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ABSTRACT

With the increasing number of published papers, improving the efficiency of researchers in finding
relevant literature through high-precision automatic classification has become a key research focus.
Currently, most studies rely on a single type of paper metadata, such as abstracts or titles, without
comparing the importance of different metadata types or utilizing them comprehensively together.
Additionally, many experiments utilize non-public datasets, which makes it difficult to compare model
performances across different research. This paper examines and compares the classification performance
of TextGCN, BERT, and BERT-GCN models on public Chinese paper datasets. It also investigates the role
of abstracts, keywords, and titles in classification and identifies the data combination that yields the
highest accuracy through experiments. Since the output of the BERT-GCN model is based on the weighted
sum of the outputs of BERT and TextGCN, determining the optimal weight that results in the best
classification performance is also a key focus. To further enhance the performance of the BERT-GCN
model, ensemble voting is used to combine the prediction results of multiple models trained on different
data sources. Compared to the latest baseline models, the proposed method significantly improves the
classification accuracy in Chinese paper datasets, with the highest accuracy increasing from 83.6 to 87.2%.

Keywords-BERT-GCN; ensemble learning; Chinese scientific paper classification

I.  INTRODUCTION
Frequency-Inverse Document Frequency

obtain the document representation vector through Term

In recent years, as the number of scientific papers published
continues to increase, automatic classification of papers can
speed up online publishing and improve retrieval efficiency,
which is of great significance in improving the work efficiency
of researchers. The research on automatic classification of
scientific papers mainly uses machine learning algorithms to
establish a model between the metadata (abstract, title,
keywords, etc.) of the paper and the category to achieve
automatic classification. Using traditional machine learning
techniques for paper classification involves two steps. First,

Word2Vec, Global Vectors (GloVec) for word representation,
FastText, and other methods, and then use them as input data
for classification algorithms such as naive Bayes, decision tree,
support vector machine, and neural networks [1, 2].

As deep learning and natural language processing
technologies advance, pre-training language models have been
proposed and applied to various scenarios. The basic concept is
to utilize the large, unlabeled general corpus available online,
such as data from Wikipedia or the Baidu Encyclopedia, to
train the model. The model is then fine-tuned using
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downstream task-specific datasets, which can yield better
results than traditional machine learning algorithms or other
deep learning models that handle text classification, entity
recognition, and text summarization. Related studies have
evaluated the performance of pre-trained language models such
as BERT (Bidirectional Encoder Representations from
Transformers) against other models such as SVM (Support
Vector Machine), RNN (Recurrent Neural Network), and CNN
(Convolutional Neural Networks) in classifying scientific
papers. The results show that BERT can achieve the best
classification performance due to the advantage of pre-trained
language models in acquiring sentence semantic information
[3-8]. Graph Convolutional Networks (GCNs) can construct
global heterogeneous graphs using corpora and utilize
sentences or words as graph nodes for information
transmission, thereby facilitating the acquisition of global
information [9-12]. Combining BERT with GCN can achieve
better text classification results.

Text classification is a core task in natural language
processing, which can be understood as the process of
assigning predefined labels. Text classification has a wide
range of application scenarios, such as sentiment analysis and
others [13]. Scientific paper classification typically uses
metadata of papers, such as title, abstract, and keywords, as
input data. In recent years, related studies have also utilized the
content, images, citations, and other data from papers to
improve classification performance.

Many studies have compared the effectiveness of traditional
machine learning algorithms and deep learning techniques in
the classification of scientific papers. Deep learning techniques
perform better in scenarios with large data sets and complex
features. Pretrained language models have made significant
progress in text classification by learning the semantic
relevance of text from large corpora. Some researchers have
combined pretrained language models with other models to
enhance classification performance. In [14], BERT and GCN
were combined to classify scientific papers. This study fine-
tuned the BERT model through span masking, learning rate
decay, and data augmentation to improve performance. The
BERT model was used to generate embedding vectors for the
tokens in the paper title, treating them as graph nodes, and a
cosine similarity graph was constructed. Finally, GCN was
used for aggregation and classification. In tests on the CSL
(Chinese Scientific Literature) dataset and the ArXiv-2019
dataset, the BERT-GCN model outperformed TextCNN,
TextRNN, DPCNN, and ERNIE models in classification
performance. The study in [15] focused on the classification of
research papers on Radio Frequency Electromagnetic Field
(RF-EMF). Through experiments, it was found that the length
of the input text affects the classification performance of the
BERT-GCN model. The longer the text, the smaller the role of
the GCN model. The accuracy of the BERT-GCN model in
classifying abstracts was 10% higher than that of the GCN
model in classifying citation information, but the dataset used
was too small (only 1,407 papers). In [16], an automatic
classification model for paper abstracts was proposed, based on
BERT-GCN-ResNet. A residual network (ResNet) was added
between graph convolutional layers to address the problem of
gradient vanishing and exploding.

