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Abstract

Background: Inrecent years, with increasesin the amount of information available and theimportance of information screening,
increased attention has been paid to the calculation of textual semantic similarity. In the field of medicine, electronic medical
records and medical research documents have become important data resources for clinical research. Medical textual semantic
similarity calculation has become an urgent problem to be solved.

Objective: This research aims to solve 2 problems—(1) when the size of medical data sets is small, leading to insufficient
learning with understanding of the models and (2) when information is lost in the process of long-distance propagation, causing
the models to be unable to grasp key information.

Methods: This paper combines a text data augmentation method and a self-ensemble ALBERT model under semisupervised
learning to perform clinical textual semantic similarity calculations.

Results: Compared with the methods in the 2019 National Natural Language Processing Clinical Challenges Open Health
Natural Language Processing shared task Track on Clinical Semantic Textual Similarity, our method surpasses the best result by
2 percentage points and achieves a Pearson correlation coefficient of 0.92.

Conclusions: When the size of medical data set is small, data augmentation can increase the size of the data set and improved
semisupervised learning can boost the learning efficiency of the model. Additionally, self-ensemble methods improve the model
performance. Our method had excellent performance and has great potential to improve related medical problems.

(IMIR Med Inform 2021;9(1):e23086) doi: 10.2196/23086
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efficient information matching and screening is crucial. The

Introduction

With the rapid development of computers and artificial
intelligence, information availability has begun to show
exponential growth. We are already in an era of information
explosion. When faced with alarge amount of information, time
is wasted screening valid information. In addition, a large
amount of information is stored in the form of text. Whether
involving cluster storage or referring to related information,

http://medinform.jmir.org/2021/1/e23086/

importance of text information processing research has become
very obvious. With major breakthroughs in the research of
related algorithmsin natural language processing and artificial
intelligence, increasingly, research has been devoted to text
information processing.

Textual similarity calculation [1] is a key technology for
efficient information screening and matching in thefield of text
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processing. Previous work [2-8] has proposed some methods
for textual similarity calculation, for example, traditional text
similarity calculation methods [2], word similarity calculation
[3], vector space model [4], and latent Dirichlet allocation model
[5]. At present, with the development of deep learning and
neural networks, methods based on neural networks have
become popular, for example, word vector embedding method
[6,7] and one-hot representation [8]. At the same time, these
methods can also be clinically applied.

In the field of medicine, with the rapid increase in electronic
medical data [9], electronic medical records and medical
documents have become important data resources for medical
clinical research. However, most of these data resources are
stored unprocessed or in heterogeneous text formats. To
understand the content of text data, it is necessary to integrate
structured and heterogeneous clinical data resources, medical
records, and scientific research documents. Similarity calculation
can improve information retrieval performance for medical
resources and effectively allow theintegration of heterogeneous
clinical data. The concept of semantic similarity evaluation is
the key to understanding text data resources, which can
effectively allow the processing, classification, and structured

Figurel. Anexamplefrom the Clinical STS.

Sentence 1:

Lietd

processing of those resources. For example, asemantic Similarity
method can be used to semantically analyze patient medical
recordsto identify similar cases and find the best solution.

However, a large number of publicly available medical data
sets are restricted because of privacy, and there are insufficient
sources of medical data sets. The scarcity of data sets has led
to the slow devel opment of natural language processing (NLP)
in the medical field. In recent years, more researchers have
begun to pay attention to this issue. Therefore, competitions
related to textual semantic similarity calculation have been
produced, such as SemEval [10], to develop an automated
method, and the 2019 National NLP Clinical Challenges (N2C2)
Open Health Natural Language Processing (OHNLP) [11,12]
shared task Track 1 on Clinical Semantic Textual Similarity
(STS) [13], for systems based on semisupervised learning. An
example of clinical STS is shown in Figure 1. The score
indicates the similarity between the 2 sentences are and fall
within an ordinal range, ranging from 0 to 5, where O means
that the 2 sentences are completely different (ie, their meanings
do not overlap) and 5 meansthat the 2 sentences have complete
semantic equivalence.

nortriptyline [PAMELOR] 50 mg capsule 1 capsule by mouth every bedtime.

