JMIR PUBLIC HEALTH AND SURVEILLANCE Munkhdalai et a

Original Paper

Clinical Relation Extraction Toward Drug Safety Surveillance Using
Electronic Health Record Narratives: Classical Learning Versus
Deep Learning

Tsendsuren Munkhdalai®, PhD; Feifan Liu, PhD; Hong Yu?®, FACMI, PhD

1Department of Quantitative Health Sciences, University of Massachusetts Medical School, Worcester, MA, United States
2Department of Computer Science, University of Massachusetts Lowell, Lowell, MA, United States
3The Bedford Veterans Affairs Medical Center, Bedford, MA, United States

Corresponding Author:

Hong Yu, FACMI, PhD
Department of Computer Science
University of Massachusetts Lowell
1 University Ave

Lowell, MA, 01854

United States

Phone: 1 9789343620

Fax: 1 9789343551

Email: hong_yu@uml.edu

Abstract

Background: Medication and adverse drug event (ADE) information extracted from electronic health record (EHR) notes can
be arich resource for drug safety surveillance. Existing observational studieshave mainly relied on structured EHR datato obtain
ADE information; however, ADEs are often buried in the EHR narratives and not recorded in structured data.

Objective: To unlock ADE-related information from EHR narratives, there is a need to extract relevant entities and identify
relations among them. In this study, we focus on relation identification. This study aimed to evaluate natural language processing
and machine learning approaches using the expert-annotated medical entitiesand relationsin the context of drug safety surveillance,
and investigate how different learning approaches perform under different configurations.

Methods: We have manually annotated 791 EHR notes with 9 named entities (eg, medication, indication, severity, and ADES)
and 7 different types of relations (eg, medication-dosage, medication-ADE, and severity-ADE). Then, we explored 3 supervised
machine learning systemsfor relation identification: (1) a support vector machines (SVM) system, (2) an end-to-end deep neural
network system, and (3) a supervised descriptive rule induction baseline system. For the neural network system, we exploited
the state-of -the-art recurrent neural network (RNN) and attention models. We report the performance by macro-averaged precision,
recall, and F1-score across the relation types.

Results: Our results show that the SVYM model achieved the best average F1-score of 89.1% on test data, outperforming the
long short-term memory (LSTM) model with attention (F1-score of 65.72%) aswell asthe ruleinduction baseline system (F1-score
of 7.47%) by alarge margin. The bidirectional LSTM model with attention achieved the best performance among different RNN
models. With the inclusion of additional featuresin the LSTM model, its performance can be boosted to an average F1-score of
77.35%.

Conclusions: It showsthat classical learning models (SVM) remains advantageous over deep learning models (RNN variants)
for clinical relation identification, especially for long-distance intersentential relations. However, RNNs demonstrate a great
potential of significant improvement if more training data become available. Our work is an important step toward mining EHRs
to improve the efficacy of drug safety surveillance. Most importantly, the annotated data used in this study will be made publicly
available, which will further promote drug safety research in the community.
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Introduction

Background and Significance

Prescription drug safety representsamajor public health concern
[1]. An adverse drug event (ADE) is“an injury resulting from
medical intervention related to adrug” [2]. ADESs are common
and occur in approximately 2-5% of hospitalized adult patients
[2-5]. Each ADE is estimated to increase the length of ahospital
stay by more than 2 days and hospital cost by more than US
$3200 [4,6]. Severe ADEs rank among the top 4 or 6 leading
causes of death in the United States [7]. Prevention, early
detection, and mitigation of ADEs could save both lives and
resources [6,8,9].

Due to the limited number of participants and inclusion or
exclusion criteria reflecting specific subject characteristics,
premarketing randomized clinical trials frequently miss ADES
[1], and thus, postmarketing drug safety surveillance [10] is
vitally important for health care and patient safety. The Food
and Drug Administration (FDA) maintains an adverse event
reporting system called the Food and Drug Administration
Adverse Event Reporting System for postmarketing safety
surveillance, but it faces challenges including underreporting
[11,12] and missing important patterns of drug exposure [13].
Other resources have been shown to be useful for identifying
ADEs, including biomedical literature [14] and socia media
[15-18]. However, biomedical literature has been shown to
identify mostly alimited set of rare ADEs [19]. Social media
hasits own challenges, such as missing important drug exposure
patterns and generalizing system to deal with data heterogeneity
[17].

