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Abstract

Background: Although electronic health records (EHRS) have been widely adopted in hedlth care, effective use of EHR data
is often limited because of redundant information in clinical notesintroduced by the use of templates and copy-paste during note
generation. Thus, it is imperative to develop solutions that can condense information while retaining its value. A step in this
direction is measuring the semantic similarity between clinical text snippets. To address this problem, we participated in the 2019
National NLP Clinical Challenges (n2c2)/Open Health Natural Language Processing Consortium (OHNLP) clinical semantic
textual similarity (Clinical STS) shared task.

Objective: This study aims to improve the performance and robustness of semantic textual similarity in the clinical domain by
leveraging manually labeled data from related tasks and contextualized embeddings from pretrained transformer-based language
models.

Methods: The Clinical STS data set consists of 1642 pairs of deidentified clinical text snippets annotated in a continuous scale
of 0-5, indicating degrees of semantic similarity. We developed an iterative intermediate training approach using multi-task
learning (11 T-MTL), amulti-task training approach that employsiterative data set selection. We applied this processto bidirectional
encoder representationsfrom transformerson clinical text mining (Clinical BERT), apretrained domain-specific transformer-based
language model, and fine-tuned the resulting model on the target Clinical STS task. We incrementally ensembled the output from
applying IIT-MTL on Clinical BERT with the output of other language models (bidirectional encoder representations from
transformersfor biomedical text mining [BioBERT], multi-task deep neural networks [MT-DNN], and robustly optimized BERT
approach [RoBERTa]) and handcrafted features using regression-based learning algorithms. On the basis of these experiments,
we adopted the top-performing configurations as our official submissions.

Results:. Our system ranked first out of 87 submitted systems in the 2019 n2c2/OHNLP Clinical STS challenge, achieving
state-of -the-art results with a Pearson correlation coefficient of 0.9010. Thiswinning system was an ensembled model leveraging
the output of [IT-MTL on ClinicalBERT with BioBERT, MT-DNN, and handcrafted medication features.

Conclusions: Thisstudy demonstratesthat I T-MTL isan effective way to leverage annotated data from related tasksto improve
performance on atarget task with alimited data set. This contribution opens new avenues of exploration for optimized data set
selection to generate more robust and universal contextual representations of text in the clinical domain.
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Introduction

Background

The wide adoption of electronic health records (EHRs) has led
to clinical benefits with increased efficiency and financia
benefits [1]. Although electronic documentation has greatly
improved the legibility and accessibility of clinica
documentation, the use of templates and copy-paste during note
generation hasinadvertently introduced unnecessary, redundant,
and potentially erroneousinformation (ie, note bloat), resulting
in decreased readability and functional usability of the generated
clinical notes [2-5]. A previous study [6] on 23,630 clinical
notes identified that in atypical note, only 18% of the text was
manually entered, whereas 46% was copied and 36% imported.
This problem of note bloat not only increases physician
cognitive burden [7] but also becomes a challenge for the
secondary use of EHRs in clinical informatics [8]. Figure 1
illustrates this challenge with an example of 2 sample clinical
notes from the same patient from consecutive visits; blue and
yellow highlighted text indicate content that have been added
or modified, respectively, whereas the plain unhighlighted text
indicates information that is the same across clinical notes.

One way to minimize data redundancy and highlight new
information in unstructured clinical notes can be to compute
the semantic similarity between clinical text snippets. This
process of measuring the degree of semantic equivalence
between clinical text snippets is known as clinical semantic
textual similarity [9]. As semantic textual similarity (STS) isa
foundational language understanding problem, successful
modeling of this task may help improve other higher-level
applicationsintheclinical domain[9], such asclinical question
answering with evidence-based retrieval, clinical text
summarization, semantic search, conversational systems, and
clinical decision support.

The 2019 National NLP Clinical Challenges (n2c2)/Open Hedlth
Natural Language Processing Consortium (OHNLP) track on
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clinical semantic textual similarity (ClinicalSTS) [10] was
organized to tackle this specific task: given a pair of clinical
text snippets, assign a numerical score from 0 to 5 to indicate
the degree of semantic similarity. This is an extension of a
previous challenge from BioCreativel OHNLP 2018 Clinical STS
[11,12] that wasinspired by the Semantic Evaluation (SemEval)
semantic textual similarity (STS) shared tasks [13-18], which
have been organized since 2012 in the general domain.

Pretrained language models have been shown to be effective
for achieving state-of-the-art results on many general and
clinical domain natural language processing (NLP) tasks [19],
including STS. However, when the target domain differs
substantially from the pretraining corpus, the contextualized
embeddings may beineffective for thetarget task. Furthermore,
when the amount of training data are limited, asis common for
clinical NLPtasks, fine-tuning experiments are potentially brittle
and rely on the pretrained encoder parameters to be reasonably
closeto anideal setting for thetarget task [20]. A previous study
has shown that small training data sets can significantly benefit
from an intermediate training step [20]. In a complementary
work, multi-task learning (MTL) [21] has been shown to be
effective in leveraging supervised data from multiple related
tasks for a target task. Furthermore, it has been observed that
MTL and language model pretraining are complementary
technologies [21].

On the basis of these observations, we present a novel
methodology that iteratively performs intermediate training of
a pretrained language model in an MTL setup using related
data-rich tasks. In this iterative process, related data sets were
purposefully selected to induce representative knowledge of the
target task. In addition, we evaluated the impact of combining
multiple transformer-based language models pretrained on
diverse corpora. Our system ranked first in the 2019
n2c2/OHNLP Clinical STS challenge, achieving state-of-the-art
results.

JMIR Med Inform 2020 | vol. 8 | iss. 11 | €22508 | p. 2
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS

Mahgjan et a

Figure 1. Two sample clinical notes for the same patient from consecutive visits. Plain text indicates same content between 2 notes; italics (yellow
highlight) indicate the content that has been modified, and bold (blue highlight) indicates new content in the second note.

ASSESSMENT/PLAN:

1. 250.0 DM w/o complication type II, controlled
Improved contreol but admits to dietary indiscretion.
with addition of Victoza.

- C/w Vietoza 1.8 mg in the morning.

- C/w U-500 to 0.20 ml before each meal.
meal.