Sentence 2:

Tylenol Extra Strength 500 mg tablet 2 tablets by mouth every bedtime.

Score:

1

Teamsthat participated inthe 2019 N2C2 OHNLP Clinical STS
challenge demonstrated good results with methods such as
multitask learning, XLNet, and Clinica BERT methods. In the
challenge, we used recursive neural networks and variants of
these neural networks for experiments, such as long short-term
memory neural networks [14], convolutional neural networks
[15,16], capsule neura networks [17], and ordered long
short-term memory neural networks. In addition, we combined
some popular deep learning mechanisms, such as attention [ 18]
and Siamese [19,20] networks. Through comparative
experimental research, we obtained a Pearson correlation
coefficient of 0.66 [21] in the official submission, which was
not a satisfying result. Compared with other teams methods,
our model had 2 drawbacks. First, because the size of clinica
data sets was small, there were not enough data to train the
model, which led to insufficient learning and understanding of
the model. Second, our model was based on a recurrent neural
network. Dueto theinfluence of theforget gate in the recurrent
neura network, important information may belost inthe process
of long-distance propagation, which prevents the model from
extracting key information. As aresult, the learning efficiency
of the model decreased.

To address the abovementioned problems, this paper proposes
asdf-ensemble[22] ALBERT [23] model under semisupervised

http://medinform.jmir.org/2021/1/e23086/

learning [24,25] with easy data augmentation (EDA) [26] to
calculate the semantic similarity of clinical text.

Methods

Overview

In this section, we introduce 3 highlights of our method. Our
method uses data augmentation and semisupervised learning to
expand the scale of the data set from different levels. We
pretrained ALBERT (based on self-ensemble methods) to
strengthen the acquisition of key information and improve the
performance of the model, and semisupervised learning and
data augmentation methods were used to expand the number of
data sets and increase the representation of data sets, which can
prevent self-ensemble methods from overfitting.

Data Augmentation

By using external general domain data sets for semisupervised
learning, we indirectly solved the problem of insufficient data.
However, for medical data, semisupervised learning does not
directly increase the amount of medical data. Therefore, we
used an EDA method to directly increase the amount of medical
data
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Generally, dataaugmentation isused in computer visionto flip,
zoom, and add noiseto a picture. These operations can increase
small amounts of data, which can help train a more robust
model; however, for text data, dataaugmentationismainly used
for operations such as replacing, adding, and deleting text.
Previous work [27,28] has proposed some methods for data
augmentation in NLP. For example, a study [27] trandated
sentences into French and then into English to generate new
data. Other work has used data noising as smoothing [28].

Table 1. Sentences generated using EDA.

Lietd

However, these methods are highly time- and
resource-consuming thus are not often used in practice.

In this paper, we use the form of EDA [26] shown in Table 1.
Dueto theirreplaceability of proper nounsin medical data, the
selection range of the replacement operation has been optimized
to keep proper nouns as much as possible. The size of medical
data set increased from 1642 to 16,411 after EDA. We can
intuitively see a substantial increase in the amount of medical
data. We verified that this method increases the size of data set.

Operation Sentence 1

Sentence 2

Sentence 3

oxycodone [ROXICODONE] 5 mg
tablet 0.5-1 tablets by mouth every
4 hours as needed.

None?

Synonym replacement oxycodone [ROXICODONE] 5 mg
tablet 0.5-1 tablets by mouth every

4 hours as indeed.

oxycodone [ROXICODONE] 5 mg
tablet 0.5-1 tablets by every mouth
every 4 hours as needed.

Random insertion

Random deletion oxycodone [ROXICODONE] 5 mg
tablet 0.5-1 tablets by mouth every

4 hours.

A lady isrunning her cute dog
through an agility course.

A lady isrunning her cute dog
through an legerity course.

A lady isrunning her cute dog

through an amazing agility course.

