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ABSTRACT

Multi-label text classification is a critical challenge in natural language processing, where the goal is to assign
multiple labels to a given document. Recent advances have primarily focused on deep learning approaches, yet
many fail to adequately capture the intricate relationships between documents and labels. In this paper, we
propose a novel method called MultiCGCN, in which we leverage Graph Convolutional Networks (GCNs) for
multi-label text classification by modeling text as a heterogeneous graph. This unified graph incorporates
document similarities, label relationships, and document-label associations, enabling the model to effectively
capture both document and label dependencies. We transform the multi-label classification problem into a link
prediction task, using Term Frequency—Inverse Document Frequency (TF-IDF) for document similarity and
applying GCNs to predict label assignments. Our empirical evaluations demonstrate that MultiCGCN achieves
a significant performance boost, improving F1 score by 10% over traditional baseline models. This approach

opens new avenues for enhancing the accuracy of multi-label classification in various domains.
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1. Introduction

Multi-label text classification is a fundamental
task in natural language processing (NLP) that
involves assigning multiple labels to a given text
document. This task is essential in various modern
applications such as document categorization, where
documents need to be classified into multiple
categories; tag recommendation, where multiple
relevant tags are suggested for a piece of content; and
textual recommendations, where multiple
recommendations are provided based on the content
of the text. The complexity of multi-label text
classification arises from the need to handle the
interdependencies and correlations between different
labels, which is not a concern in single-label
classification where each document is assigned only
one label [1-3].

Previous approaches to multi-label text
classification have faced several challenges and
limitations. Traditional methods often rely on simpler
models such as Bag of Words (BoW) or Term
Frequency-Inverse Document Frequency (TF-1DF),
which primarily focus on the frequency of words
within the text and do not capture the semantic
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relationships between words. These models treat each
word independently and fail to consider the context
in which words appear, leading to a loss of important
information about the relationships between words
and labels. Additionally, many existing methods
predict each label independently, without considering
the potential dependencies and correlations between
labels. This independent prediction approach can
result in suboptimal performance, as it ignores the
valuable information that can be gained from
understanding how labels are related to each other [4,
5].

Our contribution is the proposal of a novel
method for multi-label text classification, named
MultiCGCN, which utilizes Graph Convolutional
Networks (GCNs) to model the complex
interdependencies and correlations between labels.
Despite  advancements in  multi-label  text
classification, many existing methods treat labels as
independent and fail to capture the relationships
between them. Recent research has emphasized the
importance of modeling label dependencies to
improve classification performance. Our approach
first discovers the relationships between texts and
transforms the multi-label problem into a link
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prediction task. By leveraging GCNs, MultiCGCN
captures the structural dependencies between labels,
offering a more accurate and comprehensive solution
for label prediction.

The structure of this paper is as follows: Section
2 reviews prior research on stance detection. Section
3 describes the proposed method and our main
contribution in detail. Section 4 presents the
empirical results. Section 5 includes a discussion of
the results and proposes promising directions for
future research.

2. Related Work

Text classification has gained significant
importance due to the increasing volume of textual
data. In this context, we categorize previous works
into three main categories. These categories include
traditional text classification methods, deep learning
approaches, and graph neural networks.

2.1. Traditional Text Classification

Traditional text classification research has
primarily focused on two areas: feature engineering
and classification algorithms. Feature engineering
often relies on the bag-of-words approach, which is
the most commonly used feature. However, this
model, along with other traditional features like n-
grams [6] and ontology entities [7], has its limitations.
These features are often static, failing to capture the
dynamic nature of language, and can miss the context
or semantic relationships between words. In addition
to these traditional methods, some research has
explored transforming texts into graph structures.
This involves applying feature engineering to both
the graphs and their subgraphs [8-12]. While these
methods are innovative, they can be complex and
computationally intensive. Despite their potential,
they often require significant computational
resources and are often challenging to implement
effectively. Our method distinguishes itself by
learning textual representations through node
embeddings, which dynamically capture the nuances
of language use. Unlike traditional static features,
node embeddings can adapt to the dynamic nature of
language, providing a more flexible and accurate
representation of text. This approach not only
addresses the limitations of traditional methods but
also leverages the strengths of graph-based
representations to capture complex relationships
within the data.