- Check labs today.
insulin doses.

Has improved

To take 30 minutes before
If AIC is indeed < 6%, will decrease U-500

- Encouraged regular aercbic exercise and weight loss
- Discussed diabetic education issues of long term diabetic
complications, hypoglycemic symptoms, hyperglycemic symptoms, diet,
medications- side
effects and need for compliance, and importance of annual
examinations with Ophthalmology with patient.

BP goal of <130/80 Improved. UACR normal.
- LDL goal of <100. At goal. C/w simvastatin.
- Vibrateory sensation has normalized! Normal monofilament
sensation. No foot lesions.
- Background retinopathy at last eye exam in 2011.
to £/u with ophtho.

Instructed pt

2. 401.1 Essential hypertension, benign - Improved control. On
Coreg 25 bid, lisinopril 20mg bid, hydralazine 25 mg tid, aldactone
25 bid and Lasix 20mg bid.

- C/w current regimen.

- Instructed pt to f£/u with Nephrology.

3. Otitis media

- **NAME[ZZZ] for amoxicillin 500mg gl2 x 7 days.

KEY:
New Changed Unchanged

Relevant Literature

STS is defined as the comparison of a pair of text snippets,
approximately one sentence in length, resulting in a numerical
score that takes a value on a continuous scale of 0 to 5,
indicating degrees of semantic similarity [9,18]. STS, aong
with paraphrase detection and textual entailment, is aform of
semantic relatedness task. Paraphrase detection is the
identification of sentences that are semantically identical [22],
whereas textual entailment is the task of reasoning if one text
snippet can be inferred from another [23-25]. STS is more
similar to paraphrase detection because of the symmetricity of
the relationship, as compared with entailment, which is
asymmetric. However, unlike paraphrase detection, STS expands
on the binary output scoring in paraphrase detection to capture
gradations of relatedness.

Early research on STS, in both the general and clinical domains,
focused on lexical semantics, basic syntactic similarity, surface
form matching, and alignment-based methods [26-28]. The
overarching theme behind these methods is the identification,
alignment, and scoring of semantically related words and phrases
and aggregating their scores. However, the absence of a
principled way of combining the topological and semantic
information led to the construction of sentence representations
by building a linear composition of the distributed
representations of individual words [29-32]. Although these
techniques were an improvement over traditional approaches,
they fell short as they did not take the surrounding context into
account while generating distributed representations.

Early attempts at building richer representations that encode
several linguistic aspects of asentence for computing similarity
included paragraph vectors[33-36], word embedding weighting
and principal component removal [37], and convolutional deep

http://medinform.jmir.org/2020/11/e22508/
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ASSESSMENT/PLAN:

1. 250.0 DM w/o complication type II, controlled

Worsened control, had decreased his U=500 insulin dose to 0.15 ml bid
be of hypeglycemia.
- Increase U-500 insulin to 0.20 ml twice a day.
before meal.

- Cfw Victocza 1.8 mg in the morning.

- Encouraged regular aercbic exercise and weight loss

- Discussed diabetic education issues of long term diabetic
complications, hypoglycemic symptoms, hyperglycemic symptoms, diet,
medications- side

AlC increased to 7.8%.
To take 30 minutes

effects and need for compliance, importance of annual examinations
with Ophthalmology with

patient.

- BP goal of <130/80 Suboptimal today. UACR normal.

- LDL goal of <100. At geoal. C/w simvastatin.

- Mild DM neuropathy with diminished vibratory sensation. No foot
lesions. Had normal vib sensation at last visit with iImproved AIC.

- Background retinopathy at last eye exam in 2011. Instructed pt to
f/u with ophtho.

2. 401.1 Essential hypertension, benign - Suboptimal today.
On Coreg 25 bid, lisineopril 20mg bid, hydralazine 25 mg tid,
aldactone 25 bid and Lasix 20mg bid.

- C/w current regimen.

- Instructed pt to ffu with Nephrology .

- Repeat BMP prior to OV.

3. Otitis media
2nd episode.
duration.

- **NAME[ZZZ] for amoxicillin 875 mg gl2 x 10 days.
= 1If no improvement, will refer to ENT.

Will give higher dose of amoxicillin for longer

structured semantic model [38,39]. However, recent studies on
pretrained language models have achieved a breakthrough in
sentence representation learning [19,40,41]. Bidirectional
encoder representations from transformers (BERT) build upon
the ideas from the transformer [42] to construct rich sentence
representations and has achieved state-of -the-art results on many
general and clinical domain NLP tasks[24,43]. In this process,
atransformer-based modél is first pretrained on large corpora
tolearn universal language representations and isthen fine-tuned
with atask-specific output layer for the target task. BERT has
been adapted to biomedical (bidirectional encoder
representations from transformers for biomedical text mining
[BioBERT]) [44] and clinica (bidirectional encoder
representations from transformers on clinical text mining
[Clinica BERT]) domains [45,46].

The performance of BERT and its domain-specific variants
could be further improved through MTL. MTL [47] refers to
training amodel simultaneously for multiple related tasks, and
MTL benefits from a regularization effect by alleviating
overfitting to a specific task, thus making the learned
representations universal across tasks. Supplementary training
on intermediate tasks refers to the second stage of pretraining
of amodel, with data-rich intermediate supervised tasks. Recent
studies, such as multi-task deep neural networks (MT-DNN)
[21] and supplementary training on intermediate |abeled-data
tasks [20], show that the use of MTL and intermediate
pretraining generates more robust and universal learned
representations, resulting in better domain adaptation with fewer
in-domain labels.

The winning systemsin Clinical STS 2018 challenge [48] and
SemEval 2017 [49] built upon a combination of approaches
referenced earlier in this section. In general, they employed
ensembl ed feature engineering methods (random forest, gradient
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boosting, and X GBoost) with features based on n-gram overlap,
edit distance, longest common prefix/suffix/substring, word
alignments [50,51], summarization and machine trandation
evaluation metrics, and deep learning [36,52]. In contrast to
these systems, our study builds upon the modern neura
approaches referenced earlier. Specifically, our system
implements MTL and supplementary training on intermediate
labeled tasks with ClinicalBERT to achieve state-of-the-art
performance on the ClinicaSTS 2019 task. Following the
demonsgtration of our system at the 2019 n2c2/OHNL P challenge
presentation, additional systems leveraging MTL in
ClinicalBERT [53,54] have been implemented with promising
results.