It iswell known that electronic health records (EHRS) contain
rich ADE information and are an important resource for drug
safety surveillance[2,20,21]. Since 2009, the FDA hasinvested
infacilitating the use of routinely collected EHR datato perform
active surveillance of the safety of marketed medical products
[22]. Existing ADE-targeted observational studies havefocused
on structured EHR datafor obtaining ADE information [23-25];
however, ADEs are often buried in the EHR narratives and not
recorded in structured data. Manual abstraction of data from
EHR notes [5,26] remains a costly and significant impediment
to drug saf ety surveillance research. Exploring natural language
processing (NLP) approaches for efficient, accurate, and
automated ADE detection can provide significant cost and
logistical advantages over manual chart review or voluntary

reporting.
Mining Clinical Narrativesfor ADE Detection

Quite a few NLP approaches have been explored for mining
ADE information from unstructured data of the aforementioned
sources, such asbiomedical literature[27,28], social media[29],
FDA event reporting system narratives[30], and EHRs[31-40].
The 2009 i2b2 (Informatics for Integrating Biology and the
Bedside) medication challenge [41] and the 2010 i2b2 relation
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challenge[42] playsan important roleto promote methodol ogy
advancement in thisfield. Existing studies are limited to detect
only on the document level by identifying discharge summaries
that contains ADE [31], or mainly focus on detecting entities
representing rel evant events (eg, adverse events and medication
events) [32,33,43], or deal with only intrasentential relations
[42], or identify relations purely based on statistical association
analysis among drug and outcome concepts, which are
recognized by mapping free clinical text onto medica
terminology [37-40]. Henriksson et al [35] explored traditional
random-forest algorithm to identify relations between drugs
and disorders (or findings) on Swedish clinica notes, and
reported that the intersentential relations are challenging and
hard to detect.

Recently, deep learning with neural networks has received
increasing attention in NLP tasks [44,45], and for relation
extraction, the state-of-the-art systems are based on 2 networks:
recurrent neural networks (RNNSs) [46,47] and convolutional
neural networks (CNNs) [48], and an end-to-end relation
extraction model [49] obtained competitive performance on
several datasets. So far, thereislessrelated work on evaluating
deep learning methods on ADE relation extraction. Li et al [50]
proposed a bidirectional LSTM to extract ADE relations from
biomedical literature. Asthe model is dependent on the parsing
of asentence, itisdifficult to apply that on clinical noteswhich
contain more abbreviations and ungrammatical language
expressions. In clinical domain, Lv et a [51] combined
autoencoder with conditional random fields, and Sahu et al [52]
proposed a domain invariant CNNs for ADE extraction on the
i2b2 data. All the 3 studies are limited to extract relationswithin
1 sentence.

Objective

In this study, we investigate ADE-relevant relation extraction
on both intra- and intersentential settings. To this end, we have
built a benchmark corpus consisting of clinical notes where
medical concepts related to ADE and their relations were
annotated via a manual chart review. Then, we experimented
with 3 supervised machinelearning approachesfor ADE relation
identification from clinical notes. The first approach is based
on rule induction, which is similar to supervised descriptive
rule induction [53] but is relatively simple. Rules for each
relation type are automatically induced based on the
corresponding descriptive statistics obtained from the training
data, and then those rules are used to classify new entity pairs.
Our second approach uses a classical support vector machines
(SVM)-based machine learning model. Our third approach is
based on deep learning neural networks, which explore RNNs
with attention mechanisms. In addition to benchmark the overall
performance, we empirically analyzed how well deep learning
models arein terms of recognizing long-distance relations, and
how the training data size affects learning performance on
clinica data. Compared with previous studies, the main
contributions of thiswork are asfollows:
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«  Wehbuild anew annotated benchmark corpus of EHR notes
for ADE information extraction. Compared with the existing
i2b2 data, this corpus contains much richer annotations
related to ADE research, for example, al the medications
are profiled with attributes enabling ADE connected to a
specific dose of medication (note that many ADEs are
caused by high dosage); severity conceptsare a so annotated
and associated with ADEs.

« The annotated data in this study will be shared with the
community to further promote research for drug safety
surveillance.

- Itisthefirst attempt to investigate and evaluate modeling
7 heterogeneous clinical relations in a single framework:
relations between medication and its attributes, relations
between ADE and its severity, relations between medication
and ADE, and relations between medication and indication.

«  We explored RNNs and attention mechanisms for clinical
relation extraction beyond sentence boundaries, and
investigate how the length between two entities affects the
performance for different learning models. To our
knowledge, thisisthe first study of applying deep learning
approaches on both inter- and intrasentential relation
extraction using EHR data.

