• Digital Libraries, Internet and Information
technology sector, Energy, Telecommunications
and other industries, Healthcare, Pharmaceutical
and research companies,

Text mining plays a vital role in various industries by
uncovering unique patterns that support production
and knowledge management. Its application varies
by sector—for example, the publishing industry uses
it for cataloging, while insurance and banking focus
on enhancing Customer Relationship Management
(CRM) systems through automated message routing
and natural language query handling [55, 88–91]. It
also improves information retrieval and powers search
engine responses. Additionally, text mining enables
analysis of citation networks, which is central to our
study. The main contributions of this paper are as
follows:
• We proposed the GraphAttentionNetworkmodel

for node classification on the complete CORA
dataset.

• Researchers extensively worked on probing the
probability of citations from one scientific group
of research papers to another.

• Highly cited papers and in the dataset were also
evaluated.

• H-index of the papers using the CORA dataset is
also considered in this study.

• We also compare our results with state-of-the-art
machine learning models like Random Forest and
Support Vector Machine.

This paper consists of the following sections: Section 2
includes a review of the literature, Section 3 consists
of the Proposed Methodology, Section 4 deals with
Experimental Design, Analysis & Results, and Section
5 is the conclusion.

2 Related Work
Neural Networks boosted recent research in every
field of study. Graph Neural Networks (GNNs)
open a new chapter of success in pattern recognition
& classification for getting more reliable, faster
computation processes. GNN is extensively used for
single / multi-label classification. Graph Attention
Networks (GAN) opened a new era of research that
improves the overall structure by providing variable
weights for every neighboring node. Numerous types
of research have been carried out using GAN for
multiple tasks using text, image, and video datasets.
Researchers used GAN to work on more tasks on
textual datasets than image and video datasets with
GAN. Graph Attention Networks play a vital role in
multiple tasks using textual datasets. It outperforms
when compared with the other best models by a
considerablemargin. A fewpapers use graph attention
networks due to their interest in solving different
scenarios using text datasets.
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Figure 3. The difference is shown between GCN [33] and
GAN [38].

Previous work [56] presented a novel idea for Account
Takeover Detection: Selective Graph Attention
Networks. This model is deployed for fraud
detection by Alibaba Group companies. The graph
attention mechanism within the sequence (GAS)
pulls out inherent successive patterns and illustrates
the account/ context with graph node embedding
and Recurrent Neural Network (RNN). [57, 58]
introduced the novel study for Relevance Matching
between documents and texts using Multiresolution
Graph Attention Networks. Researchers in [57]
considered long documents or short texts for relevance
matching betweenweb searching and query-document
matching information retrieval was a crucial task. An
undirected graph is handy for extracting the structural
information of documents. In undirected graphs,
a vertex represents a keyword, and the degree of
interaction between keywords means the weight of
an edge. Keyword graphs supported [57] for drawing
Multiresolution Graph Attention Network (MRGAN).
MRGAN learned the multi-layered representation
of vertices with the help of a Graph Convolutional
Network (GCN), and it outperformed other models
when compared.

Previous work [59] employed a Graph Attention
Network to explore interactive information from
text and Knowledge Graph for text entailment.
Previous studies have found that textual entailment
is used to extract context information from the
sentences instead of complete knowledge without
considering the background information. Recognizing
textual entailment (RTE) architecture devised for
a background knowledge interaction by [59], as
it provides an opportunity to capture background
knowledge regarding assumptions and hypotheses by
external KG. [59] explored that KG subgraphs pay
attention to encoding by graph attention networkswith
the help of graph-based entailment inference, and it
outperformed the other models when compared.

