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Abstract

Objective: Evidence-based medicine (EBM) provides a framework to support clinicians' decision-making processes using the best
evidence currently available in the field. The key elements of clinical research can be defined by a framework called PICO, which
identifies the sentences in a medical literature text that belong to the four key elements reported in clinical trials:
Participants/Problem (P), Intervention (I), Comparison (C) and Outcome (O). This study aims to establish an effective detection
method for key elements of evidence-based medical research.

Methods: Based on the text features of key elements framework, we propose a deep learning model BERTGCN which combined
large-scale pretraining model and graph convolution network (GCN) for detecting key elements of evidence-based medicine. In
this model, the sentences which are initialized with pre-trained BERT representations and the words in the EBM evidence were
recognized as the sentence nodes and word of the graph which were used to train GCN model. At the same time, the sentences
were used to fine tune the pretraining model.

Results: We tested our proposed approach over PubMed-PICO dataset is a data set containing tens of thousands of EBM key
elements extracted from PubMed. The F1-score of P/I/O in the model we proposed reached 91.3%, 85.8% and 90.0% respectively.
Experimental results show that our model outperforms the current optimal model.

Conclusions: BERTGCN is able to leverage the advantages of both worlds: large-scale pretraining and transudative learning to
improve the efficiency of detecting evidence-based medical evidence from research publications.
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1. Introduction

Evidence-Based Medicine (EBM) enables medical practitioners to form treatment plans based on the complete
available evidence [1]. Typically, the analyses that underlie EBM begin by selecting a set of potentially relevant papers,
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which are then further refined by human judgment to form the evidence base on which the answer to a specific question
depends [2,3]. These evidence are the products of research studies, usually in the forms of Randomized Control Trials
(RCTs) or Clinical Trials (CTs) that investigate the effects of a treatment on a specific group of patients and present
their findings [4,5].

In practice, successful EBM applications rely on answering clinical questions via analysis of large medical
literature databases such as PubMed[4]. As vast evidence bases such as PubMed grows exponentially and rapidly, it
becomes more difficult to obtain appropriate evidence-based evidence from the literature library. The increasingly
growing number of medical publications is making it extremely difficult for healthcare staff and medical practitioners
to stay updated with the latest research and guidelines. Research questions in clinical study were usually defined by
the PICO framework, the question were decomposes into four parts: Participants/Problem (P: the characteristics of
the study population); Intervention (I: the primary intervention considered); Comparison (C: comparison for the
intervention); Outcome (O: the anticipated measures, improvements, or effects). SO, well-formulated and structured
research key elements can increase productivity in developing or updating clinical practice guidelines and medical
knowledge bases. It is important to automate the extraction of PICO elements from clinical RCT literature for
clinicians and investigators to review to reduce the time required to search for key elements of clinical research. An
example abstract from the study [6] and it's structured evidence-based medical evidence are shown in Figure 1.

A Abstract B

Participants | - Participants were >50 years of age, with systolic 130 to 180 mm He and increased
cardiovascular risk.
+ Participants were excluded if they had diabetes mellitus, polycystic kidney disease,
proteinuria >1 g/d, heart failure, dementia, or stroke.

- Postrandomization exclu
mg/dL (6.99 mmoVL) or on

s missing blood glucose or 2126

Intervention |- 'Veevaluated diabetes mellitus incidence in this randomized trial that compared
intensive blood pressure strategy (systolic blood pressure <120 mm Hg) versus
standard strategy (<140 mm Hg).

Comparison | © e evaluated disbetes melitus incidence in this randomized trial that compared

«© intensive blood pressure strategy (systolic blood pressure <120 mm Hg) versus
standard strategy (<140 mm Hg).