Methods

Data Annotation

The annotated corpus contains 791 English EHR notes from
cancer patients, which were randomly sampled from people
who have been diagnosed with hematological malignancy and
have drug exposure to one or more of the 12 cancer drugs of
interest, including Romidepsin, Rituximab, Brentuximab
vedotin, Ponatib, Carfilzomib. All the notes are longitudinal
and no note type filtering was performed. We manualy
annotated 8 named entities and 7 relation types among them:
Dosage-Medi cation, Route-Medication, Frequency-Medication,
Duration-Medi cation, Medi cation-I ndication, Medication-ADE,
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and Severity-ADE. One named entity that is not involved in
relations is “other signs and symptoms” Our annotation
guidelines are an extension of the i2b2 annotation guidelines
[42] and have been iteratively developed by domain experts.
Unlike other clinical corpora that annotate entity relations at
the sentencelevel, we annotated entity rel ations beyond sentence
boundaries. Each EHR note was annotated by at least 2
annotators, and the interannotator agreement of .93 kappa was
achieved on our annotations.

Theresulting annotated data consisted of 667,061 tokens, 48,803
entity mentions (61.7 per note), and 16,022 entity relations (20.3
per note). Therelation distributionsin these datasets are reported
inthelast column of Table 1. Frequency, dosage, and indication
are the most frequent relations, whereas duration and adverse
relations are less frequent in the corpus. We split the corpus
into 602/95/94 train/devel op/test sets.

Figure 1 shows the distribution of relation token distance (the
number of tokens between a relation entity mention pair). As
shown in Figure 1, most relations occurred within awindow of
up to 9 tokens. On the other hand, some relations connected
entities across multiple sentences. The average relation token
distance was 7, and the maximum distance was 769.

To formulate the relation identification task, our goal was to
learn afunction f (x) that mapped an input entity pair (g, ) to
arelationtypey O Y, where Y isthe set of all possible relation
typesincluding None, which in our system denotesthe existence
of no relation between an entity pair. An entity g 0 E is any
observed entity mention within a document d O D. The input
entity pair (g, &) is sampled from all possible entity pairs E x
E within the document and is labeled with a relation type if a
true relation holds for it; otherwise, it is labeled None. The
mention pair and the document within which that pair occurs
form amachinelearning example x in our task. Weimplemented
and evaluated 3 supervised machine learning approaches as
described below, and the experiment workflow is shown in
Figure 2.

Table 1. Clinical relation typesin our corpus. Entity mentions forming relations arein italics.

Relation Description Example #relations?

Dosage An attribute of a medication: the amount of the medication  She receives Albuterol 2 puffs p.o. g4-6h 2643/336/409
to be taken

Route An attribute of amedication: how themedicationisadmin-  She receives Albuterol 2 puffs p.o. g4-6h 1908/269/332
istered

Frequency  An attribute of a medication: frequency of the administra-  She receives Albuterol 2 puffs p.o. g4-6h 2691/351/451
tion

Duration An attribute of amedication The patient was treated with ampicillin for 2 weeks 493/95/110

Indication A causal relation between a medication and indication: He later received chemotherapy for his lung cancer 2301/264/379
why the drug is taken

Adverse A causal relation between amedication and an injury: the Patient’s death was due to anaphylactic shock caused by ~ 717/134/134

Event consequence of amedication the intravenously administered penicillin

Severity The attribute of an adverse event He has severe diarrhea 1505/259/241

8the number of relations for each type (train/devel op/test).
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Figure 1. The distribution of relation token distance.
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Figure 2. Experimental workflow for adverse drug event (ADE) detection. EHRSs: electronic health records; SVM: support vector machines, AE:

adverse events.
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Our first supervised approach used automatically induced rules
from the training data, motivated by the observation that the
distance between 2 entities was a potentially strong indicator
of their relations. For example, we observed that drug attributes
typicaly followed drug names and, in contrast, the distance
between adverse drug events and their drugs was relatively far.
Therefore, our rule-induction classifier was based on the token
distance between 2 entities.
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Indication

Formally, the classifier considered an entity pair (g, ) that
occurred within acertain distance asatruerelation, and the pair
was assigned one of the positive relation types, . For training,
we calculated the average token distance of the entity pairsfor
each relation type. We then defined 7 different token distance
bins by using these average distances and assigning a single
positive relation label to each bin. During prediction, we chose
one of the relation labels if the token distance of 2 entities fell
in the corresponding bin. For example, if the average token
distance for Severity relations was 3 and for Frequency was 7,
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wethenhad 2 bins, { n|0<n<3} and{ n|3<n< 7} (nwas
the token distance). If the token distance n between an entity
pair was in the first bin, the entity pair was given the label
Severity; otherwise, it was labeled Frequency or None. We
considered an entity pair asNonerelation if their token distance
did not belong to any one of the predefined bins.

Support Vector Machines System

We identified a set of rich learning features to build a linear
kernel SVM classifier. We chose linear SVM due to its ability
to accommodate alarge feature space. The featureswe explored
are described below.