Previous work [60] proposed a novel study for Deep
Latent Representation of Multifaceted Social Effects
in Recommender Systems by Dual Graph Attention
Networks (DGAN). In this study, [60] described
that DGAN consists of two parts: user-specific/
end-user attention weight, developed as its first part,
and dynamic, as well as context-aware attention
weight, developed as its second part. Moreover,data
sparsity and cold start problems are faced by
conventional collaborative filtering (CF) methods
when employed for a recommendation system, but
social recommendation systems may overcome them.
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When considering the user’s arena, friends may
influence each other, like social influence and social
homophily. The proposed model is equivalent to two
dual graph attention networks: one dual GAT for users,
which includes GAT to consider the social influence
and study social homophily, and the second one is
a dual GAT for items. Moreover, it outperformed
the other models when compared. [61] projected the
novel idea for Session-based social recommendation
in online communities using Session-Based Social
Recommendation via Dynamic Graph Attention
Networks. Many pieces of research have already
been carried out using Poisson or Gaussian matrix
factorization. The proposed model by [61] collects
user behavior using RNNs within a session and
also deploys three kinds of recommender systems as
well as compared by DGRec: (i) Classical methods,
(ii) Social recommender system, (iii) session-based
recommendation methods. The researchers found that
Dynamic GAT outperformed other employed models.
[62] introduced the novelmodelHeterogeneousGraph
Attention Networks (HGAN) for semantic-level and
node-level attention, and it will acquire knowledge of
the critical nodes and their meta-paths. GAT leverages
the attention mechanism for unique types of nodes
or links, known as a homogeneous graph, and uses
the concept of neural graph networks. The value of
each meta path may be learned by Semantic-level
attention and assigned suitable weights. Different
attention weights are considered for each node at
node-level attention depending on the importance
of meta-path-based neighbors. Graph Attention
Networks are employed to learn the importance of
nodes and their neighbors. They use neighbors to
accomplish the node classification and embedding
of heterogeneous graphs, focusing on maintaining
meta-path-based structural knowledge. HGAN
outperformed the other models when compared.
[63] presented the novel idea for recommendation
using a Knowledge Graph Attention Network (KGAT).
Path-based and regularization-based are two types
of Collaborative knowledge graphs (CKG) structures
for the recommendation. KGAT architecture has two
models to address the concerns in high-order relation
modeling: (i) Attention-based aggregation and (ii)
Recursive embedding propagation. Attention-based
aggregation considers the neural attention mechanism
during propagation and learns the weight of nearby
nodes. Cascaded propagations have attention
weights and can unveil the value of high-order
connectivity. Recursive embedding propagation
modifies a node’s embedding depending on its

nearby nodes’ embedding and subsequently executes
such embedding propagation to acquire high-order
channels in a linear time complexity. KGAT
outperformed the other models when compared.

Previous work [64] proposed a model for Reasoning.
The model is Probabilistic Logic Graph Attention
Networks, and its purpose is to apply this model
in Node classification and link prediction on graphs.
Nowadays, an open area of research is Knowledge base
completion graphs, which include the prediction of
lost relations among entities in a knowledge graph.
First-order logic and Markov logic networks drive the
link prediction and question-answering related tasks
of knowledge graphs. However, it has limitations
relative to scalability and broader applicability in
diverse areas of research due to intractable inference.
Node classification and link prediction are complex
tasks of knowledge graphs that get better results when
they dealwith graph attention neural networks, as they
also consider features of neighboring entities. [64]
proposed model is a refined model with a variational
EM algorithm characterized by a Markov logic
network, and it helped a lot to combine graph attention
networks and first-order logic expeditiously. The
proposed model outperformed the other models when
compared. [65] gave the new document classification
model and expressively purified the imported word
embeddings using Graph Attention Topic Modeling
Network (GATON). Probabilistic Latent Semantic
Indexing (PLSI) produces generative patterns for
the text collection, describing the document as
a bag of words. However, it faces overfitting
and high inference complexity issues and needs to
consider the contemporary correlations in Latent
Dirichlet Allocation (LDA). [65] provided a novel
technique in which input is provided with amortized
inference using word embedding to control the
overfitting problem of PLSI. Researchers displayed
the relationship between graph neural networks
(GNNs) and the generative stochastic block model
(SBM), primarily graph attention networks (GAT).
[65] noticed that the pLSI could be seen as SBM on
a particular bi-partite graph, and it is observable that
nodes have two types, i.e., documents and words. To
overcome the limitations of i.i.d. data supposition of
vanilla amortized inference, [65] proposed a novel
GATON architecture for correlated topic modeling.
GATONdevelops the graph topologywith the bilateral
graph of documents and words, and it investigates the
topic framework by convolving the node attributes
over the graph with an attention mechanism. The
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proposed model outperformed the other models when
compared.