Outcome(0) | - Theoutcome was incident diabetes mellius: fasting blood ghicose 216 mydL (6.99

veemics.

miolL), diabetes mellitus self-report, or new use of hypogh

= Thesecondary outcome was impai

iing glucose (100-
mmol/L]) among those with norm; ia (<100 mg/

10 m/dL |

+ Therewere 299 incident diabetes mellitus events (
251 events (1.9% per year) for standard, rates of 2
per 1000 person-years of treatment, ry
% CI, 0.95-1.49])
* Impaired fasting glucose rates were 26.4 (24.9-25.0) and 22.5 (21.1-24.1) per 100
person-years for intensive and standard strategies (adjusted hazard ratio, 117 [1.06-
1.30]).

pér year) for intensive and
3) versus 19,0 (16.3-
sted hazard ratio,

Figure 1 There is a need to transform free-text research abstracts into structured evidence-based text fragments to accelerate the evidence
synthesis process. (A) Research abstracts in free text form; (B) Structured text fragments of evidence-based evidence

In previous studies, the generalized use of the PICO framework or similar schema by clinicians was validated for
its performance improvement on searching literature for clinical questions [7]. Natural language processing (NLP) -
based methods were used to solve evidence-based medicine problems [8,9]. The PICO element detection was
formalized as a segment classification task [10]. These studies used machine learning techniques such as naive Bayes
[11], random forest [12], support vector machine [13], conditional random field [14]. However, these methods relied
on the quality of features of collected from the literature, such as the lexical features, the semantic, syntactic, sequential
features. With the development of the natural language process and deep artificial neural network, there were studies
used the bidirectional long-short-term memory (bi-LSTM) model [15] and pre-trained language model trained from
the large-scale biomedical literature corpus [16] to improve the performance of the classification task. Graph neural
network (GNN) is an effective transduction learning method. Some researches [17,18] regard the text classification
task as the node classification task of graph neural network, and have achieved good results. Compared with other
neural network models, graph neural network models can better utilize the global co-occurrence information of words
in natural language processing tasks. And pretraining models have performed very well in natural language processing
tasks. So in this work, we propose to boost the PICO element detection accuracy for deep learning models by
exploiting two directions in order to make possible the automated identify key elements for evidence-base medicine.
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2. Methods and Materials
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Figure 2 The overall workflow includes three parts: text processing, model construction and model fusion. In the text processing stage, we obtain
the text for model training and the set of sentences and words for constructing the text graph. Fine-tuning and constructing GCN models for text
classification; then the output probabilities of the two models are fused.

In this study, we regard key element recognition as a node classification task in graph, which is essentially a text
classification task. Raw text cannot be directly used for text classification, we convert the text into a data format that
can be recognized by the model. In this study, we use the pre-training model to represent the text. In general, the
sentences in the abstract and the words that make up the sentences are regarded as nodes of the heterogeneous graph,
and sentences embeddings are initialized with pre-trained BERT representations, then a graph convolutional networks
(GCN) model was used for sentences classification. Meanwhile, we use a direct BERT embedded auxiliary classifier
to optimize the BERTGCN classifier. We use the dataset to train a classifier by fine-tuning the model on a pre-trained
model.

Graph Convolution Networks: We use the classic multiple-layer GCN for document classification. The main
characteristic of GCN is a multilayer neural network that operates directly on a graph and induces embedding vectors
of nodes based on properties of their neighborhoods. Formally, consider a graph G = (V, E), where V(|V| = n) and
E are sets of nodes and edges, respectively. Let X € R™™ be a matrix containing all n nodes with their features, where
m is the dimension of the feature vectors, each row x,, € R™ is the feature vector for v. We introduce an adjacency
matrix A of G and its degree matrix D, where D;; = }.; A;;. For a one-layer GCN, the new k-dimensional node feature
matrixL! € R™¥ is computed as:

LV = p(AxW,) 1

Where is the normalized symmetric adjacency matrix and p is an activation function. The model can only calculate
the neighbor node directly connected to the node, only when multiple GCN layers are stacked, information about
larger neighborhoods are integrated. The j — th layer is calculated as follows:

L™ = p(4rw,) 2

Large-scale pretraining model: In the step of text representation, we use a pre-training model based on large-scale
corpus for text representation. Compared with word embedding model, like Word2Vec which is a context-free text
representation, BERT is a contextualized representation model, which can combine contextual information of text.
BERT extracts the contextualized embeddings by training a deep bidirectional encoder from transformers [19] on the
BooksCorpus and English Wikipedia. The transformer structure mainly consists of identical blocks, and each block
contains sub-modules based on multi-head self-attention and a feed-forward neural network. It dispenses with
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recurrence and convolutions, and achieves state-of-the-art performance on NLP tasks. The pre-trained BERT can be
fine-tuned with a simple additional output layer for downstream tasks.