A lady isrunning her dog through
an agility course.

A beautiful woman with ayoung
girl pose with bear statuesin front
of astore.

A beautiful woman with ayoung
girl posewith bear figurinesin front
of astore.

A beautiful woman with ayoung
girl pose with lovely bear statuesin
front of a store.

A woman with ayoung girl pose
with bear statuesin front of astore.

@\one indicates that this sentence did not undergo any operation.

Semisupervised L earning
Because there was not a sufficient amount of medical data, the

training of the model was not complete. To solve this problem,
we used the semisupervised |earning method in transfer learning.

The semisupervised [29] pretraining task in NLP is a form of
transfer learning that aimsto establish awide range of semantic
understanding to promote the performance improvement of
training and testing tasks. It has been proven that semisupervised
pretraining in transfer learning is very effective in benchmark
NL P tasks, and the application prospectsin medical NLP tasks
are particularly broad. Nonspecific pretraining tasks are used
for general medical domain tasks; however, commonly used
and publicly available data sets are not specific to the medical
domain and may not bewell summarized. Therefore, thetransfer

http://medinform.jmir.org/2021/1/e23086/

of nonspecific pretraining tasks and the promotion of language
models to medical domain tasks are very important for future
model development.

To improve traditional semisupervised learning, we used the
teacher and student ideain data distillation [30,31] to improve
the design of semisupervised learning. Teacher—student refers
to the same training process. The beginning of the student's
training is the end of the teacher's training, which can deepen
thelearning of the model. We used the teacher—student approach
to design semisupervised learning. The teacher part uses adata
set from the common domain, using the STS-B data set from
the General Language Understanding Evaluation standard of
the general domain. The student part uses a clinical text data
set. Our semisupervised learning method is shown in Figure 2.
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Figure 2. Semisupervised learning.
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Sdf-Ensemble ALBERT Model

ALBERT has been applied to some tasks, such as natural
language inference [32], sentiment analysis [33], causality
analysis [34], and medica machine reading [35]. The
self-attention structure is the core part of the transformer
mechanism. The self-attention structure can directly calculate
the similarity between words, which can intuitively solve the
problem of long-distance information dependence. The
combined self-attention structure transformer's semantic feature
extraction ability isbetter than those of long short-term memory
and convolutional neural networks, and it performs better under
the combined action of decomposed embedding parametersand
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cross-layer shared parameters. Therefore, the pretrained
self-attention structure, namely, the pretrained ALBERT model,
was applied to our model. ALBERT is avariant of BERT that
adds 2 methods of decomposing embedded parameters and
sharing parameters across layers. It has 3 improvements. First,
ALBERT decomposes embedding, which makesalarge number
of parameters sparse and reduces the number of dictionaries.
Second, ALBERT adopts cross-layer parameter sharing, which
reduces the parameter scale and improves the training speed.
Third, ALBERT uses intersentence coherence, which makes
the model unaffected by specific tasks. The architecture of the
ALBERT model is shown in Figure 3.
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Figure 3. Model architecture.
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Input Token Embedding

Following ALBERT, we first embedded the input data. Our
embedding representation is constructed by the sum of token
embedding, segment embedding, and location embedding. The
input sequence is S=[s;, Sy, ..., S|, Where n is the number of
wordsintheinput. Thetokens“[CLS]” and “[SEP]” were added
at the beginning and end of each instance, respectively.

Then, weinput the datainto the ALBERT model, whichismade
up of n transformer stacks,

Sm=Transformer(Sm-1),

)
where S,, isthe output of transformer stack m.

Since the results do not need to be normalized, we did not use
an activation function.

To achieve the best performance, the ALBERT model was
fine-tuned. ALBERT models are usualy fine-tuned using
stochastic gradient descent methods. In fact, fine-tuning the

Figure4. (a) Traditional ensemble vs (b) self-ensemble architecture.