Previous research [66] introduced a novel idea for
the Early Detection of Rumors using Heterogeneous
Graph Attention Networks on Twitter. Exciting
features were extracted using data mining techniques
from user profiles, text content, and different patterns
of information. [66] employed a heterogeneous
framework that structures the sources used to
propagate rumors and text content. It consists of a
word, tweets, and user nodes. It captures the global
semantic relations of text contents and fuses them
with the information entangled in the source used
in the propagation of tweets for rumor detection.
The proposed model outperformed the other models
when compared. [67] presented the novel architecture
for Citywide Traffic Flow Forecasting, enabling
Spatial-Temporal Convolutional Graph Attention
Networks. Spatial-temporal forecasting exploited
geo-anomaly prediction, ride-hailing demand
management, and user location prediction. The
government will manage the transportation system
with the help of proper foresight of citywide traffic
flow.

Previous research [69] proposed the idea of Learning
Signed Network Embedding via Graph Attention
(SNEA) for Node Embeddings instead of Node
Features. Many pieces of research have already been
carried out for unsigned networks (consisting of only
positive links) using GCN-based network embedding.
[69] studied traffic forecasting using global
region-wise dependencies and multi-granularity
temporal dynamics employing a structured attention
network, self-attention module, and graph attention
subnet. It simultaneously models global inter-region
traffic dependencies and multi-granularity temporal
dynamics. The proposed model outperformed the
other models when compared. [70] deployed a model
SR-HGAN for node clustering, classification, and
relation prediction. The SR-HGANmodel consists of
two layers, in which the core task of the primary layer
is to assign attention weights to nodes and consider
their symmetric relation. Moreover, considering
the symmetric relation for various assignments, the
secondary layer assigns weights to latent semantics.
The two-layer mechanism is used to learn attention
values and hierarchically obtains the ideal composite
of neighbors and several proportionate relations. The
proposed model outperformed the other models
when compared. [71] explored the Recommendation
system with Multimodal Graph Attention Network

(MGAN). The MGANmodel considers the customer’s
preference and performs extensive analysis for
an item’s suitability for a user. MGAN employs
a novel framework of GCN that will acquire a
high-order representation for forecasting and provoke
information duplication. Furthermore, it adopts GNN
to accumulate knowledge from neighboring nodes
and amalgamate the accumulated outcomes with
the knowledge of the head entity node. Afterward,
MGAN concatenates different order representations of
nodes to discriminate various contributions of orders
and uses a gated attention mechanism to process them
smoothly. The proposed model outperformed the
other models when compared.

Reference [72] explored the model for Fraud
Transactions Detection by using Intention-aware
Heterogeneous Graph Attention Networks (IHGAN).
The proposed model is designed to influence
transactions and intentions using cross-interaction
information. It contains two kinds of nodes, intention
and transaction nodes, and transaction and intention
are two types of edges. A sequence-based model
is utilized for encoding every intention node due
to its sequential actions for fraud detection, and
the segmentation process is carried out keeping
in view the identical behavior sequences using a
sequence-based model. An attention mechanism is
assumed to accumulate the intended neighbors for
a target transaction. Finally, it continuously collects
the transaction neighbors by a multi-head graph
attention layer. The proposed model outperformed
the other models when compared. [75] projected
an idea of Aspect-based Sentiment Analysis (ABSA)
with Weighted Relational Graph Attention Network
(WRGAN). The task of ABSA is to ascertain the
polarities of different aspects in one sentence. A
relational graph attention network (R-GAN) is a type
of GAN that considers diverse dependency relations.
At the same time, it disregards the information
concealed in the word pairs, and the WRGAT model
is an over-reshaped dependency tree. WRGAN can
manipulate precise syntactic information by joining
features from dependency relations and their relative
pair of words. The BERT-WRGAN framework is
deployed for the ABSA task, where the BERT model is
utilized to develop sentence-aspect pair embedding as
inputs to the WRGAN. In addition, an index selection
method is used to retain the word-level dependencies
consistent with the word-piece unit of BERT. The
proposed model outperformed the other models when
compared.
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As reported in [74], the Heterogeneous Graph
Attention Networks (HGAN) model was employed
for semi-supervised short text classification. The
proposedmodel dealswith both labeled and unlabeled
data, enabling information to spread along the graph.
The output of the HGAN model corresponds to the
probabilities of a short text belonging to each text
group. The proposed model outperformed the other
models when compared. [76] introduced the model
Hierarchical Graph Attention Networks (HGAN),
which is used for the collection of reliable information
without taking into account whether these two data
entities belong to the same entity or not. Collective ER
models and Pairwise ER models are two kinds of ER.
A heterogeneous hierarchical Graph (HHG) is used
to find entities, their attributes, and words. Another
task of HHG is to draw the relationship among the
entities; these relationships are similar to entity-entity
relationships, attribute-entity relationships, and
token-attribute relationships. The explored model
is the Hierarchical Graph Attention Transformer
(HierGAN), which amalgamates the Transformer
attention mechanism and the HGAT model for
node representations in HHG. The proposed model
outperformed the other models when compared.