Document-level features consisted of the frequencies of a
specific entity and entity type in adocument.

Relation-specific features were specific to an entity pair being
considered for classification. The features were as follows:

-+ token distance between the 2 entities

«  number of clinical entities between the 2 entities

« n-grams (1, 2, 3-grams) between the 2 entities

« n-grams (1, 2, 3-grams) of surrounding tokens of the 2
entities. The surrounding tokenswere within awindow size,
which was defined empirically in our experiment.

Entity-level features defined how likely an individual entity
mention was involved in arelation:

« one-hot encoding of the left entity type, g
- one-hot encoding of theright entity type, e
« character n-grams (2, 3-grams) of the named entities.

Semantic features were derived using the MetaMap tool from
National Library of Medicine. Specifically, we mapped entity
mentions and their surrounding context to their UML S(Unified
Medica Language System) concepts, preferred terms, and
semantic types. We renormalized the concept 1Ds (identifiers)
to their corresponding semantic type names and included both
shortened and multiword forms of the semantic types in the
feature set. We set the window size of the surrounding context
to 10 in the MetaMap tool.

Word representation features were generated to overcome the
data sparsity challenge. We explored word clustering and word
vector representation features that have been shown to improve
performance for chemical and biomedica named-entity
recognition tasks [54,55]. In particular, we used the Brown
clustering model and Word Vector Classes as word clustering
features and applied raw word embedding as word vector
features.

We trained the Brown cluster model [56] on a large collection
of biomedical text. We then obtained the cluster label prefixes
(ie, thetop levels of the cluster hierarchy) with 4, 6, 10, and 20
lengths from the Brown model as features for the context of
each entity mention. We empirically set the context window
sizeto 10inthisstudy. To learn broader contextual information,
we also explored recently introduced skip-gram model [57].
The skip-gram model is used to predict the contextual words
given an input token, and thisyielded a dense word embedding
for the token that effectively carried its syntactic and semantic
information. We first built a skip-gram model on a large
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unlabeled text consisting of the PubM ed abstracts and the EHRs
[43], and an additional set of ~2 million PubMed Central full
articles. The word embedding induced by the skip-gram model
were then clustered into 300 different groups by using a
K-means algorithm to obtain cluster labelsthat we called Word
Vector Classes (WVCs). As with the Brown model features,
we mapped the entity mention context to their WVCs and
included these WV Cs in the feature set. We also used the raw
word embedding as word representation features in our model,
which provided a fine-grained latent feature of word semantic
and syntactic information.

The character and word n-grams were converted into
TF-1DF(term frequency-inverse document frequency) weights
based on the training set. We stored the TF-IDF weights and
used them to extract features from the development and test
sets. We did not involve the development and test sets in the
n-gram extraction and the TF-IDF calculation to ensure that
our models and the features were not biased. We did not extract
any sentence-specific features, which allowed us to classify
intra- and intersentential relations jointly with a single SVM
model.

End-to-End Deep Neural Networks

Weexplored LSTM and attention-based neural network methods
to classify clinica relations in an end-to-end fashion [58]
without feature engineering. The reason behind this choice is
based on reported advantages of RNNs over CNNs in relation
extraction tasks [59,60].

LSTM is a variation of RNN models and was introduced to
solve the gradient vanishing problem [61,62]. It can model
long-term dependencies with its internal memory, and it
achieved notable success with NLP tasks including machine
trandation [63], speech recognition [64], and textual entailment
recognition [65]. The LSTM can effectively learn vector
representations for variouslevels of linguistic unitsto facilitate
different classification tasks. The attention mechanism can help
LSTM construct a better representation by selecting important
context in an EHR document. Asit iscomputationally expensive
to use the whole document for learning the representations, we
focused on text windows associated with the 2 entities in our
model.

Let x, h,, and ¢, betheinput, output, and cell state, respectively,
at time step t. Given a window of token representations (ie,
word embeddings) X;,..., X (X is the head token for the entity

g and L is the window size), an LSTM with hidden size k
computes a sequence of the outputs h,,..., hy and another
sequence of the cell statesc,,..., ¢ as. o

i= 0 (WS Wy SMhe 1+ by/5™) (1)
iy= tanh (W5*™+ W, 5h g+ b,5™) (2)
fi= 0 (W5 "X+ We*"he.1+ by ™) (3)
0= 0 (W, 5+ Wg'™™he 1+ b, 5™) (4)
¢=fOcy+i,Oi; (5
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h= 0, © tanh () (6)

where W,'S™ . W™ O R and b,'S™,..., b,/ O R are the

training parameters, and o and ©® denote the element-wise
sigmoid function and the element-wise vector multiplication,
respectively.