Table I compares the research on hybrid models of BERT
and GCN across four dimensions: experimental dataset, paper
metadata type, used model, and classification performance.

TABLE L. COMPARATIVE STUDY ON SCIENTIFIC PAPERS
CLASSIFICATION

Ref. Dataset Paper metadata Model Accuracy
CSL/ . 86.31%/

[14] Arxiv 2019 Title BERT+GCN 91.77%

Abstract/ 86%
[15] 1,407 papers Citation Information BERT+GCN (1=0.7)
Abstract BERT-GCN-
[16] (3,557 samples) Abstract ResNet 96.85%

Current research on scientific paper classification faces
several limitations, including a lack of comparison across
different metadata types, insufficient dataset sizes, poor model
classification accuracy on large datasets, and the use of a single
model. The main work of this paper includes:

e Comparison of the classification performance of the BERT,
TextGCN, and BERT-GCN models on the CSL paper
dataset. To examine the role of abstract, title, and keywords
in paper classification, this study compares the
classification performance of models that use only one or
multiple types of paper metadata. The impact of weight
factor settings for BERT and GCN and their effect on
accuracy is also analyzed.

¢ Building on the original BERT-GCN model, an ensemble
learning method is added to vote on the results of the best
model after fine-tuning with different paper metadata, thus
producing the final paper classification results. The
improved model is compared with the baseline models in
the CLUE Benchmark.

This research is innovative in that it not only analyzes the
classification performance of the combined model using three
types of paper metadata—abstract, keywords, and title—but
also integrates the classification results of models trained using
these various metadata using ensemble voting, ultimately
improving classification accuracy.

II. METHODOLOGY

A. BERT-GCN Model for Classification

The steps for automatically classifying scientific papers
using a model that combines BERT and GCN are as follows.
First, preprocess the text data by removing punctuation, stop
words, and other irrelevant elements. Then, perform word
segmentation and build a vocabulary for the corpus. Next,
create a heterogeneous graph of scientific papers, including
word and document nodes, and set the edge weights between
word nodes using Point-wise Mutual Information (PMI). PMI
measures the association between words based on how often
they co-occur. TF-IDF is used to assign weights to edges
between word nodes and document nodes, where TF indicates
how often a word appears in a document, and IDF reflects the
number of documents containing that word, expressed as the
inverse logarithm of the total number of documents. The edge
weights between all nodes can eventually form an adjacency
matrix Ay, as [17]:
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Aij =
PMI(i,j) i,jarewords, PMI(i,j) >0
TF — IDF;; i is document, j is word )
1 i=j
0 otherwise

where PMI(i, ) is determined by the co-occurrence frequency
of the two words and the frequency of each word, as expressed
in:

- p(L.))
PMICLJ) = 109 265005 M
The co-occurrence frequency of two words P(i,j) is
expressed in (3), where #W (i, ) indicates how many words
co-occur in the sliding window, and #W represents the total
number of sliding windows. Similarly, the frequency of
occurrence of a word is expressed by (4).

.. #W(i,j
p(ij) = 52 2
p(i) = =20 3)

Since positive PMI values better reflect the semantic
relevance between words, edges are added to the graph only if
the PMI values of the word pair are positive. PMI is suitable
for measuring the relevance between words within a corpus, so
it is used as the edge weight between word nodes in GCN.
Conversely, TF-IDF measures the relevance between words
and documents, so it is chosen as the edge weight between
word nodes and document nodes in GCN.