Reference [73] deployed a model for Short Text
Generation Based on Adversarial Graph Attention
Networks (SGANGAN). GAN (Generative Attention
Nets) is used in the proposedmodel as a discriminator,
creating a solid relationship among texts of the same
type. The graph attention neural network is deployed
in the proposedmodel as the discriminator in response
to remarks, and it will lead the generator to an actual
location for generating a particular type of short text.
[68] deployed the idea for top-N recommendation
using Disentangled Heterogeneous Graph Attention
Network. To encode collaborative signals among
customers and objects, [68] leverages embedding
propagation to expressly contain

Note: Table 2 contains the different evaluation
metrics used by authors for their result analysis and
discussions, but all authors did not use all metrics,
so those metrics represented with "x" as well as a
few researchers did not use any evaluation metrics
which we considered for comparison for our study.
Therefore, those studies are not included in Table 2,
but the description is provided. context statistics with
rich semantic structure via the use of meta relations
for decomposing high-order connectivity in HIN and
advise a disentangled embedding propagation layer

to accumulate remarkable components of semantic
data for customers and items, respectively. The
proposed model can spontaneously generate meta
paths with semantic information while drawing
the central aspects of fact flows in excessive-order
connectivity.
However, the links have different polarities, e.g.,
positive and negative, in the real world, so these
types of networks are signed. Since negative and
positive links have different properties from one
another, considering only negative links harms the
excellence of network embedding. SNEA exploits
masked self-attentional layers to accumulate more
significant knowledge from neighboring nodes to
develop the node embeddings built on balance theory.
Researchers found that different models embedded
with the Graph Attention Network (GAN) for
classification show the best performance in multiple
domains like sentiment analysis, fraud detection,
recommendation systems, vehicle detection, person
identification, etc., using textual, image, or video
datasets. Drawing a conclusion or inferring the
data context is challenging, as textual data is sparse.
Therefore, we are interested in text mining using
Graph attention networks on the Cora dataset. We
will find an essential node concerning its neighbors,
and that node will draw a context of the class to
which it belongs. We will perform a thorough analysis
and discover the seven nodes, each comprising many
features, which are scientific publications that cite one
another. The study will also emphasize extracting
highly cited papers and calculating the H-index using
the CORA dataset. These are the novel tasks that the
researchers will perform on the CORA dataset.

3 Methodology
The proposed model employs Graph Attention
Networks (GANs) for text mining, with a focus
on node classification within a dataset. The
pre-processing stage involves calculating node vectors
for the dataset. GANs are then utilized to classify the
data and generate scores based on the significance of
different classes. Themodel uses a single ormulti-head
attention mechanism to extract information with the
same context. After the computation process, GANs
produce unique class labels that correspond to various
label occurrences within the dataset. The dataset is
split into training and testing subsets to evaluate the
model’s performance. The flowchart illustrating the
process of text mining using GANs is depicted in
Figure 4.
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Table 2. Description of text data sets using graph attention networks.