2.2. Deep Learning for Text Classification

Deep learning approaches to text classification
can be divided into two main categories. The first
category focuses on models based on word
embeddings [13-18]. Many studies have shown that
the success of deep learning in text classification
largely depends on the effectiveness of these word
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embeddings [19-21]. Some researchers aggregate
unsupervised word embeddings into document
embeddings before classification, while others learn
word/document and document label embeddings
concurrently [22, 23]. The second category employs
deep neural networks, specifically Convolutional
Neural Networks (CNNs) and Recurrent Neural
Networks (RNNs). CNNs, adapted from computer
vision applications to one-dimensional convolution,
have been used for sentence classification [3].
Character-level CNNs have also shown promise in
capturing fine-grained textual features [24, 25]. On
the other hand, Long Short-Term Memory (LSTM)
networks, a type of RNN, have been utilized to learn
text representations by capturing long-term
dependencies in sequences [26-28]. To enhance
model flexibility and performance, attention
mechanisms have been integrated into text
classification models [29, 30]. Recent studies have
even adopted transformer-based models, which have
shown superior performance in various NLP tasks
[31-33]. However, these deep learning approaches
have their drawbacks. They require large amounts of
data to train effectively and can be opaque, making it
difficult to interpret how decisions are made.
Moreover, they are resource-intensive, often
necessitating  significant computational power.
Transformers, while powerful, can sometimes be
overly complex for certain tasks and may not always
outperform simpler models [34, 35]. Additionally,
they can suffer from attention diffusion, where the
attention mechanism becomes less effective as the
input sequence length increases. Unlike these
methods, our approach learns the relationships
between labels and documents as nodes, offering a
more dynamic and interpretable framework for text
classification. By leveraging graph neural networks,
we can capture complex relationships and
dependencies within the data, providing a more
holistic understanding of the text. This innovative
approach not only addresses the limitations of
traditional methods but also leverages the strengths of
graph-based representations to capture complex
relationships within the data.

2.3. Graph Neural Networks

The field of Graph Neural Networks (GNNs) has
garnered increasing interest in recent years [36-41].
Several researchers have extended established neural
network models, such as CNNs, which are
traditionally applied to regular grid structures (like
2D meshes or 1D sequences), to accommodate

arbitrarily  structured graphs. In a seminal
contribution, Kipf and Welling introduced a
streamlined GNN variant known as Graph

Convolutional Networks (GCNs), which set new
benchmarks in classification performance across a
range of graph datasets [42, 43]. GCNs have also
been applied to various Natural Language Processing



(NLP) tasks, including semantic role labeling [44],
relation classification [45], and machine translation
[46]. These applications leverage GCNs to capture
the  syntactic  structures  within  sentences,
demonstrating their versatility and effectiveness in
handling different NLP tasks. For text classification,
GNNs have been previously investigated. These
approaches typically represented documents or
sentences as graphs composed of word nodes [47], or
they depended on the less commonly available
document  citation relationships  for  graph
construction [42, 48-52]. In contrast, our method for
constructing the corpus graph treats both documents
and labels as nodes, forming a heterogeneous graph.
This approach eliminates the need for inter-document
relationship data, which can often be sparse or
unavailable. By incorporating labels directly into the
graph structure, our method captures the relationships
between documents and labels more effectively,
providing a richer and more detailed representation of
the text data. Our approach not only addresses the
limitations of previous methods but also leverages the
strengths of GNNs to capture complex relationships
within the data. This innovative method paves the
way for more accurate and sophisticated text
classification models, highlighting the importance of

considering both local and global semantic
information.
In  previous works on multi-label text

classification, the relationship between documents
and labels has often been overlooked, with many
approaches treating the labels as independent of each
other. These methods typically rely on shallow
models that do not fully exploit the potential
interdependencies between labels, which can result in
suboptimal performance, especially in complex
datasets. In contrast, our proposed approach aims to
address this gap by utilizing graph-based methods
and Graph Neural Networks (GNNs). By modeling
the relationships between documents and their
associated labels as a graph, our method captures
these dependencies and enhances the prediction
accuracy, ultimately improving the performance of
multi-label classification tasks.

3. Proposed Method: MultiCGCN

We propose a novel method called MultiCGCN
for multi-label text classification. The different steps
involved in our proposed method are shown in Figure
1. In the following sections, we will discuss each of
these steps in detail.

3.1. Graph Construction

We construct a heterogeneous text graph which
contains document nodes and label nodes. The
number of nodes in our graph is the number of
documents plus the number of labels. We simply set
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feature matrix X=1 as an identity matrix which means
every document or label is represented as a one-hot
vector as the input to our GCN.

e Document-Document: In our heterogeneous
graph, we construct document-document
edges to reflect the similarity between
documents. The weight of an edge connecting
two document nodes is determined by the
term frequency-inverse document frequency
(TF-IDF) of the words shared by the
document pair. This method is advantageous
as it considers not only the frequency of words
but also their importance across the entire
corpus. We found that utilizing TF-IDF as a
weighting mechanism yields better results
than term frequency alone. However, to
maintain a high-quality graph structure, we
only retain edges where the TF-IDF similarity
exceeds a threshold of 0.45. This ensures that
only documents with a significant degree of
similarity are linked, thereby enhancing the
relevance of the connections within the graph.