2.1. Model structure

As is shown in Figure2, the model contains two parts, one of the part is an auxiliary classifier that directly operates
on bidirectional encoder representation from transformers (BERT) [20] embeddings leads to faster convergence and
better performances, the other part of the model is a GCN model [21]. The final training objective is the linear
interpolation of the prediction from BERTGCN [22] and the prediction from BERT, which is given by:

Z:}'ZGCN+(1_}“)ZBERT 3

Where the A was used to controls the tradeoff between the two parts of the whole model. When A=1, it means that
we use the full GCN model, A=0 means that we only use the BERT model. When A € (0,1), we are able to balance
the predictions from both of the models, and the BERTGCN model can be better optimized.

The inputs of Z;y model is a heterogeneous graph constructed following the TextGCN [18], which contains two
kinds of node and two kinds of edges : sentence nodes and word nodes, word-sentence edges and word-word edges.
An identity matrix X = I, 4n,,,., 1 Used as initial node features, where ng, is the number of sentence nodes 1,44
is the number of the word nodes, both of the training and test set included. We initialize representations for sentence
nodes in a text graph using a BERT-style model (e.g., BERT, RoBERTa [23]). In this study we used BioBERT, which
is initialized by BERT and further trained on biomedical literature including PubMed abstracts and PMC full-text
articles [24], to initialize the representations of the sentences of the abstracts.

Sentence node embeddings are denoted by X ,. € R™oc*? | where d is the dimension of the embeddings of the
representations. The initial node feature matrix is given by:

X
x(%) :
(Pdoc +Myyora ¥d

The edges of the graph were defined based on the term frequency-inverse sentence frequency (TF-IDF) [25] and
positive point-wise mutual information (PPMI) which is a popular measure for word associations, to calculate weights
between two word nodes. The weight of the edge between a sentence node and a word node is the term frequency-
inverse sentence frequency (TF-IDF) of the word in the sentence, where term frequency is the number of times the
word appears in the sentence, inverse sentence frequency is the logarithmically scaled inverse fraction of the number
of sentence that contain the word. The weight of an edge between two nodes i and j is defined as:

PPMI(i,j),?i,j‘&rewordS andi # j

E - TF—IDF(i,j)?,?iS document, jis word 5

" L2=

0, otherwise

Then X was feed into a GCN model which iteratively propagates messages across training and test examples.
Details of the GCN model are as follows: the input of the i-th layer of the GCN is computed as the formula in L® :

L(i) (A’L(i—l)) _ l)( L(i—l)Wi) 6

Where p is an activation function, A is the normalized adjacency matrix and W is the input weight matrix of the
i— th layer of the GCN, L° = X is the input feature matrix of the model. The output of last layer of the model was
regarded as the representations of the sentences, which is fed to the softmax layer for classification:

Z ey = softmax(g(X,A)) 7

Where g represents the GCN model. Specifically, we construct an auxiliary classifier by directly feeding sentence
embeddings (denoted by X) to a dense layer with softmax activation:
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Z ypr = Softmax(WX) 8

We use the cross entropy loss over labeled sentence nodes to jointly optimize parameters for BERT and GCN.
2.2. Dataset Preparation

In this study, we evaluate its effectiveness of the BERTGCN architecture and present results a shared benchmark
datasets for text comprehension for the medical literature, PubMed-PICO. This dataset is the benchmark dataset from
the study (https://github.com/jind11/PubMed-PICO-Detection). It was a free access database on medical articles,
which was derived from PubMed. Each sentence of an abstract is annotated into one of the seven labels automatically
based on the section headings in this dataset: Aim (A), Participants (P), Intervention (I), Outcome (O), Method (M),
Results (R) and Conclusion (C). In this study, we only care about the performance of P/I/O labels and report, because
the intervention and the control group usually appear together, the text contents of the two categories are grouped into
the same category represented by I in this data set. There are 24 668 abstracts in total, each of which contains at least
one of the P/I/O labels. In detail, there are 21 198 abstracts with P labels, 13 712 with I labels and 20 473 with O labels.
We used the NLTK package [26] to remove stopwords from all abstracts text, the rest of the words are used to build
the word sets.