Authors Datasets Accuracy FI Score Precision Recall AUC NDCG

[56] Alibaba Group 0.57 0.22 x x x x
[57] The NF Corpus 0.9407 0.9533 x x x x

Ohsumed 0.8075 0.8118 x x x x
[59] SciTail 0.86 x x x x x
[60] Epinions x x 0.7781 x x x

WeChat Top-Story x x 0.0823 x 0.8165 x
Douban x x x 0.1861 x 0.1959

[61] Delicious x x x 0.4066 x 0.2944
Yelp x x x 0.0842 x 0.1427
ACM x x x x x x

[62] IMDB x x x x x x
DBLP x x x x x x
Yelp x x x 0.0712 x 0.0867

[63] Amazon book x x x 0.1489 x 0.1006
Last-FM x x x 0.087 x 0.1325

[65] 20 News x 0.85 0.859 0.842 x x
Reuters x 0.977 0.975 0.979 x x

[66] Twitter x 0.6834 x x 0.9829 x
Bitcoin Alpha1 x 0.927 x x 0.861 x

[69] Bitcoin OTC2 x 0.924 x x 0.818 x
Slash dot4 x 0.868 x x 0.799 x
Epinions3 x 0.933 x x 0.861 x
DBLP x x x x x x

[70] Amazon book x x x x x 0.2198
Movielen x x x x x 0.3913

[71] Tiktok x x 0.1251 0.5965 x 0.3838
MovieLens x x 0.1271 0.5412 x 0.3251

[72] Alibaba Group x x 0.2744 0.9687 x
Laptop14 0.8213 x x x x x

[75] Restaurant14 0.8661 x x x x x
Twitter 0.7673 x x x x x
MAMS 0.8436 x x x x x
AGNews 0.721 0.7161 x x x x

[74] Snippets 0.8236 0.7444 x x x x
Ohsumed 0.4268 0.2482 x x x x
TagMyNews 0.6172 0.65381 x x x x
MR 0.6275 0.6236 x x x x
Twitter 0.6321 0.6248 x x x x
AGNews 0.7023 0.6843 x x x x
Snippets 0.794 0.7769 x x x x
Ohsumed 0.4208 0.2571 x x x x
TagMyNews 0.582 0.4977 x x x x
MR 0.6118 0.5977 x x x x
Twitter 0.626 0.6047 x x x x
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Figure 4. Flow chart of text mining using GAN.

3.1 Dataset
The proposed Graph Attention Networks method
for text mining was experimented on the
benchmark “Cora” dataset, which is publicly
available at the Cora Dataset. It contains 2708 i.e
Case_Based, Genetic_Algorithm, Neural_Networks,
Probabilistic_Methods, Reinforcement_Learning,
Rule_Learning and Theory are machine learning
papers. The dataset consists of two files with
the extension of .content file, which contains the
description of the paper in the < paper_id >,
< word_attributes >+< class_label > format.
Moreover, a unique string ID is shown in the first
line of the paper, and it is shown as a binary number
(indicated by 1) if each word is available in the
vocabulary or (indicated by 0) if the number is absent
in the vocabulary and paper class is represented by the
last line. Furthermore, citation graphs of the corpus
are contained in the other file, i.e., the “cite” file. Each
line describes a link in the <ID of cited paper><ID
of citing paper>format is represented in each line,
and it works as a link among them. A strategy was

developed in such a way that another paper should
cite every paper in the corpus. The corpus contains
2708 papers and 1433 unique words, which were
attained by pre-processing steps. It is pertinent to
mention that those words with a document frequency
of less than ten were removed.

3.2 Cleaned Dataset in the form of Node Vectors
The cleaned dataset received after the pre-processing
step is now pure from anomalies, and the dataset
contains a total of 2708 nodes N iε<F , and each node
contains ‘n’ features. Eq. 2 shows that the nodes
contain differentmachine-learning paperswith unique
characteristics/ features.