As described by the equations, the memory cell ¢; and hidden
state h, were updated by reading aword token x; at atime. The
memory cell ¢, then learns to remember the contextual
information that is relevant to the entity mention. This
information is then provided to the hidden state h, by using a
gating mechanism, and the last hidden state h; summarizes all
therelevant information for the sequence. i, f;, and o, are called
gates whose values are defined by the nonlinear combination
of the previous hidden state h,; and the current input token x;
and range from 0 to 1. The input gate i; controls how much
information needs to flow into the memory cell, whereas the
forget gate f; decides what information needs to be erased from
thememory cell. The output o, finally producesthe hidden state
for the current input token.

We further used the output h, and h, corresponding to the input
token heads of the entity pair § and e as the entity
representations. The representation h, for entity e, was obtained
similarly by reading itstoken window with another LSTM. The
representations h, and h, were then composed by using afunction
g (h, hy) to produce a relation representation r,,. We used a

multilayered perceptron (MLP) with a concatenated input for
g (h;, hy) in our model, defined as:

n=9 (h, 1) (7)
g (hla hr) =tanh (Wmlp[hl; hr] + bmlp) (8)

where [h;; h] is the concatenation operation, WP 0 R*'! is

the projection matrix, and b™P 0 R"! is the bias vector trained
from the data. Finally, the relation representation r,, was input
to the softmax layer to normalize the probability distribution
over possible relation types Y. The whole network was trained
by abackpropagation a gorithm by minimizing the cross-entropy
loss between the predicted probabilities and the correct labels.

We aso experimented LSTM with the attention mechanism,
which is expected to solve the issue of the information
bottleneck in RNNs [66]. When RNNs process long text, they
encounter a practical difficulty; they must compress the text
into a single vector with a fixed size. The purpose of the
attention mechanism is to exploit the task-relevant outputs in
the past time scal es and the current output vector to dynamically
refine the final vector representation so that the constructed
presentation becomes more informative.

We used a standard global attention, which has shown to be
state-of-the-art in a variety of NLP tasks: machine trandation
[66], question answering [67], textual entailment [68], and
constituency parsing [69]. In addition to the last output vectors
h, and h,, the global attention explicitly considered &l the
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previous output vectors hy,..., h_; and hy,..., h,; to construct
attention-weighted representations of the entities g and ..

Concretely, let SO R be amatrix of the output vectorsh;, ...,

hy and o, O R be a vector of ones. An attention weight vector
a, an attention representation z, and the fina entity
representation h, were defined as:

M = tanh (W,*S+ W,*h,0 o)) (9)
a = softmax (w'M) (10)

z=Sa" (11)

h, = tanh (W,z + W,?h)) (12)

where W2, W,23, W2, W, 0 R*¥ are learnable matrices and
w' is the transpose of the learnable vector w 0 R¥. With the

outer product W,*h,0 o, we repeated the transformed vector
of hjl times and then combined the resulting matrix with the

projected output vectors. The entity representation h, for entity
€ was obtained similarly. As for the LSTM-based relation

representation, the compositions of the representations were
input to an MLP for relation classification.

We aso used the bidirectional version of the aforementioned
models by feeding concatenated outputs of the forward and
backward LSTM. Due to the concatenated outputs, the size of
the W matrices and w vector now become 2 k x 2 k and 2 k,
respectively, increasing the number of parametersto betrained.
We have previously shown that bidirectional LSTM
outperformed the LSTM models for medication and adverse
drug event named-entity recognition tasksin EHRs[43].

Experimental Setup and Evaluation Metrics

As noted previously, we split the corpus into 602/95/94
train/devel opment/test sets. To cast the task as a multiclass
classification problem, we generated None relations (negative
examples) by replacing one of the entity mentions of a true
relation with another entity. In doing so, the only constraint was
that the new relation should not exist in the true relation corpus
set and the rest should be learned from the data. This process
gave us additional negative relation instances of
1,190,328/144,338/202,065 for the train/devel opment/test sets,
respectively. For this SYM model, we carried out agrid search
over its hyperparameters by using the development set for
evaluation. Oncethe best parameterswerefound, thefina SVM
model was learned using the optimized hyperparameters on
both the training and development sets.

We used ADAM (adaptive moment estimation) [70] for
optimization of the neural models. The size of the LSTM hidden
unitswas set to 100. An additional layer was used to map word
vectors to the LSTM input. We used a pretrained word2vec
model with a size of 300 [43] for word embedding. All neural
models were regularized by using 20% input and 30% output
dropouts [71] and an I, regularizer with strength value 1e-3.
The neural models were trained only on the training set. We
used the development set to evaluate them for each epoch to
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choose the best model. The unidirectional models were given
30 epochs and the attentional and bidirectional models were
given 60 epochs to converge to an optimum. The final
performance of the methods was reported and compared by
using the test set.