e Label-Label: The second type of edge in our
graph is the label-label edge, which is based
on the correlation between labels. To quantify
this relationship, we employ a correlation
coefficient, setting a minimum threshold of
0.05 for the inclusion of an edge. This
approach allows us to capture the inherent
associations between labels, which can be
particularly insightful when labels share
common thematic elements or when they
frequently co-occur across documents. By
establishing these connections, our graph can
more accurately model the complex interplay
of labels within the corpus.

e Document-Label: Lastly, we address the
edges that connect documents to their
corresponding labels. These edges are pivotal
as they directly represent the classification
associations we aim to predict. The
construction of these edges is straightforward
yet critical for the efficacy of our link
prediction model. By integrating these edges,
our graph encapsulates the fundamental
relationships that underpin multi-label text
classification.

We combined the three graphs mentioned above—
document-document, label-label, and document-
label—into a unified composite graph. This
integration allows us to capture the complex
relationships among documents and labels more
effectively, facilitating a comprehensive
representation for our multi-label text classification
task.
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Figure. 1. Overview of our proposed method, MultiCGCN. The method constructs three types of graphs: Label-Label, Document-
Label, and Document-Document. These are combined into a unified graph, which is processed by a GNN encoder to generate
embeddings. The edge decoder then predicts document-label associations for classification.

3.2. Graph Convolutional Network

After building the text graph, we feed the graph
into a simple two-layer GCN as in [7], as shown in
Figure 2. The second layer node embeddings are fed
into a softmax classifier as shown in Equ(l).

Z = softmax(AReLU(AXW,)W, )
M)

where 4 = DZAD= is the same as in Equ(l),
and softmax(x;) = % exp (x;) with Z = Y, exp (x;).
The loss function is defined as the cross-entropy error
over all labeled documents, as shown in Equ(2):

L= ~Ygey, Xf-1YarInZys )

Where y,, is the set of document indices that have
labels and F is the dimension of the output features,
which is equal to the number of classes. Y is the label
indicator matrix. The weights parameters W, and
W, can be trained via gradient descent. In equation 3,
E, = AXW, contains the first layer document and
label embeddings and E, = AReLU(AXW,)W,
contains the second layer document and labels
embeddings.

The final output Z represents the predicted
probabilities for each class for the documents, which
can be computed by applying the softmax function to
the node embeddings obtained from the second layer.
This output can be used for classification tasks, where
the class with the highest probability is chosen as the
predicted label for each document.

For a better understanding, the pseudocode of the
proposed method is illustrated in Figure 3.

4. Results

4.1. Dataset
We use “ArXiv CS Papers Multi-Label Classification

Figure. 2. Graph Convolution Network [7]

Pseudocode

/I Graph Construction
/I Document-Document Graph Construction
for each pair of documents (di, d;):
similarity = Compute_TF_IDF_Similarity(d;, d;)
if similarity > threshold:
AddEdge(DocumentGraph, d;, d;, weight=similarity)
/I Label-Label Graph Construction
for each pair of labels (l;, I;):
correlation = Compute_Label_Correlation(l;, I;)
if correlation > threshold:
AddEdge(LabelGraph, I, I;, weight=correlation)
/I Document-Label Graph Construction
for each (document d, list of labels Lg):
for each label I in Lg:
AddEdge(DocumentLabelGraph, d, I, weight=1)

/I Combine Graphs into a Unified Graph
CompositeGraph = CombineGraphs(DocumentGraph,
LabelGraph, DocumentLabelGraph)

/I GNN Embedding

/I Initialize feature matrix X (Identity matrix)

X = InitializeldentityMatrix(CompositeGraph)

/I Encode using Graph Neural Network (GNN)
NodeEmbeddings = GNNEncoder(CompositeGraph, X)
/I Edge Prediction




/I Pass node embeddings to Edge Decoder
PredictedEdges = EdgeDecoder(NodeEmbeddings)

/I Output the Predicted Edges
Return PredictedEdges

Figure. 3. Pseudocode of the proposed method

dataset” in this article. This dataset is a
comprehensive collection of research papers from the
computer science domain. This dataset is intended for
multi-label classification tasks and contains a diverse
range of research papers spanning various topics
within computer science [53]. The dataset consists of
approximately more than 200k research papers and
includes the following columns:

e PaperID

o Title

e Abstract

e Year

e Primary Category
e Categories

We perform some basic preprocessing steps, like
checking for duplicate papers based on their “Paper
ID”. We also apply some filters like “Year” constraint
to be between 2016 and 2023. We merge the “Title”
and “Abstract” column and save the results in a new
column, and apply some preprocessing functions like
stemming, lemmatization and removing punctuations
and stop words using NLTK [54] and spaCy [55]
libraries.