Transformer Output

performance of ALBERT isusualy sensitiveto different random
seeds and orders of the training data, especialy if the last
training sampleisnoisy. To aleviate thissituation, an ensemble
method was used to combine multiple fine-tuning models
because it can reduce overfitting and improve model
generalization. Theensemble ALBERT model usually has better
performance than asingle ALBERT model. However, training
multiple ALBERT models simultaneously is time-consuming.
It isoftenimpossibleto train multiple modelswith limited time
and GPU resources. Therefore, we improved the model
ensemble method to fine-tunethe ALBERT model. Our model’s
ensemble method is called self-ensemble. The self-ensemble
architectureisshown in Figure4. Theformulafor self-ensemble
is

ALBERT,,.=Max(Y¥_| ALBERT(S})), (2)
where ALBERT(S,)) represents the checkpoints of the model
with k training steps.
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warehouse. Since the Mayo Clinic has completed the
Data Sets & P

The Clinical STS shared task data set was collected from
electronic health record in the Mayo Clinic clinical data
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task data set will be extracted from the historical Generd
Electric and Epic systems.

STS-B is a carefully selected English data set used in shared
tasks between SemEval and SEM ST 'S between 2012 and 2017.
The datawas divided into atraining set, a development set, and
atest set. The development set can be used to design new models
and adjust hyperparameters. STS-B can be used to make
comparable assessmentsin different research work and improve
the tracking of the latest technol ogy.

Table 2 shows the size of data set in the Clinical STS data set
and the STS-B data set. The STS-B data set was used for the
semisupervised learning training model. The STS-B data set
comesfrom adata set collected by the general domain criterion

Table 2. Thesize of data set.

Lietd

General Language Understanding Evaluation. The Clinical STS
data set was used to test the experimental results. The Clinical
STS data set was provided by the competition organizer.

The STS-B data set provides paired text summaries, which are
mainly from STS tasks in SemEval obtained over the years.
The Clinical STS data set provides pairs of clinical text
summaries, which are sentences extracted from clinical notes.
Thistask assigns anumerical scoreto each pair of sentencesto
indicate their semantic similarity. Table 3 showsthat the scores
fall within an ordinal range, ranging from 0to 5, where 0 means
that the pair of sentences are completely different (ie, their
meanings do not overlap) and 5 meansthat the pair of sentences
have complete semantic equivalence.

Data set Training Validation Test
STSB 5749 1500 1379
Clinical STS 1642 N/AZ 412
Table 3. Similarity scores with examples.
Score Sentence 1 Sentence 2
0 The patient has missed 0 hours of work in the past seven  In the past year, the patient has the following number of visits: nonein
days for issues not related to depression. the hospital none in the er and one as an outpatient.
1 nortriptyline [PAMELOR] 50 mg capsule 1 capsule by Tylenol Extra Strength 500 mg tablet 2 tablets by mouth every bedtime.
mouth every bedtime.
2 bupropion [WELLBUTRIN XL] 300 mg tablet sustained  Flintstones Complete chewable tablet 1 tablet by mouth two times aday.
release 24 hour 1 tablet by mouth one time daily.
3 Given current medication regimen, the following parame-  Given current medication regimen, the following parameters should be
ters should be monitored by outpatient providers. None monitored by outpatient providers: lithium level
4 The diagnosis and treatment plan were explained to the Explained diagnosisand treatment plan; patient expressed adequate under-
family/caregiver who expressed understanding of theinfor-  standing of the information presented today.
mation presented.
5 Learns best by: verbal instructions as procedureisbeing  Learnsbest by: verbal instruction while procedure is performed, reading,
performed, reading, seeing, listening. seeing, listening.
Metric learning and self-ensembl e techniques, our model will be stored

We used the Pearson correlation coefficient as an evaluation
criterion for the performance of thetask. The Pearson correlation
coefficient,

Cov(X)Y) _ E((X-EX))NY -E(Y)))

Pxy™ JomyDy) | yDe)yD)

where E is the mathematical expectation (or mean), D is the
variance, and Cov(X,Y)=E{ [X — E(X)] [Y — E(Y)]} is the
covariance of random variables X and Y, is used to measure the
degree of correlation between 2 variables.