A GCN network is a multi-layer neural network where each
node can generate an embedded vector based on the attributes
of its neighboring nodes. Each layer of the GCN can only
access information from directly connected neighbors. By
stacking multiple network layers, information from neighbors
at greater distances can be gathered. For a multi-layer GCN
network, the feature matrix L of the node can be expressed as:

LY = p(ALFW,) )

1 1

where k indicates the layer number, A = D"2AD 2 denotes the
normalized symmetric adjacency matrix, W) represents the
weight matrix of the k -th layer [18], and p denotes an
activation function, such as the ReLU function. L(® = X,
which represents the initial feature matrix of the node. For a
two-layer GCN network, the size of the node embedding vector
in the last layer matches the number of classification labels.
When input into the Softmax classifier, the document
classification can be realized as:

Since the nodes in the graph are categorized as word nodes
and document nodes, the initial value for the input node feature
matrix of the GCN model can be described by:

X = (Xdoc) (5)

0 (Mdoctnwora)xXd

The feature vector of the document node is created by the
BERT model using the abstract of the scientific paper and other
information. The final classification result of the combined
BERT and GCN model is a weighted sum of the classification
results from both models. This approach is used because BERT
and GCN have different strengths in processing text. For
different types of text, the best classification results can be
obtained by adjusting the weights of the two models'
classification outcomes. Let Zpppr represent the classification
result of the paper by the BERT model, which can be expressed
by (8), where X represents the document embedding matrix
generated by the BERT model [19].

Zggrr = softmax(WX) 6)

The final scientific paper classification result can be expressed
as:

Z = Mgy + (1 — D) Zpgpr @)

where A € (0,1). When A4 = 0, only the classification results of
the BERT model are used, and when A = 1, only the
classification results of the GCN model are used. Figure 1
shows the architecture diagram of the scientific paper
classification model combining BERT and GCN. This study
examined adding more GCN layers to improve the model's
classification performance, but the results were disappointing.
This is likely because increasing the number of layers can
cause some feature information to be lost, making a two-layer
GCN more effective. Other studies have reached similar
conclusions.

B. Dataset

The CSL (Chinese Scientific Literature) dataset, a large-
scale Chinese literature dataset, was used to evaluate the
effectiveness of the BERT-GCN model in classifying scientific
papers, which includes the abstract, keywords, title, category,
and discipline of 396,000 documents [20]. The samples are
distributed across 13 categories, including engineering, science,
medicine, and others. The average title length across all
categories is 18.62 characters, the average abstract length is
188.95 characters, and the average keyword length is 5.64
characters. Although the original CSL dataset consists of 13
categories, the number of samples varies between them, with
the Engineering category having the most (177,600) and the
Strategy category having the fewest (3,555). Therefore, when
curating the experimental dataset, we did not randomly select
samples from the entire dataset but randomly chose 3,000
samples from each category to reduce the effects of sample
imbalance on model classification performance. After data
cleaning, the final sample size was 38,997. Following word
segmentation and stopword removal, the vocabulary size
decreased from 151,550 to 135,813, and the average length of
each category decreased from 239 Chinese characters to 138
tokens.

When using GCN to classify text, graph nodes and edges
need to be constructed, where nodes represent documents and
words, and edges show the relationships between words and
documents, as well as between words themselves. Table II
shows the constructed graph information from the experimental
dataset.
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Fig. 1. The architecture of the paper classification model combining BERT and GCN.
TABLE IL GRAPH INFORMATION OF CSL DATASET To preprocess Chinese text, the quba library was used to
segment words, then delete words with a length of 1, and
Graph properties Value finally use the Chinese stop word library to obtain a meaningful
#words 135813 word list. The maximum epoch was set to 200, and if the
#nodes 174,810 lassificati in th lidati did .
Fedges 39559 468 classification accuracy in the validation set did not improve
Fdoc 38.997 after 10 consecutive epochs, the training process was
#ave_doc_len 56.99 terminated early. Table III shows the learning parameters of the
#eategories 13 experimental model. This experimental design involves using