Our experiment was guided by macro-averaged precision, recall,
and F 1-scorein terms of positive relation types. False negative
(FN) and false positives (FP) areincorrect negative and positive
predictions, respectively. True positive (TP) results correspond
to correct positive predictions, which were actually correct
predictions. Recall (r) denotes the percentage of correctly
labeled positive results over all positive cases and is calculated
as: r=TP/(TP+FN). Precision (p) isthe percentage of correctly
labeled positive results over all positive-labeled examples and
is calculated as: p=TP/(TP+FP). The F 1-measure is the
harmonic average of precision and recall, and a balanced F
1-scoreisexpressed as. F1=2pr/(p+r).

Results

This section presents the results of implementing our relation
identification systems. We analyzed the performance of each
model and the effects of their free parameters.

The Rulelnduction Baseline

For this baseline, the distance bins were defined by using the
training data. If the token distance of an entity pair did not
belong to any of thebins, it waslabeled asaNonerelation. This
baseline achieved an 7.47% overall F1-score on the test set.

Table 2. Results (%) of ruleinduction classifier on test set.

Munkhdalai et &l

Detailed results are shown in Table 2. The performance was
low, as the method was very simple. The Dosage relation type
achieved the highest F1-score (30%) among different relations.

Support Vector Machines-Based Pipeline System

We performed down-sampling for the negative relations (None
relations) with varying keep ratesto study how the performance
changed for different distributions of None examples involved
in the training set. The development and test sets were kept the
same.

Table 3 reports the overall F1-score of our SYM model. A
higher keep rate means that we used more negativerelationsin
the training set, and that the higher keep rate yielded a better
result on the test set in our experiment. We obtai ned the highest
performance with the keep rate value equal to 80% in our SVM
model. The training set for this run consisted of 1,096,600
instances, of which 964,520 were None relations. In Table 4,
we show the detailed performance metrics for this model for
each relation type when eval uated on the test set. The F1-scores
for most relation types were over 80% with Route relation
achieving the best of 96%, and the recall of our clinical relation
extractor was relatively high. However, the performance of the
Indication and Adverse relations were not as high as those of
the other relations, and Indication showed the worst score of
75%. We observed that 2 entitiesforming thesetypes of relations
tended to be far away from each other and spanned multiple
sentences (the average token distance was 19 and 14, and the
maximum was 518 and 769). The long distance makes this
relation more difficult to detect than other relations.

Relation Precision Recall Fl1-score
None 100 94 97
Dosage 20 63 30
Route 7 31 11
Frequency 2 7 3
Duration 1 4 1
Indication 1 14 2
Adverse 1 24 1
Severity 0 0 0
Overdll 457 20.42 747
Table 3. Overall F1-scores (%) of support vector machines system. Keep rate for negative down-sampling is varied.
Keep rate Train Development Test
0.1 99.99 99.97 82.46
0.3 99.96 99.93 87.84
0.5 99.94 99.86 89.0
08 99.89 9.8 8912

3Best score on test data are highlighted in italics.
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End-to-End Deep Neural Networks

We aso examined the performance of the neural network
models. Notably, by leveraging recent advancesin deep learning,
including efficient representation learning and attention
mechanisms, we addressed the problem without any
hand-engineered features.

As stated earlier in the Methods section, we used a free
parameter window size to determine how much local context
isconsidered for entity representation in neural network models.
We first examined the effect of this parameter by training the
unidirectional LSTM-based model that was the least complex
and the fastest to train and to test. The keep rate for
down-sampling was set to 0.1 and the window sizes 5, 10, 30,
50, and 70 were studied. Table 5 presents the results.

When we considered more context with alarger token window,
the performance of the L STM -based rel ation extractor improved.

Munkhdalai et &l

However, there appeared to be asmall drop starting at the point
where size is egqual to 50, suggesting that large window size
may introduce contextual noiseinto the model. In addition, the
training and test time dramatically increased with the large
windows, therefore, we set the window size to 30 in our
experiments, unless specified.

We conducted a similar group of experiments to observe how
the different down-sampling rates affected the model learning.
Again, we used an LSTM-based model to report the results,
becauseit wastheleast complex and fastest to train. Theresults
are presented in Table 6. This time we observed a different
pattern of results. The training error kept decreasing as we
included more negative examplesin the training set. However,
with the keep rate of 0.8, it started showing decreasing
performance on the development and the test sets. We used a
down-sampling keep rate of 0.5 throughout the experiment.