@)

Experimental Setting

In the experiments, we used Intel Xeon 2.2 GHz and Nvidia
Tesla V100 32 GHz processors. Since we use semisupervised

http://medinform.jmir.org/2021/1/e23086/

by the checkpoint. The input dimensions of each of our data
setsarethe same. The optimal setting for the length of theinput
sequence is 64, and the optimal setting for the batch size was
32. The optimal setting for the checkpoint was 200. The optimal
setting of the training step was 3598. In the experiments, we
did not cross-train on the data set.

Results

Performance Comparison

Table 4 showsthetop 5 performance resultsfor the 2019 N2C2
OHNLP Track 1 Clinical STS, the valuethat we obtained during
the challenge, and the value obtained by the method presented
in this paper. Our current method achieves a good result—the
Pearson correlation coefficient value exceeded the best result
by 2 percentage points.
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Table 4. Results on the test set for Clinical STS.
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Methods

Pearson correlation coefficient

Multitask learning, Clinica BERT
Multitask learning, BERT

BERT, XLNet

BERT

BERT, XLNet

Our previous method?®

Our method in this paper

0.90
0.89
0.88
0.87
0.87
0.66

0.92

@0rdered short long-term memory and attention.

Data Augmentation

The EDA method usestext replacement and del etion operations,
optimizes the selection range of replacement and deletion, and

Table 5. Comparison between the model with and without EDA.

retains the medical proper nounsin the data set. Table 5 shows
the effect of using EDA onthe model performance. After EDA,
the size of medical data set is expanded, and the model's
performance was greatly improved.

Methods

Pearson correlation coefficient

Without EDA?
With EDA

0.88

0.92

3EDA: easy data augmentation.

Semisupervised Learning
The semisupervised learning method uses the general domain
data set STS-B for training to solve the problem of insufficient

medical data. Table 6 shows the effect of using semisupervised
learning on the model performance. We can see that
semisupervised learning can grestly improve the efficiency of
the model.

Table 6. Comparison between the model with and without semisupervised learning.

Methods

Pearson correlation coefficient

Without semisupervised learning

With semisupervised learning

0.87
0.92

Sdf-Ensemble ALBERT

Table 7 shows the effect of using the self-ensemble method on
the model performance. We can see that the efficiency of the
model with self-ensemble is better than that of the ordinary
ensemble model. Additionally, self-ensemble greatly shortens

the training time of the model, reduces the calculation time of
the algorithm, and improves the efficiency of the algorithm.

BERT and ALBERT are pretrained models with the same
self-attention structure. As shown in Table 8, the performance
of ALBERT is better than that of BERT on the Clinical STS
data set.

Table 7. Comparison among the model without ensemble, the model with ensemble, and the model with self-ensemble.

Method Pearson correlation coefficient
None 0.85
Ensemble? 0.89
Self-ensemble 0.92

3Ensemble represents an ensemble method through multiple ALBERT models.
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Table 8. Comparison between the ALBERT and BERT models.
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Methods Runtime (minutes) Convergence speed?® (steps) Pearson correlation coefficient
BERT 50 3300 0.86
ALBERT 32 2700 0.92

8Convergence speed is measured using the training steps.

Discussion

Overview

This paper makes the following contributions. First, we used
the EDA text data augmentation method. Thismethod increased
the number of data through a series of operations and enriched
the semantics of the data. Second, for the problem of insufficient
medical data, we used a semisupervised learning method. This
method relied on the use of external datato enrich the semantics.
Third, to solve the problem of learning complex semantics and
theloss of key semantic information, we used the self-ensemble
ALBERT model for semantic similarity calculation of clinical
text. This method not only improves the results of the semantic
similarity calculation of clinical text but also, due to the
improvement of the self-ensemble of our model, allows the
algorithm to shorten its running time and improveits efficiency.
With these techniques, our model obtained a Pearson correlation
coefficient of 0.92.
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