C. Data Preprocessing and Experimental Setup

To train and evaluate the model, an experimental dataset
was created based on the number of documents and categories
in Table II. The dataset was divided into training, validation,
and testing sets in a 7:2:1 ratio. The splitting ratio is typically
adjusted depending on the size of the dataset, with larger
datasets having smaller proportions allocated to validation and
testing. Since this dataset contains only 39,000 samples, a 7:2:1
ratio was selected based on data from other studies. In addition,
an 8:1:1 ratio was examined, where the model's classification
performance remained mostly consistent. This study mostly
used simple cross-validation to assess the model's performance,
randomly splitting the dataset into training and validation sets
at each epoch and averaging the results of multiple model runs.
The experiment was carried out on a workstation equipped with
an Intel Xeon Silver 4216 2.8 GHz CPU, 128 GB of memory,
and an RTX 3090 GPU. The models were developed using the
PyTorch 1.13.1 framework.

The BERT_Chinese_Base pre-trained model was used to
generate embedding vectors. The process of using BERT to
produce token vectors for a text sequence involves first
performing word segmentation. This is done character by
character, resulting in a sequence of Chinese character tokens.
[CLS] and [SEP] tokens are then added at the beginning and
end of the sequence to serve as class and separator tokens,
respectively. Each token's embedding is derived from BERT's
vocabulary. The combined sum of token, segment, and position
embeddings serves as input to the transformer layer, producing
token vectors with global semantic context and a class vector.

the paper's abstract, keywords, and title as either individual or
combined inputs to the model and comparing the classification
accuracy across the TextGCN, BERT, and BERT-GCN
models. Since the BERT and GCN weight settings in the
BERT-GCN model significantly affect classification accuracy,
the optimal weights for the model were experimentally
determined. Finally, the prediction results of the models trained
on different datasets were combined by ensemble voting, and
the final classification accuracy was compared with state-of-
the-art baseline models.

TABLE IIL. BERT-GCN MODEL PARAMETER SETUP

BERT_LR
le-4

GCN_LR
le-3

Batch_Size
128

Input_Max_Len
128

Dropout
0.5

III. RESULTS AND DISCUSSION

A. Comparison of the Role of Paper Meta-Information in
Classification

The CSL paper dataset includes the abstract, keywords, and
title of the paper. To analyze the role of different fields in
classification and identify the best combination for optimal
results, we created seven datasets: Abstract, Title, Keywords,
Keywords+Abstract, Title+Abstract, Keywords+Title, and
Keywords+Title+Abstract. The last four datasets combine
multiple fields by concatenation. Figure 2 shows the
classification accuracy of these seven datasets using the
TextGCN and BERT models. It is clear that when using only
one of the abstract, keywords, or titles as input, the BERT and
TextGCN models achieve their highest accuracy with the
abstract.
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Fig. 2. Classification accuracy of TextGCN and BERT models.

When combining data, TextGCN performs best with
Keywords+Title+Abstract concatenation, while the BERT
model shows similar accuracy across Keywords+Abstract,
Title+Abstract, and Keywords+Title+Abstract, and
outperforms methods using Keywords+Title or only a single
data type. Overall, across all seven datasets, the BERT model
achieves a higher classification accuracy than the TextGCN
model.

B. Best Weights for the BERT-GCN Model

The classification accuracy of the model was studied under
different A values for the seven datasets. When A is between 0.6
and 0.7, the classification accuracy of the model on the six
datasets reaches its highest value. For the Title+Abstract
dataset only, the model attains the highest classification
accuracy when 1=0.9. The performance of the BERT-GCN
model depends on the weighted sum of the classification results
from the BERT and GCN models. In most datasets, the GCN
model has a dominant role, so the BERT-GCN model performs
best when A is between 0.6 and 0.7. When 41=0.9, the BERT-
GCN model achieves slightly better classification results on the
Title+Abstract dataset than when 1=0.6, but the difference is
not significant. This shows that more meaningful word nodes
can be obtained from the Title+Abstract dataset than from other
datasets, enabling the GCN model to take a leading role.