2.3. Experiments settings

In this study, the training process of the model has two steps, in the first step, we use the pre-training model to fine-
tune the Zgggrr model on the training set and obtain a fine-tuned model which was used to initialize representations
the node of sentences, we experiment with different parameters for batch sizes, learning rates [1e-4, le-5], epochs=30.
The second step is the training process of the whole combain model. The parameters of Zgzzr model in BERTGCN
use the parameters sets which get the best performance in the first step. Studies have shown that domain corpora used
for pre-training can affect the performance of downstream tasks [27]. In order to explore the effect of different pre-
trained on model performance, we used three kind of pre-trained model [BERT-base-uncased, roBERT-base-uncased,
bioBERT]. A two-layer GCN was used in this Z;.y model, the learning rate of GCN is le-3. The hyper-parameter A
which was wused to controls the tradeoff between the two parts of the whole model was set
as[0,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9,1]. The sets of A was also used to explore the effect of Zggrr and Zgcy in the
whole model.

For the final models presented bellow, we used batch size 128, trained for 10 epochs and with a learning rate of
le-4 of Zpggrr - At the same time, we also tested other possible influencing factors of the model, and explored the
performance of the model under different sample sizes and sample lengths. We test the performance of the model
under different sample size [1000, 5000, 10000, 50000]. We test the performance of the model under different lengths
range of the whole model [5-10, 10-15, 15-20, 20-25, 25-30, 30-] with a sample size of 10000.

In this study, five-fold cross-validation was used to report the performance of the model, where we divided the full
dataset into 5-folds and iteratively used 1-fold as the development set, one as the test set and the rest as the train set.
We report the results using the standard class-based (or micro) precision, recall and F1 scores:The test set was
evaluated at the highest development set performance. This enables us to provide a clear view of the behavior of the
classifier in each class, in addition to comparing our results to prior approaches.

3. Experimental results

We compare the performance of our BERTGCN model in two parts. Firstly we compared our model to the previously
published methods for comparison include logistic regression (LR), Multilayer Perceptron (MLP), Conditional
Random Field (CRF) and Bi-directional Long Short-Term Memory (Bi-LSTM )+ CRF, CPED-BioBERT, which are
all from Jin and Szolovits. The CPED-BioBERT was the state-of-the-art of the PICO element detection. Second,
because there is a variant in our proposed model, the pre-trained model. We explore the effect of different types of
pre-training models on overall performance.Tablel summarizes the performance of our proposed model for the
PubMed-PICO dataset by comparing with previous results. In this table, we use bold to identify the best overall values
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for models predicting all PICO elements simultaneously. Our model, BERTGCN, achieves the best overall
performance, outperforming single entity model scores in Recall for Population and Intervention entities and in
Precision and F1 for Outcome entities. Our model BERTGCN improves by a large margin over all previous methods
for all three P/I/O elements compared with the-state-of-art.

Table 1 Performance of the PubMed-PICO dataset in terms of precision (p), recall (r) and F; on the test set

Models P elements(%) I element(%) O element(%)
P R F, P R F, P R F,

LR 66.9 68.5 67.7 55.6 55.0 55.3 65.4 67.0 66.2
MLP 77.8 74.1 75.8 64.3 65.9 64.9 73.8 77.9 75.8
CRF 82.2 717.5 79.8 67.8 70.3 69.0 76.0 76.3 76.2
Bi-LSTM+CRF 87.8 83.4 85.5 72.7 81.3 76.7 81.1 85.3 83.1
CPED — BioBERT 92.8 89.2 91.0 84.1 85.0 84.6 88.0 89.8 88.9
BERTGCN-BioBERT 94.1 88.8 91.3 85.5 86.2 85.8 87.8 92.3 90.0

We compared the model performance of BERTGCN in combination with three different pre-training models, the
result are as shown in follow table. The model which combine with BioBERT gets the best performance of F1 scores
in all elements, and best performance of precision in P/O, best performance of recall in I/O. Overall, the model pre-
training based on domain knowledge is more likely to achieve better predictive performance than other types of
training models

Table 2 Performance of the BERTGCN using different pre-trained models

Models P elements(%) I element(%) O element(%)

P R F; P R F; P R F,
BERTGCN-BioBERT 94.1 88.8 91.3 85.5 86.2 85.8 87.8 92.3 90.0
BERTGCN-BERT 91.2 89.2 90.2 84.8 83.1 83.8 83.9 92.1 87.8
BERTGCN-RoBERTa 93.9 89.1 91.0 86.8 84.7 85.7 85.9 91.6 89.2

The performance of BERTGCN-BioBERT of under different lengths range with a sample size of 10000 are shown
in flow table. The change of the macro average precision of the three elements of the length of the text are shown in
the figure below. It shown that longer text length our proposed model is more likely to achieve a better text
classification performance.