Table 4. Results (%) of the best performing support vector machines model on test set. Keep rate=0.8.

Relation Precision Recall F1-score
None 100 100 100
Dosage 85 91 88
Route 96 97 96
Frequency 93 97 95
Duration 89 93 91
Indication 72 77 75
Adverse 85 84 85
Severity 95 94 95
Overall 87.85 90.42 89.1
Table 5. Overall Fl-score of the long short-term memory (L STM)—based model. Keep rate=0.1.
Window size Train Development Test
5 24.05 14.09 14.58
10 23.92 14.85 14.56
30 37.40 21.77 20592
50 321 17.15 18.43
70 27.62 15.04 15.93

3Best score on test data are highlighted in italics.

Table 6. Overall Fl-score of the long short-term memory (L STM)—based model. Keep rate for negative down-sampling is varied. Window size=10.

Keep rate Train Development Test
0.1 23.92 14.85 14.56
0.3 38.91 35.18 37.21
05 51.25 39.02 39.452
0.8 24.82 23.65 21.11

3Best score on test data are highlighted in italics.
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Table 7. Overall F1-score (%) of long short-term memory (LSTM) and attention-based models. Keep rate=0.5, window size=30.

Model Train Development Test
LSTM? 54.47 41.43 42.32
Bidirectional LSTM 86.56 66.47 62.79
LSTM + Attention 68.69 52.71 54.21
Bidirectional LSTM + Attention 83.71 68.95 65.720

8_STM: Long short-term memory.
bBest score on test dataare highlighted in italics.

Table 8. Results (%) of the best-performing neural model (Bidirectional long short-term memory [LSTM] + Attention) on test set. Keep rate=0.5,

window size=30.

Relation Precision Recall F1-score
None 100 100 100
Dosage 78 80 79
Route 67 78 72
Freguency 61 76 68
Duration 54 69 61
Indication 32 32 32
Adverse 78 46 58
Severity 77 93 84
Overdl 63.85 67.71 65.72
Table 7 shows the performance of variations of the neural Discussion

models, including the attention-based and the bidirectional
LSTM-based relation extractors. The attention-based models
always performed better than their corresponding L STM-based
extractors. Furthermore, the bidirectional networks achieve
much higher performance than the unidirectional ones. The
bidirectional LSTM-based model yielded thehighest F-1 training
score. However, without the attention mechanism, this model
appearsto be overfitting. The best performance we obtained on
the test set was a 65.72% overall F1-score for positive relation
types, which was lower than the one we reported with SVYM
models. Table 8 shows the detailed test performance measures
of the best-performing neural model (bidirectional LSTM +
attention) for each relation type. Most of the relation types had
F-1 scores above 70%, and Severity relation achieved the best
performance of 84%. However, the scores for Indication,
Adverse, and Duration relations were relatively low, with the
Indication score being the lowest of 32%, which is consistent
with SVM models. Nevertheless, the overall result is still
promising, given the fact that no feature engineering was
conducted and that the training set had only hundreds of
examples.

For SYM models, we performed an efficient grid search over
hyper-parameters, and this boosted performance substantially.
However, we were not able to do the same for neural network
models dueto their computational complexity. Instead, wewere
able to perform a small random search for neural network
parameters.

http://publichealth.jmir.org/2018/2/e29/

Principal Findings

Thebidirectional LSTM model with attention achieved the best
performance among &l the RNN variations, and additional
features are shown to hel p boost the system performance. SVM
model yields the best results, outperforming RNN models, but
RNN models demonstrate great potential of significant
improvement with more annotated data available.

Both the classic feature engineering-based SVM pipeline and
the end-to-end neural network methods have advantages. The
SVM model is able to exploit high-dimensional sparse
representation (ie, TF-1DF), which has traditionally proven to
be efficient in clinical NLP tasks. On the other hand, the neural
model relies on denselow-dimensional representationsthat can
possibly be constructed in unsupervised fashion from a large
unlabeled text, eluding the complicated feature engineering
efforts.

However, the neural models have a large number of training
parameters that are tuned during training and are able to learn
fromamuch larger dataset for better performance. For example,
our bidirectional LSTM model has 1.4 million training
parameters, so tuning this parameter set requires alarge amount
of data. Unfortunately, it is not trivial to obtain such labeled
datain the clinical and biomedical domains. Our training data
used in the experiments had hundreds of examples per relation
type, which was a very small fraction compared with the
bidirectional LSTM training parameters. In generd, thisis a
disadvantage of deep learning approaches, and we empirically
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validated in our ADE relation identification tasks. In
low-resource domains, such as the medical domain exploredin
this study, the focus of future work needsto be on data-efficient
deep learning methods. In addition, the SVM relation extractor
is easy to train and is robust with a small dataset. Training of
the neural network-based relation extractor requires a graphic
processing unit (GPU) and is computationally expensive. For
example, 60 epochs of our attention model took 26 hours to
complete on a GeForce GTX 980 GPU.