The classification results of the TextGCN, BERT, and
BERT-GCN models were compared across the seven datasets,
as shown in Table V. On most datasets, BERT-GCN achieved
a higher classification accuracy than both the TextGCN and
BERT models. This shows that the BERT-GCN model
effectively combines the strengths of BERT and TextGCN to
achieve superior performance in paper classification. However,
it has higher computational costs because it requires running
both BERT and TextGCN simultaneously and combining their
results. Additionally, more tests are needed to determine the
optimal value of the weight parameter A for different datasets.
The computational costs of the BERT, TextGCN, and BERT-
GCN models were compared on the CSL_Abstract dataset.
Both TextGCN and BERT-GCN utilize a two-layer GCN
network. The computational times for the three models were 53
minutes, 3 minutes, and 70 minutes, respectively. Abstracts are
much longer than keywords or titles and therefore contain more
valuable information. They also include some information from

keywords and titles. The BERT model is more effective at
classifying long texts, so various models perform better on
abstracts than on titles or keywords.

To evaluate the scalability of the BERT-GCN model, a
larger scholarly dataset was introduced, which included
abstracts and titles of over 1.27 million English papers from the
arXiv platform, categorized into six main groups, such as
Mathematics and Physics. An experimental dataset was built by
randomly selecting 100K papers from the original set. The
classification accuracy for the TextGCN, BERT, and BERT-
GCN models is 0.8786, 0.8733, and 0.8864, respectively. This
shows that even with a relatively large dataset, the BERT-GCN
model's classification accuracy remains higher than that of
TextGCN or BERT, demonstrating its scalability.

TABLEIV.  COMPARISON OF CLASSIFICATION ACCURACY
ON VARIOUS CSL SUB-DATASETS
Dataset TextGCN BERT BERT-GCN y!
(best result)
Abstract 0.7827 0.8168 0.8385 0.6
Title 0.7283 0.7858 0.8032 0.6
Keywords 0.7483 0.7827 0.8042 0.7
Keywords+
Nbstract 0.8086 0.8355 0.8470 0.7
Title+Abstract | 0.8134 0.8306 0.8511 0.9
Keywords+Title | 0.7804 0.8106 0.8329 0.7
Keywords+Title | ¢, 0.8337 0.8560 0.6
+Abstract

C. Improved BERT-GCN Model Based on Ensemble Learning

Ensemble learning creates a strong predictor by combining
multiple base learners to enhance overall prediction accuracy.
The main idea is to leverage the differences and
complementarities among base learners to minimize
generalization errors. Ensemble learning is primarily
categorized into three types: Bagging, Boosting, and Stacking.
Bagging trains several base learners simultaneously and
combines their results through voting or averaging. This study
utilized the Bagging method to combine the prediction results
of the best-performing BERT-GCN model trained on various
paper metadata datasets, and then determined the final
classification result by voting.
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Since paper metadata includes abstract, keywords, and title,
different combinations of this metadata yielded seven datasets:
abstract, keywords, title, title_keywords, title_abstract,
keywords_abstract, and keywords_title_abstract. One model
was trained for each dataset, and the results of multiple models
were combined through ensemble learning to achieve the best
classification performance. Table V shows the final
classification accuracies for various model combinations. A
represents a model trained on Abstracts, T a model trained on
Titles, K a model trained on Keywords, K_A for a model
trained on a combination of Keywords and Abstracts, A+T for
the combined prediction results of the two models trained on
Abstract and Title datasets, respectively, and so on.

TABLE V. CLASSIFICATION ACCURACY OF BERT-GCN
USING ENSEMBLE LEARNING
Number of Model combination Accuracy
models
7 A+K+T+K A+TA+K T+K T A 0.8729
6 A+K+T+K A+T A+K TA 0.8690
5 A+T+K+K A+K TA 0.8634
4 A+T+K+K TA 0.8598
1 KTA 0.8560

Based on the experimental results, compared to simply
concatenating data such as keywords, title, and abstract as input
for the BERT-GCN model, using ensemble voting on
prediction results from models trained on seven datasets can
boost classification accuracy from 85.6% to 87.29%. Ensemble
voting was also tested on models trained on fewer than seven
datasets, and their performance was also improved compared to
a single model. This shows that employing ensemble voting on
models trained with different datasets can effectively capture
diverse features from the paper and improve the model's
generalization ability.