Methods

Data Set

The 2019 ClinicalSTS data set was prepared by the
n2c2/OHNLP challenge organizers from sentences collected
from clinical notesinthe Mayo Clinic’sclinical datawarehouse.

Mahgjan et a

Candidate sentence pairs were then generated using an average
value =0.45 of surface lexical similarity methods, namely,
Ratcliff/Obershelp [55], cosine similarity, and Levenshtein
distance. This resulted in 2054 pairs, of which 1642 were
released asthetraining set and the remaining 412 were held by
the organizers for testing. Protected health information was
removed using a mix of frequency filtering approach [56] and
manual review process. Each sentence pair was independently
reviewed by 2 clinical experts and scored on a scale of 0to 5
based on their semantic equivalence (0 for no semantic
equivalence to 5 for complete semantic equivaence).
Interannotator agreement was 0.6 based on weighted Cohen
kappa. The averaged score between the 2 annotators was used
asthe gold standard. Table 1 presents afew examples from the
data set.

We split the provided training data set of 1642 sentence pairs
into 75.03% (1232/1642), 14.98% (246/1642), and 9.99%
(164/1642) to form our train, validation, and internal test data
sets, respectively.

Table 1. Sample sentence pairs and annotations from the clinical semantic textual similarity data set.

Ground truth® Score Observations

Sentence 1 Sentence 2 Domaindependence  Comments

“The patient was taken to the PACUP ina ~ * The patient wastaken to the post anesthe- 5.0 Domain specific Clinical abbreviations
stable condition.” sia care unit postoperatively for recovery.”

“Albuterol [PROVENTIL/VENTOLIN] 90  “Ipratropium-Albuterol [COMBIVENT] 18- 3.5 Domain specific Medication instruction
meg/Act HFACAerosol 1-2 puffs by inhala- 103 meg/Actuation Aerosol 2 puffsby inhala- parsing

tion every 4 hours as needed.” tion two times a day as needed”

“Cardiovascular assessment findingsinclude “Cardiovascular assessment findingsinclude 3.0 Domain specific Medical concept simi-
heart rate normal, atrial fibrillation with  pegrt rate, first degree AV9Block” |arity and medical
controlled ventricular response” concept mapping
“Hewas prepped and draped inthe stan-  “The affected shoulder was prepared and 3.0 Domainindependent  Alignment

dard fashion.” draped with the usual sterile technique”

“Musculoskeletal: Positivefor gait problem, “Musculoskeletal: Negative for back pain, 1.5 Domainindependent Assertion classifica-

joint swelling and extremity pain.” myalgias and extremity pain.”

tion (polarity)

3 talics indicate the phrases within each sentence which correspond to the observations.

bpacu: post anesthesia care unit.
°HFA: hydrofluoroalkane.
dav: atrioventricular.

Analysis of this data set revealed 2 characteristics that we
consider in our approach to thistask. First, thelack of sufficient
training data makesit difficult to train robust machine learning
models using only the given training data. Second, clinical
semantic similarity relies on both domain-specific (eg, clinical
abbreviation expansion, medical concept detection, and medical
concept normalization) and domain-independent (eg, assertion
classification and alignment detection) aspects, as demonstrated
by the sample sentence pairsin Table 1. For the first sentence
pair, a domain-specific understanding of PACU as an
abbreviation for post anesthesia care unit is necessary to infer
the high semantic equivalence. For the fourth sample sentence
pair, domain-independent understanding of the difference in
polarity between Positive and Negativeis hecessary to infer the
low similarity equivalence.

http://medinform.jmir.org/2020/11/e22508/

To address the lack of sufficient training data and leverage the
domain-specific and domain-independent aspects of clinical
semantic similarity, we propose an approach that combines the
following:

- an iterative intermediate multi-task training step for
effective transfer learning employing other rel ated annotated
data sets

« an ensemble module that combines language models
pretrai ned on both domai n-specific and domain-independent
data sets and also incorporates other features.

Iterative Intermediate Training Using MTL

We performed iterative multi-task training on a
transformer-based language model using annotated data sets
from related tasks to induce representative knowledge of the
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target task. With eachiteration, annotated data setsfrom related
tasks were added or removed. Following data set selection, the
language model was then trained using MTL on the selected
data sets, fine-tuned on the target task, and its results were
evaluated and error analysis was performed to determine the
data set selection for the next iteration. We refer to this entire
process as iterative intermediate training using multi-task
learning (11 T-MTL).

IIT-MTL is analogous to traditional feature-based machine
learning methodologies, where performance evaluation and
error analysis lead to feature selection used to train the model.
In IIT-MTL, instead of feature selection, data set selection is
employed to select data sets. Figure 2 presents [IT-MTL
compared with the traditional machine learning approach.

Mahgjan et a

For the Clinical STS task, Clinical BERT was used as our base
model as it was pretrained on a clinical corpus and provides
clinicaly specific contextual embeddings most suited to our
task. Through IIT-MTL, a refined clinical domain-specific
language model, IT-MTL on Clinica BERT
(IIT-MTL-Clinica BERT), is obtained that has been iteratively
tuned for high performance on the Clinical STS task.

In the following sections, we present each step of IIT-MTL as
applied to the ClinicalSTS task: (1) the data set selection
process, including details of each iteration and data sets used;
(2) the M TL architecture with the task-specific layers considered
during the iterative process; and (3) fine-tuning on the target
task.

Figure 2. Comparison of traditional machine learning approach (left), where performance evaluation and error analysis lead to feature selection, and
our proposed iterative training using multi-task learning approach (right), where performance evaluation and error analysis lead to data set selection.

Feature selection

Performance

luat Traditional
evaluation ) .
machine
s il s e Train model
analysis g

‘ Evaluation

Data Set Sdlection

For effective performance on the target Clinical STS task, we
not only trained our model using MTL as an intermediate step
but also iteratively selected the data sets employed during this
process based on error analysis of the performance on thetarget
task. The selection of complementary data setsiscritical to this
process asit significantly impacts the contextual representations
in the final model.