4.2. Evaluation

We split our dataset into train, test and validation
sets by 80, 10 and 10 percent of data respectively. We
have trained our GCN model for 15 epochs and
calculated the loss during training as shown in Figure
4,

We evaluated our proposed method, MultiCGCN,
using precision, recall, and Fl-score. Due to the
novelty of our dataset, there are no existing
publications that have worked with it. To provide a
more comprehensive evaluation, we implemented
and compared our method with three different
approaches:
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Figure. 4. Training loss of our proposed method

o Baseline Method (SVM): In this method, we
applied the BERT-large model to extract
features from the title and abstract of each
sample. These features were then used by an
SVM classifier to predict the labels of the test
data.

o Baseline Method (KNN): In this approach,
after feature extraction from the title and
abstract of each sample, we used cosine
similarity to identify the top K most similar
samples in the training data for each test data
point. Labels that appeared at least K/2 times
among these K samples were assigned to the
test sample.

e LLM-Based Method: Similar to the KNN-
based method, we used cosine similarity to
identify the K most similar samples to each
test data point as its context. These K samples
were formatted as a prompt and provided to
ChatGPT-3.5, asking it to predict the
corresponding labels for the test data. The
prompt used was as follows:

“

Instruction: Our task is Multi-Label Text
Classification. You are provided with the title
and abstract of a new paper, along with 20
similar papers that have labels. Based on this
data, predict the labels for the new paper.

Input Title: {title}

Input Abstract: {abstract}

Similar Papers:

{title: title1, abstract: abstracts, labels: [li, ...,

lim]},

{title: titlex, abstract: abstracty, labels: [li, ...,
|km]}
1

”

The results are presented in Table 1, while the
Receiver Operating Characteristic (ROC) curve is



shown in Figure 5. The ROC curve is a graphical
representation of a  classification  model's
performance across different decision thresholds. It
plots the True Positive Rate against the False Positive
Rate. We use ROC curves to evaluate the
performance of our classifier. The Area Under the
Curve (AUC) quantifies the overall performance of a
model. A higher AUC indicates a better model, where
1 being a perfect model and 0.5 representing random
chance [56].

In the results presented in Table 1 highlight the
superior performance of our proposed method
compared to both baseline methods and LLM-based
approaches. Our method consistently achieves the
best performance in key evaluation metrics,
particularly in recall and fl-score, where it
outperforms all other methods with a score of 0.6.

Table 1. Comparison of Evaluation Metrics between the Our
Model, Baseline Method and LLM-Based Method

. F1-
Method Precision Recall Score
SVM 0.57 0.14 0.22
KNN
Baseline (K=10) 0.62 0.27 0.38
KNN
(K=20) 051 0.33 0.41
K=10 0.67 0.32 0.43
LLM-
Based
K=20 0.63 0.43 0.51
Our Method 0.62 0.6 0.61

Figure. 5. ROC Curve for the Test Data Demonstrating an AUC
of 0.75 in our proposed method

This significant improvement in recall indicates
the ability of our model to correctly identify a higher
proportion of positive cases, making it more effective
for the given classification task. Although the LLM-
based method achieves a slightly higher Precision of
0.67 when K=10, its recall remains considerably
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lower at 0.32, resulting in an imbalanced
performance. In contrast, our model delivers a
balanced trade-off between Precision and Recall,
achieving the highest F1-Score of 0.61. This clearly
demonstrates that our model not only identifies more
positive cases but also maintains accuracy in its
predictions, making it the most reliable approach for
this task.

5. Conclusions and Future Work

Multi-label text classification is a key challenge
in natural language processing, requiring advanced
and innovative techniques to enhance accuracy and
efficiency in applications such as document
categorization and recommendation systems. In this
paper, we proposed a novel method called
MultiCGCN that leverages Graph Convolutional
Networks (GCNSs) to construct a heterogeneous graph
encompassing  document  similarities,  label
correlations, and document-label associations. This
approach not only transforms  multi-label
classification into a link prediction problem but also
effectively captures the intricate interdependencies
present in the data. Our empirical results demonstrate
that MultiCGCN significantly improves model
performance, achieving a 10% increase in the F1
score compared to traditional baseline models. this
indicates that considering the relationships among
text documents can significantly improve prediction
accuracy.

For future work, we aim to extend MultiCGCN to
inductive settings for better generalization to unseen
data and explore the integration of attention
mechanisms to further enhance classification
accuracy. Additionally, we will investigate
optimizing resource efficiency for our algorithms and
adapting our approach to cross-lingual contexts. In
summary, our research lays a solid foundation for
future investigations in multi-label text classification,
and we are eager to explore the potential
advancements that can be achieved through these
proposed directions.
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