Error Analysis

We analyzed how well the SYM and attention model s performed
on short- and long-distance relations. Figure 3 plots the test
Fl-score of these models against relation distance. The
bidirectional LSTM with attention did not perform well on short
distance relations, and it was not stable. In contrast, SVM was
very stable and performed well for those relations where the
distances between the entitiesarelong. Interestingly, the neural
network performance decreased to 87% from 100% when the
distance was 1100. The performance drop was due to false
positives, and the generated negative examples were classified
as positive by the model. However, these were the simple cases
that even our rule induction classifier was able to easily detect.
Therefore, we hypothesize that the neural network makes this
obvious mistake because the context features, such as relation
representations the model relies on, are not sufficient for the
task. Tojustify this, we included a set of additional featuresin
the neura network model. The token and mention distancesand
mention type features (in SVM models) were embedded and
further used along with the dense-vector relation representations
for classification.

By including these additional featuresin the neural model, we
improved its best result from a 65.72% to a 77.35% F1-score.
Table 9 provides a horizontal comparison of the different
methods proposed in this paper. Inclusion of those featuresin
the neural model yielded an approximately 12% improvement,
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and the performance gap between the neural model and SVM
model was also reduced.

We also conducted a set of experimentsto show how thetraining
datasize affectsthe overall performance of the SVM and neural
models. We created new training sets with stratified sampling
rates of 20%, 40%, 60%, and 80% of the original training data.
Both SVM and attention-based bidirectional LSTM models
were trained on the new training sets and evaluated on the test
data. In Figure 4, we display the test F1-scores of the models
for different sample sizes. The SVM model achieved an F1-score
greater than 80% even when trained on 20% of the data, but the
performance of the neural model was only around 62%. This
demongtratesthat feature engineering approach may be preferred
over deep learning models when less annotated data are
available, as the hand-crafted features in the SYM model has
encoded human knowledge, such as domain knowledge and
various heuristics.

However, as the training dataset is increased, we can observe
afirm improvement on the performances of the neural models.
When we increased the training sample size from 20% to 80%,
the neural model improved the test performance from ~62% to
~76, by amost 20%, whereas the improvement range for the
SVM model was much smaller, around 8% F1-score. Therefore,
the neural model has the potential to improve substantially if a
larger training dataset is available.

Limitations

One limitation of this study is that the size of the data in the
experiment is relatively small, and more follow-up study is
needed to further verify the findings on alarger dataset or other
publicly available datasets (eg, i2b2 data athough they only
contain intrasentential relations) by exploring more RNN or
CNN architectures, which wewill investigate in our futurework.
In addition, the global attention in our LSTM model may not
be sufficient to pinpoint important local context, especially for
long-distance relations, and it is worth exploring more flexible
attention mechanisms on this task.

Figure 3. Test F1-score over relation distance. BiLSTM: bidirectional long short term memory; SVM: support vector machine.
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Figure 4. Test F1-score over varying training sample size. BiLSTM: bidirectional long short term memory; SVM: support vector machine.
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Table 9. Comparison of different modelsin terms of overall F1-score.
Model Train Development Test
Ruleinduction classifier 8.33 8.74 7.47
Bidirectional LSTMP 8371 66.47 62.79
Bidirectional LSTM + Attention 86.56 68.95 65.72
Bidirectional LSTM + Attention + Features 88.14 77.77 77.35
SVM?+ Features 87.85 90.42 89.1°¢

3_STM: Long short-term memory
bsvM: support vector machines.
Best score on test data are highlighted in italics.

Conclusions

In this study, we created a new expert-annotated EHR corpus
inthe context of ADE relation identification, which will become
avaluable resource and benchmark in drug safety surveillance
research community. We, then, explored 3 different supervised
machine learning modelswith different levels of complexity to
identify 7 types of ADE-related clinical relations. Our results
show that the SVM model with arich feature set achieved the
highest performance, surpassing both the rule induction model
and the RNN models. The bidirectional LSTM model with
attention achieved the best performance among the RNN models,
and the additional features are shown to help boost the system
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HER: electronic health record
LSTM: long short-term memory
MLP: multilayered perceptron
NLP: natural language processing
RNN: recurrent neural network
SVM: support vector machines
TP: true positive

WVCs: Word Vector Classes
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