Table 3 Performance of BERTGCN-BioBERT with different text lengths

Sentence P elements(%) I element(%) O element(%)

length P R F; P R F; P R F;
5-10 91.8 91.7 91.6 79.0 72.2 75.5 85.2 91.4 88.2
10-15 933 89.4 91.3 75.1 71.5 76.3 86.8 89.4 88.1
15-20 92.5 91.0 91.7 82.0 73.8 77.7 85.3 94.0 89.4
20-25 91.7 87.9 89.8 81.0 77.4 79.2 84.4 913 87.7
25-30 93.0 87.7 90.3 85.9 87.3 86.6 87.5 91.6 89.5
30- 93.5 87.5 90.5 85.6 88.4 87.0 88.3 91.6 90.0

4. Discussion

In this work, we introduced a state-of-the-art evidence-based medicine research PICO element detection model
BERTGCN, which takes the advantages from both large-scale pretraining models and transductive learning models.
Experiments demonstrate the power of the proposed BERTGCN model. Specifically, when sentences embeddings are
initialized with pre-trained BioBERT representations, our proposed model has achieved the best performance in all
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three kinds of task of evidence-based medicine research key elements detection. For the PubMed-PICO dataset, our
model achieves the prior state of the art, the F1-score of P/I/O in the model we proposed reached 91.3%, 85.8% and
90.0% respectively. This model is able to leverage the advantages of both kind of models: BERT, large-scale pre-
trained model, takes the advantage of the massive amount of raw data, then the GCN which is a kind of transductive
learning model jointly learns representations for both training data and unlabeled test by propagating label influence
through graph edges. Transductive learning is a particular method for text classification which makes use of both
labeled and unlabeled examples in the training process. The merits of GNNs and transductive learning are as follows:
(1) the decision for an element sentence (both training and test) does not depend merely on itself, but also its neighbors.
This makes the model more immune to data outliers; (2) at the training time, since the model propagates influence
from supervised labels across both training and test instances through graph edges, unlabeled data also contributes to
the process of representation learning, and consequently higher performances.

In this study, every potential research key elements is regarded as a node in the graph neural network, and it is
embedded in the graph with the link of the words that constitute it. This means that in the process of information
transmission, the longer the text length of research key elements, the more information can be obtained from other
nodes. Therefore, we tested the variation of the performance of our proposed model in the task of detecting research
key elements with different text lengths. As shown in Figure 3, F1 scores presents an upward trend with the increase
of text length, which reflects that text length is an important factor affecting evidence detection in evidence-based
medicine. Therefore, we should carry out the task of research key elements detection under the longer text length.

There are limitations in this study. We only used document statistics to build the graph, which might be sub-optimal
compared to models that are able to automatically construct edges between nodes. The relationships between words
can be constructed on basis of medical terminology such as MeSH [28] and UMLS [29]. It might improve the
performance when the texts are insufficient.

5. Conclusions

In this study, we present a novel method that combines the graph neural network and pretrained model, BERTGCN,
for the detection of medical evidence from literature. This method not only takes advantage of the text representation
function of the pre-trained model, but also makes use of the global co-occurrence information of words. The evaluation
on the PubMed-PICO dataset results showed that our method can successfully identified PICO elements with high
accuracy performance. It is proved that the text classification model based on graph neural network can improve the
recognition of evidence-based evidence. At the same time, graph neural network provides a new method for the use
of evidence-based evidence, such as the fusion of evidence with knowledge graph.

The capability of these tools is such that they can be deployed in an automated approach to monitor the latest
evidence-based medicine evidence, assist in system review writing and clinical practice guideline development,
clinical knowledge base development, and so on.
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