N1 = {f11, f12, f13, . . . , f1n}
N2 = {f21, f22, f23, . . . , f2n}
N3 = {f31, f32, f33, . . . , f3n}

...
Nn = {fn1, fn2, fn3, . . . , fnn}

(2)
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3.3 Dataset Split into Train/ Test sets
The purpose of splitting the data into two parts is to
avoid overfitting. Therefore, the researcher split the
dataset into two sets: 50 percent for training and 50
percent for the testing phase.

3.4 Simple Linear Transformation
Linear transformation remodels the low-level input
features into higher-level features by providing
weights to the input features. Therefore, shared linear
transformation, parametrized by a weight matrix,W ∈
<F́×F , is applied to every node shown in Eq. 3.

N ′i = WNi (3)

where N ′i is a new set of node vectors potentially of
different cardinality F ′ and N ′i ∈ <F

′which is shown
in Eq. 4.

N ′1 = f ′11, f
′
12, f

′
13, . . . , f

′
1n}

N ′2 = {f ′21, f
′
22, f

′
23, . . . , f

′
2n}

N ′3 = {f ′31, f
′
32, f

′
33, . . . , f

′
3n}

...
N ′n = {f ′n1, f

′
n2, f

′
n3, . . . , f

′
nn}

(4)

3.5 Graph Attention Layer Mechanism
3.5.1 Attention Layer Mechanism
The novel idea of an attention mechanism was floated
by [105], and the idea of an attention mechanism came
into existence to address the bottleneck problem that
arose with the usage of a fixed-length encoding vector,
where the decoder provides minimal information from
the input vector. Thus, this idea works well to address
the limitations of graph convolutional networks by
providing a score of attention weights to its neighbors
for their importance for full nodes. Therefore, the input
to the layer isN = N1, N2, N3, . . . , Nn, whereN ∈ <F .
where “n” is the number of nodes, each containing
several features “F.” The layer produces a new set of
node features Ńi= Ń1 ,Ń2 ,Ń3, ·,Ńn , where N i are set
of output nodes. The whole process in this layer is
shown in Figure 5.
Moreover, the attentional layer is broken into the
following three parts:-
• Attention Coefficients
• Normalization
• Aggregation

Figure 5. Attention layer mechanism.

• Attention Coefficients: After the linear
transformation process, an un-normalized
attention score between any two neighbors will
be calculated. In this scenario, a concatenation
process will be implemented on Ni embeddings
of two nodes, and we use the ‖ symbol for
concatenation. Then, we will take a dot product
of it with the learnable weight vector a. After
doing this, we will use the LeakyReLU activation
function. Moreover, a shared attentional
mechanism like the self-attention mechanism
on the nodes is used, i.e., a : RF ′ × RF → R to
compute attention coefficients µij to compute
attention coefficients µij . The attention coefficient
is an important and essential step, which
calculates the importance of node Nj ’s features
to node Ni. It is an essential step as it considers
that every node in the corpus will attend
to another node without considering the
structural information of the neighboring nodes.
Furthermore, Eq. 5 defines the attentional
coefficients as:

µij = LeakyRelu(−→a T (Ni ||Nj)) (5)

• Normalization: In the next process level, a
softmax function is implemented on Eq. 5 as we
canmake the coefficients comparable among all “j”
nodes. Eq. 6 is used for normalization purposes.

βij =
exp(µij)∑

k∈Ni
exp(µik)

(6)
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• Aggregation: Aggregation step is similar to that
used in GCN. Attention scores are used for scaling
the embedded neighbors, and these neighbors are
aggregated as in Eq. 7.

N ′′1 = σ(
∑
jεNi

βijN
′
j) (7)

• Single/ Multi-Head Attention Mechanism:
Similar to Convolutional Networks, GAN also
uses a multi-head attention mechanism for two
purposes: first, to enrich the capacity of the model
and, secondly, for the stability of the learning
process. Therefore, “K” independent attention
mechanisms execute the transformation of Eq. 6,
and their output may be aggregated based on the
requirement. Thus, concatenation shown in Eq. 8
is used for intermediary layers, and the averaging
concept is used for the final layer as shown in Eq.
9.