Several publicly available data sets were considered in these
iterations, including Semantic Textual Similarity Benchmark
(STS-B) [18], Recognizing Question Entailment (RQE) [57],
natural language inference data set for the clinical domain
(MedNL1) [24], and Quora Question Pairs (QQP) [58]. STS-B
consists of 8.6 K sentence pairs drawn from news headlines,
video and image captions, and natural language inference data,
each annotated with a score of 0 to 5 to indicate the degree of
semantic equivalence. RQE consists of 8.9 K pairs of clinical
guestions, each annotated with a binary value to indicate
entailment (or lack of) between the 2 questions. MedNLI

http://medinform.jmir.org/2020/11/e22508/

Data set selection

/ N

Perfolrmt:?nce | Iterative training [ Train model |
zv:du;r:gp using multi-task | (multi-task train
) learning and fine-tune)
__analysis
Evaluation

consists of 14 K sentences extracted from clinical notesin the
Medical Information Mart for Intensive Care (MIMIC-III)
database [59], with each sentence pair annotated as either
entailment, neutral, or contradiction. QQP consists of 400 K
pairsof questions extracted from the Quora question-and-answer
website, each annotated with a binary value to indicate the
similarity (or lack of) between the 2 questions. We created 2
additional data sets for use in IIT-MTL for ClinicaSTS: a
sentence topic-based data set (Topic) and a medication named
entity recognition data set (MedNER). Topic was created on
sentences within the Clinical STS data set, where each sentence
was manually annotated with a label from a predefined list of
topics (eg, MED, SIGNORSYMPTOM, EXPLAIN, and
OTHER). MedNER was autogenerated using a medication
extraction tool [60] on 1000 randomly selected clinical notes
in the MIMIC-III database to recognize medications and its
related artifacts (eg, strength, form, frequency, route, dosage,
and duration). A summary of all data sets used is presented in
Table 2, with additional details provided in Multimedia
Appendix 1[10,18,24,57,59-62].
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Table 2. Datasets used in multi-task learning.
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Data set Task Domain Size Example
STS-B? Sentencepar smilar--  Genera 8600 Sentence 1: “A young child isriding a horse”; Sentence 2: “A childis
ity riding ahorse”; Similarity: 4.75
RQEb Sentencepair classi- Biomedical 8900 Sentence 1: “Doctor X thinks heis probably just anormal 18 month
fication old but would like to know if there are a certain number of respiratory
infectionsthat are considered normal for that age”; Sentence 2: “Praob-
ably anormal 18 month old but how many respiratory infections are
normal”; Ground truth: entailment
MedNLIC Sentence pair classi-  Clinical 14,000 Sentence 1. “ Labswere notablefor Cr 1.7 (baseline 0.5 per old records)
fication and lactate 2.4”; Sentence 2: “Patient has normal Cr”; Ground truth:
contradiction
QQPd Sentencepair classi- General 400,000 Sentence 1: “Why do rockets ook white?’; Sentence 2: “Why are
fication rockets and boosters painted white?’; Ground truth: 1
Topic Sentence classifica=  Clinica 1,300,000 Sentence: “Negative for difficulty urinating, pain with urination, and
tion frequent urination”; Ground truth: SIGNORSY MPTOM
MedNER® Token-wise classifi-  Clinical 15,000 Sentence: “ he devel oped respiratory distresson the AM' of admission,

cation

cough day PTAY, CX RMwith B/L' LI PNAK, started ci profloxacin and
levofloxacin”; Ground truth: ciprofloxacin [DRUG] levofloxacin
[DRUG]

83TS-B: semantic textual similarity benchmark.
bRQE: Recognizing Question Entailment.
®MedNLI: natural language inference data set for the clinical domain.
dQQP: Quora Question Pairs.

EMedNER: medication named entity recognition.
fam: morning.

9PTA: prior to admission.

PCXR: chest X-ray.

'B/L: bilateral.

ILL: 1€ft lower.

KPNA: pneumonia.

We established 2 baselines by fine-tuning 2 pretrained language
models, BERT and ClinicalBERT, on the target ClinicaSTS
task. Using the stronger baseline of Clinical BERT, atotal of 5
iterationswere performedin I T-MTL for the Clinical STS task.
The selection of data sets for each iteration was decided based
on our understanding of the Clinical STStask and error analysis
of the results of the previous iteration. The data set selection
for each iteration is detailed as follows. For each iteration, D
indicates the set of data sets used for multi-task training,
following which the model is further fine-tuned to the target
Clinical STS task and evaluated before the next iteration.

« lteration 1: D={STSB}: STSB was employed for
multi-task training because it conforms to the same task
(STS) in the general domain.

« lteration 2: D={STSB, RQE, MedNLI}: Next, we added
RQE and MedNLI, which are sentence pair classification
tasksin the clinical domain, and, hence, are similar to our
target task from a domain perspective.

« lteration 3: D={STSB, RQE, MedNLI, Topic}: Analysis
of the output from iteration 2 showed that sentence pairs

http://medinform.jmir.org/2020/11/e22508/

on different topics within Clinical STS express similarity
in different ways. Thus, we created and added the Topic
data set.

« lteration 4: D={STSB, RQE, MedNLI, Topic, MedNER}:
Analysis of the output from iteration 3 showed that
medication instruction sentences (eg, “Tylenol tablet 2
tablets by mouth as needed.”) were the worst performing
sentence pairs. To induce medication-related knowledge,
we created and added the MedNER data set to the mix.

+ lteration 5: D={STSB, RQE, MedNLI, Topic, MedNER,
QQP}: QQP was added in our final iteration as it is a
sentence pair classification task, although in the general
domain.

Thefinal set of data sets used in the model for the Clinical STS
task (IIT-MTL-Clinica BERT) was determined based on the
performance analysis of each iteration.

Intermediate M TL Architecture

The architecture of our intermediate MTL setup is shown in
Figure 3 and is based on the process specified in the study by
Liuet al [21].
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Figure 3. Intermediate multi-task learning and fine-tuning architecture. Clinica STS: clinical semantic textual similarity; STS-B: semantic textual
similarity benchmark; RQE: recognizing question entailment; MedNLI: natural language inference data set for the clinical domain; QQP: Quoraquestion
pairs; MedNER: medication named entity recognition data set; Clinica BERT: bidirectional encoder representations from transformers on clinical text

mining.

