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Abstract
Systematic reviews (SRs) have been recognized as the most rigorous and reliable approach to enable evidence-based medicine.
However, the considerable workload required to create SRs prevents reflecting the latest knowledge. This study automated the
classification of included articles by adopting the Bidirectional Encoder Representations from Transformers (BERT) algorithm.
By pretraining with abstracts of articles and a generated vocabulary fine-tuned with titles of articles, the proposed srBERTmy
overcomes the training data insufficiency while improving performance in both classification and relation-extraction tasks. Despite
the limitation of model vulnerabilities based on training dataset quality, the results demonstrated the feasibility of automatic article
classification using machine-learning (ML) approaches to support SR tasks.
Keywords: systematic review, process automation, deep learning, text mining

Background
A systematic review (SR) is a comprehensive review of all
relevant evidence to answer a research question [1–4]. It is
recognized throughout the various types of clinical research
for its high reliability [5], enabling evidence-based medicine
in clinical practice [6].
However, due to the time-consuming and labor-intensive
process for SRs, requiring an average of 67.3 weeks from
protocol to publication [7], most SRs are insufficient in
reflecting the latest research findings [8]. Despite suggestions
to support parts of the SR process using advanced machinelearning (ML) techniques [9–14], such models are still
unable to achieve high precision scores, focusing more on
comparatively simple and intuitive tasks [15–18].
This study was devised based on the difficulties we experienced
during the actual SR process. We attempted to automate the
screening stage, retrieving all relevant literature based on a
predefined research question. These tasks were error-prone
and time-consuming, constituting a significant portion of

the entire SR process. Moreover, ML has limited application
because of the shortage of training data with domain-specific
multilingual corpora.
We addressed these limitations minimizing the
additional effort for gathering data while maintaining
the existing workflow by adopting the Bidirectional
Encoder Representations from Transformers (BERT) [19]
algorithm. We then used most of the data generated during
SR creation.

Method
The data generated while working on a previous SR were used
to train and validate the model. Two different tasks were tested
for the two types of datasets [20–25]: datasetA with 3,268
articles [25, 26] and datasetB with 409 case studies. The first
task was to classify the included articles using datasetA and
its adjusted version, whose class composition was adjusted
from a ratio of 9.08:1 to 2.45:1 by generating dummy data.
The second task using datasetB was to extract the relations of
elements (RE) from the title of the articles.
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We pretrained the srBERTmy model using abstracts of included
articles with a vocabulary obtained by tokenizing the articles.
We then developed other submodels (srBERTmy, srBERTmix,
and original BERT) by differentiating the pretrained data
and vocabulary. Fine-tuning was applied to all the pretrained
models, using the titles of included articles.

Results
Our proposed srBERTmy model achieved superior results for
almost every performance index in both classification and
relation-extraction tasks. The srBERTmy model, pretrained
using 250,000 (355,000) steps, exhibited the highest
performance in the first task, with an accuracy of 94.35%
(89.38%), an area under the receiver operating characteristic
curve of 0.77 (0.9), and an F1 score of 66.12 (78.64) on the
original and (adjusted) datasets. In the second task, the model
trained on 100,000 steps achieved an accuracy of 93.5% with
a loss of 27%, outperforming the other evaluated models,
including the original BERT model.
Compared with the gold standard generated by our manual
work, the poorly-filtered cases were accepted as having
sufficient error to require reconfirmation for title ambiguity.
From these results, we verified the applicability of our model
to an actual SR study and expectable synergy between the
mutual studies.

Discussion
Our research demonstrated the possibility of automatically
classifying articles to support SR tasks and reusing BERTbased models.
However, there were limitations to consider in developing our
model. We designed a multilingual model to analyze as many
varied articles as possible without language restriction. Although
our multilingual model was efficient, exhibiting adequate
performance on datasets composed of both Chinese and English,
it was challenging to assess the optimization of each language
and reflection of their characteristics on the model.
Furthermore, we observed model vulnerabilities where the
learning performance is highly biased by the observed data and
influenced by the sufficiency of the training datasets with unique
terminology. We verified that the misclassified cases were similar
in that they were insufficiently secured in the training data.
Data sufficiency is an inevitable challenge of natural languaging
processing (NLP) models in specialized domains. Along with
the increasing demand for NLP in various domains, model
optimization could be improved by the cooperation of experts
to build their own corpus for their field, such as bioBERT [27]
and clinical BERT [28], where BERT models have been trained
with a focus on the medical field.

We expect srBERT can also contribute to the literature, given
that a BERT model pretrained appropriately to a field of interest
could be reused by additionally training only detailed topics.
Aside from its state-of-the-art performance compared with
other models, the srBERT model had the potential to be used
to screen newly updated data or create new SRs if a similar
corpus is used. Because fine-tuning is inexpensive in terms of
computational cost compared with pretraining, this form of
transfer learning enables researchers to exploit powerful deep
neural network models without having access to a high-end
computing environment.
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