N ′′i = ||Kk=1 σ(
∑
jεNi

βkijN
′
j) (8)

N ′′1 = σ(
1

K

K∑
k=1

∑
jεNi

βki,jN
′
j) (9)

Suppose d(Ni) = 64, K = 4, then d(Ni,k) = 16
using Eq. 8. Hence, each "head" is responsible for
16 dimensions.

4 Experimental Design, Analysis, and Results
The researchers collected the Cora citation dataset
from https://linqs-data.soe. and another link is
https://relational.fit.cvut.cz/da taset/CORA [80–82]. This
study aims to extract highly cited papers from the
Cora Dataset, consisting of directed graphs that make
a citation link between the documents belonging to
different classes. This study also seeks to classify the
dataset based on graph attention networks. The path
to achieving the goals mentioned above is as follows:
• Node classification using graph attention

networks on the CORA dataset
• H-index on Cora dataset and extraction of highly

cited papers from the pool of citations, i.e., CORA
dataset

Now, revising the study’s preface, the previously
implemented models do not include the citation as
a parameter for the model to be trained on, while our
approach considers the citation as a part of the dataset
for training.
The dataset is followed by 2708 scientific publications
collected in graphs, as shown in Figure 6, and classified
into seven nodes or classes.

Figure 6. Graph representation of the Cora dataset.

The description of the dataset is given as follows:
• (5429, 2) edge shape represents the links between

the papers with two key features
• Node features of shape (2708, 1433)
• The articles are classified as binary classes in

which "0" represents a paper not existing and "1"
illustrates an article exists

The dataset consists of two files: Cora citations and
Cora content. Cora sites consist of two features, namely
“target” and “source,” while core content consists
of paper_id along with its features and belonging
classes. The data set was processed in pre-processing
steps, and null or empty values were removed. To
achieve high-level features from low-level features, the
following techniques were applied:
• Pre-processing the given dataset
• Applied one-hot encoding on the dataset
• Applied linear transformation of one-hot encoded

data
• Separating features and labels into different

variables
• Train / Test split with a ratio of 50:50

The implementation of Graph attention networks for
node classification achieves the goal. The steps to
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Table 3. Probability of intra-classes for citation (in decimal form).
P(CB) P(GA) P(NN) P(PM) P(RLg) P(RL) P(Theory)

P(CB) 0.96041 0.00031 0.00016 0.01562 0.00052 0.165761 0.05689
P(GA) 0.00551 0.99861 0.00001 0.00542 0 0.01698 0.04226
P(NN) 0.00139 0.00002 0.98854 0.50645 0.00059 0.08024 0.19832
P(PM) 0.00656 0 0.00519 0.41824 0 0.17988 0.54079
P(RLg) 0.00238 0.00031 0.00148 0.01641 0.99764 0.01584 0.03134
P(RL) 0.01942 0.00071 0.00077 0.00502 0.00026 0.49422 0.04427
P(Theory) 0.00432 0.00004 0.00386 0.03284 0.001 0.04713 0.08612

implement the GAT module are as follows:

• Dataset

• Pre-processing

• Dataset Split

• Simple Linear Transformation

• Application of Graph Attention Networks for
Node Classification and Graph Representation

• Finding the Citation Probability of Each Paper on
a Node to Another Node

• Extraction of H-index and Highly Cited
Papers from the Pool of Citations and Graph
Representation of Highly Cited Papers

The graph representation of the overall dataset depicts
the paper, citing each other using directed graphs. The
graph can be seen in Figure 7.