Similarity score /
A

INTERMEDIATE MULTI-TASK LEARNING

\

Fine-tuning
Sentence pair Sentence pair Single sentence Token -
ClinicalSTS similarity classification classification classification L IaSR'SpECJf'C
. ayers
STS-B RQE and MedNLI Topic and QQP MedNER
A _—
: r J
[ | =
h[ClS] h1 hz hs hn 1 hn h[sm
[ \
ClinicalBERT
n | Shared
l Layers
(s ) (1ok | (1ok | (o ) - [0k | (105 (1527
A
I _
Single sentence X or pair of sentences (X;,X;)

\

/

The lower shared layers are based on BERT-base architecture
[19], whereasthe higher segregated layers represent task-specific
outputs. The task-specific layers correspond to the data sets
selected during the data set selection.

The input can either be a single sentence (X) or a pair of
sentences (X4, X,) delimited with the separating token ([SEFY]).
All input texts are tokenized using WordPieces [63] and
truncated to spans no longer than 512 tokens. Following this,
tokens are added to the start ([CLS]) and end ([SEP]) of the
input. In the shared layers, alexicon encoder convertsthe input
into asequence of input embedding vectors, onefor each token.
Next, atransformer encoder capturesthe contextual information
and generates a segquence of contextual embeddings. This
semantic representation is shared across all tasks and feedsinto
multiple lightweight task-specific  architectures, each
implementing a different task objective. In the training phase,
we fine-tuned the shared layers along with task-specific layers
using the multi-task objectives, detailed below:

+  Sentence Pair Smilarity: Suppose hyc g is the contextual
embedding of [CLS] for input sentence pair (X4, X,) and
Wgpg IS atask-specific parameter vector. We utilized afully
connected layer to compute the similarity score

sim (X, X,) = Wips “hicisi | where Sim (1.X2) is a real value

of range (-, «). We use the mean squared error as the
objective function:

(y — sim (X, X,))?
wherey isthe similarity score for the sentence pair.

+ 39ngle Sentence Classification: Suppose hic g is the
contextual embedding of [CLS] for input sentence X and

http://medinform.jmir.org/2020/11/e22508/

Weee IS a task-specific parameter vector. The probability
that X islabeled asclasscis predicted by logistic regression
with softmax:

P(x|X) = softmax (Wisc * hicwsy)

This task is trained using the cross-entropy loss as the
objective:

= 10¢,¢)log(P(clx))

where 1(X, €) isthe binary indicator (0 or 1) if the class|abel
cisthe correct classification for X.

+ Sentence Pair Classification: Suppose hic g is the
contextual embedding of [CLS] for sentence pair (X4, X5)
and wepc IS a task-specific parameter vector. As the two
sentences are packed together, we can predict that the
relation R between X; and X, is given as

PR Xy, Xo) = softmax Wre *hiews)) gmiilar to single sentence

classification. We trained the task using the cross-entropy
loss as specified previously

+ Token Classification: Suppose hj;.; is the contextual
embedding for tokens Tok [.; in packed sentence pair (X4,
X5) and wy is atask-specific parameter vector. The token
classification is trained using a per-entity linear classifier,
where the probability that Tokp; labeled as class ¢ is
predicted by logistic regression with softmax:
P(clTokiy) = softmax whe ) - Here, J € {1:n} | This task is
trained using the cross-entropy loss as specified previously.

The process for training our intermediate MTL architecture is
demonstrated in Textbox 1. We initialized the shared layers of
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our architecture with the parameters of the pretrained
ClinicalBERT [46]. The task-specific layers were randomly
initialized. We jointly refer to them as 6. Next, we created
equal-sized subsamples (mini-batches) from each data set. For
every epoch, a mini-batch b, was selected (from each of the

Textbox 1. Multi-task learning algorithm.

Mahgjan et a

MTL data setsdetailed previously), and the model was updated
according to the task-specific objective for task t. We used the
mini-batch—based stochastic gradient descent to update the
parameters. A detailed explanation of the training parameters
isprovided in Multimedia Appendix 2 [19,21,63-65].

Initialize model parameters 6
Create E by merging mini-batches (by) for each data setin D
for epochin 1,2,....., epochyax do
Shuffle E
for by in E do
Computeloss: L (8) based on task t;
Compute gradient: [1(6)
Update model: 6=6—n0(6)
end

end

Fine-Tuning

After multi-task training, we fine-tuned the model on the target
ClinicalSTStask. As Clinical STSis a sentence similarity task,
we fine-tuned the sentence pair similarity task-specific layer of
the multi-task architecture (Figure 3) to train the model using
the Clinical STS data set. The predictions on the internal test
data set were evaluated, which drove the data set selection
process. A detailed explanation of the training parameters is
provided in Multimedia Appendix 2.

Ensemble M odule

To induce both domain-specific and domai n-independent aspects
of clinical semantic similarity, we leveraged other pretrained
language models in addition to I T-MTL-Clinical BERT in the
ensemble module. During this process, we fine-tuned other
pretrained language models on the target task, ensembled their
predictions with predictions from [IT-MTL-Clinica BERT
(which was aready fine-tuned during IIT-MTL), and then
incorporated additional similarity features. In the following
sections, we describe the (1) language models used, (2)
additional similarity features incorporated, and (3) different
ensembling techniques explored.

http://medinform.jmir.org/2020/11/e22508/

Language Models

A total of 4 language modelswere used in our ensemble module:
[IT-MTL-Clinical BERT, BioBERT [44], MT-DNN [21], and
robustly optimized BERT approach (RoBERTa) [66].
[IT-MTL-Clinica BERT, the output of 1IT-MTL, was derived
from Clinica BERT [46], and therefore, it provided clinical
domain-specific contextual embeddings. To provide contextual
representationsfrom asimilar but slightly different domain, we
used BioBERT, which is also BERT-based but has been further
pretrained on the biomedical corpus. To account for the
domain-independent aspects of clinical semantic similarity, we
used language models from the general domain, specifically
RoBERTaand MT-DNN. RoBERTais based on BERT but has
been optimized for better performance, whereas MT-DNN
leverages large amounts of cross-task data, resulting in more
generalized and robust text representations. We selected
RoBERTa and MT-DNN for use in our ensemble module
because at the time of the 2019 n2c2/OHNLP challenge, they
achieved state-of-the-art results on multiple tasks similar to
ClinicalSTS, including STS-B [43], Multi-Genre Natural
Language Inference[23], Question answering Natural Language
Inferencing [67], and Recognizing Textual Entailment [68].
Table 3 presents an overview of the language models used in
our experiments.
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Table 3. Pretrained language models used in the ensemble module and their training corpora.