An ablation study was conducted to analyze how various
metadata elements influence ensemble learning by sequentially
removing models trained on abstract, keywords, or title, as
shown in Table VI. Keywords were found to be highly vital in
ensemble learning, and removing them had the most significant
impact on classification accuracy, while removing the title had
the least effect. The model achieved the best classification
results only when all three metadata elements were included.

TABLE VI ABLATION STUDY FOR METADATA
Metadata Ensemble learning models Accuracy
. A+K+T+K A+T A+
Abstract/Keywords/Title K T+KTA 0.8729
w/o Abstract K+T+K_T 0.8326
w/o Keywords A+T+T_A 0.8229
w/o Title A+K+K_A 0.8501

Although ensemble learning can improve the classification
performance of the BERT-GCN model, it requires training
multiple models on different datasets, which significantly
increases the computational cost compared to training a single
model. The most impactful models for ensemble learning can
be selected based on the test results, thus balancing
computational cost and classification accuracy.

D. Performance Comparison with Baseline Models

Four baseline models from the CLUE (Chinese Language
Understanding Evaluation) benchmark [21] were used, which
perform classification tasks on the CSL dataset and achieve the
highest classification accuracy, as shown in Table VIL. It can be
seen that the BERT-GCN model, improved through an
ensemble learning method, leverages the classification
capabilities of multiple models trained using paper titles,
keywords, and abstracts. This allows the proposed model to
demonstrate better interference resistance and fault tolerance
during classification, thereby improving its accuracy.
Compared to the TextCNN model, the advantages of the
proposed solution are even more evident.

TABLE VII.  COMPARISON OF BERT-GCN-BASED ENSEMBLE
LEARNING VS. BASELINE MODELS

Model Accuracy
BERT-GCN-based ensemble learning (Proposed) 0.8729
ALBERT-xxlarge [22] 0.8363
RoBERTa-wwm-large [23] 0.8213
RoBERTa-large 0.8136
XLNet-mid 0.8126
TextCNN 0.7806

IV. CONCLUSION

Current research on paper classification lacks a detailed
analysis of how different types of metadata contribute and do
not combine various metadata to improve model accuracy. In
addition, many experimental datasets have too few samples and
are not accessible to the public, making it harder to compare
performance. This study used a large publicly available
Chinese paper dataset to compare the effectiveness of the
TextGCN, BERT, and BERT-GCN models in classifying
scientific papers. It also offers an in-depth look at how paper
abstracts, keywords, and titles help with classification. Finally,
this study recommends combining multiple metadata types
through ensemble learning to improve classification results.

The BERT-GCN model combines the strengths of
TextGCN and BERT. When the appropriate weights are
selected, its classification performance exceeds that of both
TextGCN and BERT. For the CSL Chinese dataset, which
includes abstracts, keywords, and titles, ensemble voting
combines the prediction results of seven models, significantly
boosting classification accuracy. Performance comparisons
between the improved model and the advanced baseline
demonstrate the effectiveness of the proposed approach. This
research used only a Chinese dataset with 13 categories. Future
work will explore datasets with more categories and those in
non-Chinese languages. In addition, the model will also be
applied to hierarchical multi-label classification of scientific
papers to enhance practical applications.

The BERT-GCN model uses BERT-Base-Chinese as its
pre-trained language model. Various BERT variants were also
tested, such as Chinese-RoBERTa-WWM-EXT, which
employs the Whole Word Masking (WWM) strategy to
improve BERT. The learning rate, batch size, activation
function, and dropout were set to le-4, 128, ReLU, and 0.5,
respectively. It was observed that replacing the BERT model in
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BERT-GCN with different variants kept the classification
accuracy roughly the same. The confusion matrix showed that
certain categories had higher classification error rates, which
affects overall performance. The next step is to explore
methods to handle an imbalanced dataset. For example, the
SMOTEDNN model proposed in [24] used the Synthetic
Minority Oversampling Technique (SMOTE) to greatly
improve classification accuracy. Another plan is to explore
combining the BERT model with other deep learning models,
such as CDLSTM [25], to improve overall performance.
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