The graph attention mechanism was implemented
for computing pairwise attention scores, and then
the scores were normalized. The node states of the
neighbors and applied attention scores to it, and
the aggregation results achieved by neighbors were
aggregated. The implementation mentioned above
achieved the following results:

• Researcher used the LeakyRelu activation
function and kernel attention function with eight
heads

• The results were compiled by concatenating the
individual results

• After testing the implemented model, the
researchers achieved an accuracy that fluctuates
from 82% to 78.6%, F1 Score 78.14% on the test
data set for node classification [78], [104]

• The probability of a paper belonging to each class
was also calculated

As we observed, the achieved accuracy is
comparatively lower than the previous model
by a margin of 1% and 4.6%. To justify the loss in
accuracy, we will counter by stating that the previous
author has exempted the CORA citation file from
the CORA dataset. In our case, the citation has
increased the intra-class confusion, which causes
accuracy to drop, as it can be visible in the table
and the probability of each paper to each class as
shown in Table 3. The graph representation of the
node-classified papers citing each other using directed
graphs. The graphs can be seen in Figure 8. We found
the highly cited papers as shown in Table 4, and they
follow the order of citation in the graph:

Table 4. Highly cited papers extracted from the CORA
dataset.

Paper_ID Rank No of Citations
35 1 166

6213 2 76
1365 3 74
3229 4 61
114 5 42
910 6 41
4330 7 38
1272 8 32
3231 9 32
4584 10 32
19621 11 31
2440 12 30
24966 13 29
2665 14 28
6214 15 28

The results validated the purpose of this research, and
after the deduction of complete graphs, we found
the H-index of the paper from the pool of citations.
Paper_ID: 12182 in the Cora data set has a highH-index
(20) as the H-index uses two parameters: (i) Quantity
– Number of papers, (ii) Quality – Number of citations.
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Figure 7. Complete graph drawn with node classification.

Moreover, the researcher found that paper_id 35 is
a highly cited (166) paper in the pool of citations.
Furthermore, 15 highly cited papers are shown in
Figure 8 and Table 4.

4.1 Comparative Study of Proposed Model With
Machine Learning Models

The researcher implemented a support vector machine
and random forest classifiers for the proposed task
and compared their results with the Deep Learning
(ML) based model, i.e., Graph Attention Networks,
and found that the proposed study outperformed
both ML models with clear margin as shown in
Figure 9. Therefore, we recommend that the deep
learning-based model will provide better results for
CORA and other citation datasets.

5 Conclusion and Future Scope
The goal of this study and the novelty of the research
is to observe and closely study the relationships
among different papers on separate nodes for node
classification and to extract the highly cited papers.
Moreover, this task was extended, and the H-index on
the CORA dataset was evaluated. To accomplish these
objectives, we thoroughly analyzed the citation dataset,
which is a citation network. The primary task in this
data set was node classification, extracting highly cited
papers, and calculating the H-index.

The structural characteristics of the citation network
itself have a very complex architecture and need
particular emphasis for performing the required task.
This research includes the study of bonding among the
different nodes by evaluating the probability of each
node to other nodes and comparing its relationship
with other nodes. We achieved a fluctuating accuracy
range from 82% to 78.6% and an F1 Score of 78.14% on
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Figure 8. Extraction and visualization of highly cited papers.
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Figure 9. Comparative analysis (Accuracy (%)) of graph
attention network model with machine learning models.

the test dataset, which is comparatively less than the
already achieved accuracy by a margin of 1% to 4.6%
by applying graph attention networks. Still, they only
used one part of the dataset and ignored the other for
node classification. On these grounds, the accuracy we
achieved is much better than the already established
accuracy on the benchmark CORA dataset. Moreover,
we successfully extracted highly cited papers and
H-index from the CORA dataset. This study found
seven nodes consisting of machine learning papers,
but with different classifications. Moreover, the
researcher found a high H-index of paper_ID 12182
in this study, and highly cited papers have paper_id
35. Therefore, this study provides the inner sense of
citation network structure and the influence of one
paper on another in the node. Moreover, this research
will open avenues, such as investigating the potential
impact of incorporating domain-specific knowledge
into the node classification process. This could involve
developing novel feature extraction techniques that
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leverage domain-specific information or exploring the
use of domain-specific ontologies to guide the node
classification process. Furthermore, in the future, we
will explore and develop novel methods for assessing
the reliability of citation data in scientific publications.
In addition, in the future, we will expand our study
to other standard datasets like Citeceer, PubMed, etc.
This could involve using machine learning techniques
to identify and flag potentially unreliable citation
information or exploring the use of crowd-sourcing or
expert reviewers to validate citation data.
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