Language model Corporafor language model pretraining Domain
MT-DNN2 Wikipediat+BookCorpus General
ROBERTZ Wikipedia+BookCorpus+CC-News+OpenWebText+Stories Genera
BioBERT® Wikipedia+BookCorpus+PubMed+PMCY Biomedical
IIT-MTL-Clinica BERT® Wikipedia+BookCorpus+MIMIC-IIIf Clinica

M T-DNN: multi-task deep neural networks.

PROBERTa: robustly optimized bidirectional encoder representations from transformers approach.
BioBERT: hidirectional encoder representations from transformers for biomedical text mining.

dPMC: PubMed Central

IT-MTL-Clinical BERT: iteratively trained using multi-task learning on Clinical BERT.

TMIMIC-111: Medical Information Mart for Intensive Care.

Other Similarity Features

Under the hypothesis that aggregating similarity metrics from
different perspectives could help further boost performance, we
incorporated additional string similarity features to our
ensembled model. On the basis of the observation that
medication instructions appear frequently in our data set, we
incorporated medication features by (1) using a medication
information extraction system [69] to extract medications and
its related attributes (eg, drug name, dosage, duration, form,
frequency, route, and strength) from the text and (2) converting
the extracted attributes into composite features. We also
incorporated additional features shown to be useful in the
previous 2018 Clinical STS challenge, including domain-specific
features and phrasal similarity features. Details on these features
are provided in Multimedia Appendix 3 [50,51,69-71].

Figure 4.

Ensemble M ethods

A total of 3 learning algorithms for regression were used for
ensembling language model outputs and features: linear
regression, Bayesian regression, and ridge regression. Note that
we also explored random forest and X GBoost, which were used
in the previous year's winning systems, but found that they
underperformed, and therefore, we did not use those methods.
On the basis of the performance on theinternal test data set, we
experimented with incrementally averaging different
combinations of the constituent model outputswhile adding the
other similarity features previously described. A detailed
explanation of thetraining parametersis provided in Multimedia
Appendix 2.

Figure 4 presents an overview of our end-to-end system on the
ClinicalSTS task, consisting of an iterative intermediate
multi-task training step followed by an ensemble module. Note
that the intermediate MTL and fine-tuning portion of Figure 4
was presented earlier in more detail in Figure 3.

Overview of our end-to-end system. Clinica BERT: bidirectional encoder representations from transformers on clinical text;

IIT-MTL-Clinical BERT: iterative intermediate training using multi-task learning on Clinical BERT; MT-DNN: multi-task deep neural networks;
RoBERTa: robustly optimized BERT approach; BioBERT: bidirectional encoder representations from transformers for biomedical text mining.

Iterative intermediate training using
multi-task learning

' Fine-tune |

Ensemble module

Medication features,

1 . e
} Intermediate multi-task oot | ! domain-specific features,
1 learning and fine-tuning task : and phfrasal similarity
I /’ I\ eat‘tlres
} . | k ! rf
s Multi-tas Performance P
1 —— T o >
; ClinicalBERT —> bebii || evaluation IIT-MTL-ClinicalBERT
] |
_____________________ 1
) MT-DNN —— — N
) i ao Similarity
) : £ Ensemble —>
Data set selection g scores
RoBERTa 27—
Error E
Multi-task analysis i
learning BioBERT —— —

| datasets
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Evaluation Metrics

We evaluated the proposed system using the evaluation script
released by the organizers of the 2019 n2c2/OHNLP challenge
to measure the Pearson correlation coefficient (PCC) between
the human-annotated (gold standard) and predicted clinical
semantic similarity scores. In the Results section, we report the
PCC on theinterna test data set for each iterationin IIT-MTL
aswell as on each combination of language modelstried during
ensembling. We also report the PCC for our 3 official
submissions to the 2019 n2c2/OHNLP challenge on both the
internal test data set and withheld external test data set.

Mahgjan et a

Results

Iterative Intermediate Training Usng M TL

Table 4 presents the results of each iteration in IT-MTL. In
comparison with the Clinical BERT baseline, the addition of
complementary data sets improved the overal model
performance. Notably, not all data set additions resulted in
improved performance. Thisishighlightediniteration 5, where
the addition of QQP led to a significant drop in performance.
Asthe model from iteration 4 showed the best performance on
the internal test data set, we adopted this variant for the final
[IT-MTL-Clinicad BERT model.

Table 4. Results of each iteration of iterative intermediate training using multi-task learning.

Experiment and language

Data sets used for iterative intermediate training approach using multi-task learning

Pearson correl ation coef-

model ficient on internal test
STSB2  RQE? MedNLI¢ Topic MedNERY QQF°

BL'
1 BERTY _h — — — — — 0.834
2 Clinica BERT! — — — — — — 0.848

Iter]
1 Clinical BERT K — — — — — 0.852
2 ClinicalBERT — — — 0.862
3 ClinicalBERT O 0 — — 0.866
4 Clinica BERT O O 0 — 0.870"
5 Clinical BERT O 0 0 O O 0 0.856

8STS-B: semantic textual similarity benchmark.

bRQE: Recognizing Question Entailment.

®MedNLI: Natural Language Inference data set for the clinical domain.
IMedNER: Medication-NER data set.

€QQP: Quora Question Pair data set.

'BL: basdline.

9BERT: bidirectional encoder representations from transformers.

P\ ndii cates data set was not used for this experiment.

IClinical BERT: bidirectional encoder representations from transformers on clinical text mining.

Ilter: iteration.
KIndicates data sets that were trained together in multi-task learning.

IItali(:ssignify highest Pearson correlation coefficient obtained on internal test data set.

Ensemble M odule

Table 5 presents the results of the language model ensemble
experiments performed on the internal test data set. Here, the
statistical mean of the normalized language model outputs was
used as our ensemble method. Of the individual models,
[IT-MTL-Clinica BERT and BioBERT, which were pretrained
on clinical and biomedical corpora, respectively, achieved higher

http://medinform.jmir.org/2020/11/e22508/

RenderX

PCC as compared with MT-DNN and RoBERTa, which were
pretrained only on general domain corpora. In general,
ensembled models performed better than the individual
constituent models alone, with the combination of
[IT-MTL-Clinica BERT, BioBERT, and MT-DNN resulting in
the highest performance (PCC 0.8809) on the internal test data
Set.
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Table 5. Ablation study of language models utilized in the ensemble module. The statistical mean of the language model outputs was used as the
ensembling method.

Experiment Language model ensemble Pearson correlation coefficient on inter-
nal test
IIT-MTL-Clinical BERT? BioBERT® MT-DNN®  RoBERTa
1 e _f — — 0.8711
2 — d — — 0.8707
3 — — g — 0.8685
4 — — — 0 0.8578
5 g O — — 0.8754
6 — 0 — 0.8780
7 — — g O 0.8722
8 — — O 0.8741
9 — g — 0.8796
10 — d — O 0.8720
11 g O g — 0.8809 9
12 — ad g O 0.8769
13 g — g O 0.8787
14 g ad — O 0.8764
15 g ad g O 0.8795

& T-MTL-Clinical BERT: iterative intermediate training using multi-task learning on Clinical BERT.
PBioBERT: bidirectional encoder representations from transformers for biomedical text mining.
°MT-DNN: multi-task deep neural networks.

9RoBERTa: robustly optimized bidirectional encoder representations from transformers approach.
€ ndicates which language models are included in the ensemble.

fIndicates language model was not used for this experiment.

9talics signify the highest Pearson correlation coefficient obtained on internal test data set.

On the basis of the experiments presented in Table 5, Results are shown for both the internal and withheld external
[IT-MTL-Clinica BERT & BioBERT & MT-DNN wasadopted test data sets. Note that the addition of domain-specific and
as the base combination of language models for our official phrasal similarity features has been included in Table 6 for
submissions. Table 6 presents the results of this base completeness (although it resulted in lower performance)
combination of language models, with incremental addition of  because it was part of our official submissions.

other similarity features using four different ensemble methods.
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Table 6. End-to-end ensemble module and official submission results.

Mahgjan et a

Components Pearson correlation coefficient on internal test? Pearson correlation coefficient on external test®
Mean LRD BRE RRY Mean LR BR RR

IT-MTL-ClinicaBERT®& MT. 08809 08796 08795 08796 09006 08978 08978  0.8978

DNN' & BioBERTY

+ medication features N/AD 0.8841 0.8832 0.8831 N/A 0.9010 0.8997 0.8975

+ domain-specific and phrasal simi- N/A 0.8733 0.8741 0.8799 N/A 0.8861 0.8920 0.8875

larity features

talicssignify the Pearson correlation coefficient obtained on theinternal and external test data set corresponding to the three configurations (components
and ensemble method) that were our official submissions to the 2019 n2c2/OHNLP challenge.

bR linear regression.
°BR: Bayesian regression.
9RR: ridge regression.

IT-MTL-Clinica BERT: iterative intermediate training using multi-task learning on Clinical BERT.

'MT-DNN: multi-task deep neural networks.

9BioBERT: hidirectional encoder representations from transformers for biomedical text mining.

ANJA: not applicable.

Official Submission

The best performing configurations on theinternal test data set,
as shown in Table 6, were entered as our official submissions
to the 2019 n2c2/OHNLP ClinicalSTS challenge. The details
of each of our 3 official submissions are as follows:

+ Submission 1. [IT-MTL-Clinical BERT & MT-DNN &
BioBERT
« A statistical mean of the scores produced by the
language models, specifically I T-MTL-Clinica BERT,
MT-DNN, and BioBERT.

+ Submission 2: [IT-MTL-Clinical BERT & MT-DNN &
BioBERT+medication features
» Alinear regression model trained on each component
output from Submission 1 and medication features.

+ Submission 3: [IT-MTL-Clinical BERT & MT-DNN &
BioBERT+medi cation features+domai n-specific and phrasa
similarity features
» Arridge regression model trained on al features from

Submission 2 and phrasa similarity and
domain-specific features.

Our submission 2 achieved first place out of 87 submitted
systemswith a PCC of 0.9010 based on the official results. Our
submission 1 achieved second place with a PCC of 0.9006.

With the release of the external test data set, we reran the
experiments for language model ensembling on the external
test data set. Weidentified the highest performing configuration
on the external test data set as the statistical mean of the scores
produced by the combination of [IT-MTL-Clinica BERT,
MT-DNN, and RoBERTa, which resulted in a PCC of 0.9025.

http://medinform.jmir.org/2020/11/e22508/

Discussion

Principal Findings

Iterative intermediate training using MTL is an effective way
to leverage annotated data from related tasks to improve
performance on the target task. However, it is critical to select
data sets that can induce contextualized embeddings necessary
for the target task. If the network is tasked with making
predictions on unrelated tasks, negative transfer may ensue,
resulting in lower quality predictions on the target task.
Applying IIT-MTL to train ClinicdBERT with related
tasks—STS-B, RQE, MedNL I, Topic, and MedNER—resulted
in improved performance on the target ClinicaSTS task.
However, the addition of QQP to the MTL step resulted in a
significant drop in performance. This may be attributed to the
fact that, in contrast to the other data sets used, QQP was created
for a different sentence pair task (classification rather than
regression) on the general domain (as opposed to RQE and
MedNLI, which areon theclinical domain). Thisillustratesthe
importance of data set selection for the effectiveness of the
intermediate multi-task training step.

Ensembling language models pretrained on domain-specific
and domain-independent corporaincorporates different aspects
of clinical semantic similarity. Table 7 presentsthe ground truth
for two sentence pairs, along with predictions from each
constituent model. The first sentence pair contains minimal
domain-specific terminology; hence, the models trained on
domain-independent corpora, MT-DNN and RoOBERTa,
predicted scores closer to the ground truth. The low ground
truth score in the second sentence pair is because of dissimilar
clinical concepts within the text; hence, the models trained on
domain-specific  corpora, |IT-MTL-ClinicalBERT  and
BioBERT, predicted scores closer to the ground truth.
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Table 7. Sample sentence pairs with ground truth annotations and predictions from three language models used in the final ensembled system.

Sentence 1 Sentence 2 Ground Predictions
Truth
IIT-MTL-Clinica- BiOBERTb MT- RoBERTad
BERT? DNN®
“Thefollowing consent was  “We explained therisks, bene- 2.5 0.61 101 215 251
read to the patient and accept-  fits, and aternatives, and the
ed to order testing.” patient agreed to proceed.”
“Negative for coughing up “Negative for abdominal pain, 0.5 1.04 118 2.34 174
blood, coughing up mucus blood in stool, constipation, di-
(phlegm) and wheezing.” arrhea and vomiting.”

3| T-MTL-Clinical BERT: iterative intermediate training using multi-task learning on Clinical BERT.
bBioBERT: bidirectional encoder representations from transformers for biomedical text mining.

°MT-DNN: multi-task deep neural networks.

9ROBERTa: robustly optimized bidirectional encoder representations from transformers approach.

Analysis of Model Performance

Our best official submission achieved a PCC of 0.9010 on the
external test data set. However, the model performance varies
significantly depending on the gold similarity scores. On the
low and high ends of the gold scores, [0-2) or [4-5], our model
achieves a PCC of 0.9234. However, in the middle range of the
gold scores, [2-4), it performs much worse with a PCC of
0.5631. The lower performance in the middle range can be
partially attributed to ground truth issues. Weak-to-moderate
interannotator agreement (0.6 weighted Cohen kappa) coupled
with the lack of an adjudication process (scores from 2
annotators were averaged to provide the gold score), led to
concentration of annotation errors in the middle range of the
gold scores. For example, greater disagreement between 2
annotators (eg, gold scores 1 and 5) will end up in the middle
range (fina averaged score 3) as compared with low
disagreements (eg, 4 and 5 with thefinal score of 4.5). Thedrop
in performance in the middle range may also indicate that
although our model performswell at distinguishing completely
similar or dissimilar sentence pairs, it struggles in scoring
sentences with moderate clinical semantic similarity.

To further investigate this behavior, we studied how predictions
varied for each similarity interval using the withheld external
test data set. For this, we converted the continuous range gold
scores and our model predictionsinto 5 intervals: [0,1), [1-2),
[2-3), [3-4), [4-5]. Using these interval s, we then cal cul ated the
F1-score by computing true positives, false positives, and false
negatives. A prediction is atrue positive if the gold scoreisin
the same similarity interval as the prediction; otherwise, it is
termed as false positive (in the predicted interval) and false
negative (in the gold interval). Our best model achieves a
relatively high F1-score at the extreme ranges (0.77, 0.80, and
0.71 for [0,1), [1-2), [4-5], respectively) but struggles in the
middleintervals (0.23 and 0.44 for [2-3) and [ 3-4), respectively).

Limitations and Future Work

We acknowledge certain limitations of this study. First, these
results are specific to the 2019 n2c2/OHNLP Clinica STS data
set, which contains clinical text snippets from a single EHR
data warehouse (Mayo Clinic EHR data warehouse).
Furthermore, the chosen sentence pairs have high surfacelexical

http://medinform.jmir.org/2020/11/e22508/

similarity (ie, candidate pairs must have >0.45 average score
of Ratcliff/Obershelp pattern matching algorithm, cosine
similarity, and Levenshtein distance), which limitsthe variation
in the data set. Thus, thereis aneed to validate this process on
a more diverse ground truth, which (1) contains clinical text
from multiple data warehouses and (2) allows for a less
restrictive sentence pairing. Second, we observed inconsistencies
in the ground truth, which may be inherent to a complex task
such as clinical semantic textual similarity. We have made
preliminary progressin quantifying these errors and their impact
on theresults, but morework isneeded in thisdirection. Finaly,
although our system has achieved high PCC onthe Clinical STS
task, additional research is till needed to understand how to
apply thisfoundational task to the real-world problem of bloated,
disorganized clinical documentation.

Although our system achieved state-of-the-art results in the
challenge, the proposed system has following avenues for
improvement and further exploration:

1. Thedataset selection processin IIT-MTL islargely manual,
driven by empirical observations and domain knowledge.
Recent developments in automatic machine learning
(AutoML), ranging from optimizing hyper-parametersusing
random search [72] to discovering novel neural architectures
using reinforcement learning [73], have shown promising
results. We plan to explore AutoML to relieve this manual
effort in the future.

2. The language model ensemble works well for inducing
domain-specific and domain-independent knowledge.
However, this process remains largely intuitive. We plan
to explore how language modeling objectivesinfluence the
domain adaptability of the learned language models on the
target task.

3. At the time of the challenge, we applied our IIT-MTL
methodology only to Clinica BERT because of time
constraints. We plan to employ our 11 T-MTL methodol ogy
on other implemented language models and evaluate their
performance.

4. Our proposed system has a significant computational cost,
asweleverage several transformer-based language models.
We plan to explore the performance impact of replacing
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these models with their less computationally expensive Conclusions

counterparts [74]. In this study, we presented an effective methodology leveraging

> Inour experiments, inclusion of domain-specificand phrasal 1) o) jterative intermediate training step in aMTL setup and
features|edto adropin performance. Thisislikely becalse 5y mytiple language models pretrained on diverse corpora,
of effective leamning of these features by pretrained \pich achieved first place in the 2019 Clinical STS challenge.
transformer-based language models, as observed in the s g0y demonstrates the potential for 1IT-MTL to improve
general domain [75,76]. We wish to investigate this yhe nerformance of other tasks restricted by limited data sets.
behavior further by utilizing probing tasks [77] in This contribution opens new avenues of exploration for
transformer language models. optimized data set selection to generate more robust and
universal contextual representations of text in the clinical

domain.
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