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Abstract
Background: To detect attributes of medical concepts in clinical text, a traditional method often consists of two
steps: named entity recognition of attributes and then relation classification between medical concepts and
attributes. Here we present a novel solution, in which attribute detection of given concepts is converted into a
sequence labeling problem, thus attribute entity recognition and relation classification are done simultaneously
within one step.
Methods: A neural architecture combining bidirectional Long Short-Term Memory networks and Conditional
Random fields (Bi-LSTMs-CRF) was adopted to detect various medical concept-attribute pairs in an efficient way. We
then compared our deep learning-based sequence labeling approach with traditional two-step systems for three
different attribute detection tasks: disease-modifier, medication-signature, and lab test-value.
Results: Our results show that the proposed method achieved higher accuracy than the traditional methods for all
three medical concept-attribute detection tasks.
Conclusions: This study demonstrates the efficacy of our sequence labeling approach using Bi-LSTM-CRFs on the
attribute detection task, indicating its potential to speed up practical clinical NLP applications.
Keywords: Information extraction, Natural language processing, Clinical notes

Background
Clinical narratives are rich with patients’ clinical information such as disorders, medications, procedures and lab
tests, which are critical for clinical and translational research using Electronic Health Records (EHRs). Clinical
Natural Language Processing (NLP) has been a feasible
way to extract and encode clinical information in notes.
Various clinical NLP approaches and systems [1–4] have
been developed to extract important medical entities from
text and encode them into standard concepts in ontologies such as the UMLS (Unified Medical Language
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System). However, downstream clinical applications, such
as clinical decision support systems, often require additional attribute information of medical concepts. For example, to provide accurate information about what drugs
a patient has been on, a clinical NLP system needs to further extract the attribute information such as dosages,
modes of administration, frequency of administration etc.
in addition to the drug names. Many current clinical NLP
systems/applications extract individual medical concepts
without modeling their attributes or with limited types of
attributes, partially due to the lack of general approaches
to extract diverse types of attributes for different medical
concepts.
A medical concept can be defined more precisely as an
object and its allowable attributes. The object may be a

© The Author(s). 2019 Open Access This article is distributed under the terms of the Creative Commons Attribution 4.0
International License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
reproduction in any medium, provided you give appropriate credit to the original author(s) and the source, provide a link to
the Creative Commons license, and indicate if changes were made. The Creative Commons Public Domain Dedication waiver
(http://creativecommons.org/publicdomain/zero/1.0/) applies to the data made available in this article, unless otherwise stated.

Xu et al. BMC Medical Informatics and Decision Making 2019, 19(Suppl 5):236

disorder, drug, or lab test entity and attributes can be
any of the sub-expressions describing the target concept.
Attributes are prominent in clinical procedures and
found in clinical notes frequently, and have surface
forms that can be textual or numerical. Table 1 shows
some important attributes of different medical concepts
in clinical text. Disorder concepts always have attributes
that indicate whether a disorder is absent, hypothetical,
associated with someone else, conditional etc. Detailed
medication data are often expressed with medication
names and signature information about drug administration, such as dose, route, frequency, and duration.
Laboratory analysis always originates numerical values
for different lab tests.
Recently, the Clinical NLP research community has increased its focus on the task of identifying attributes for
medical concepts. For the past few years, a series of open
challenges have been organized, which focused on not
only identifying medical concepts but also their associated attributes from clinical narratives. The Third i2b2
Workshop focused on medication information extraction, which extracts the text corresponding to a medication along with other attributes that were experienced
by the patients [5]. Attribute information to be targeted
included dosages, modes of administration, frequency of
administration, and the reason for administration. The
ShARe/CLEF 2014 [6] and SemEval 2015 [7] organized
open challenges on detecting disorder mentions (subtask
1) and identifying various attributes (subtask 2) for a
given disorder, including negation, severity, body location etc. These challenges have greatly promoted clinical
NLP research on attribute detection by building benchmark datasets and innovative methods.
The detection of medical concept attributes is typically
mapped to the NLP tasks of named entity recognition
(NER) and relation extraction. Many rule-based approaches have been proposed to extract the medical
concept-associated attributes, relying on existing domain
dictionaries and hand curated rules. MedLEE, perhaps
the oldest and most well-known system, encodes contextual attributes such as negation, uncertainty and
severity for indexed clinical conditions from clinical reports [8]. NegEx [9] and ConText [10] are other two
widely used algorithms for determining contextual attributes for clinical concepts. ConText is an extension of
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the NegEx negation algorithm, which relies on trigger
terms, pseudo-trigger terms, and termination terms to
recognize negation, temporality, and experiencer attributes for clinical conditions. For medication information
extraction, the earliest NLP system CLAPIT [11] extracted drug and its dosage information using rules. The
system achieved an 86.7% exact match F-score. In the
work of Gold et al. [12], a rule-based approach was proposed to extract drug attributes: dose, route, frequency
and necessity. Another system, MedEx [13], is a rulebased sequence tagger that combined dictionary lookup,
regular expression, and rule-based disambiguation components to label drug names and signatures in clinical
text.
In addition, many high-performing systems in the
above challenges used machine learning methods. The
USyd system [14] achieved the best performances in the
i2b2 2009 medication challenge, which incorporated
both machine learning algorithms and rules engines.
The system used a conditional random field (CRF) to
identify medication and attribute entities, and a Support
Vector Machine (SVM) determined whether a medication and an attribute were related or not. In the ShARe/
CLEF 2014 and SemEval 2015 challenges, most participating systems also used machine learning-based approaches, coupled with related dictionaries, to extract
disorder assertion attributes. For example, Team ezDI
[15] detected disorder attributes in two steps: 1) used
CRF to recognize attribute mentions 2) trained SVMs
classifiers to relate the detected mentions with disorders.
These previous machine learning systems performed
well on different attribute detection tasks, but this success was undercut by an important disadvantage. Most
of them used a traditional two-step cascade approach: 1)
Named Entity Recognition (NER), to recognize attribute
entities from text; and 2) Relation extraction, to classify
the relations between any pair of attribute and target
concept entities. The two-step approach is built on different machine learning algorithms with massive human
curated features, which is complicated. Moreover, to get
better performance, in some systems, different models
need to be built for each attribute separately. For example, Apache cTAKES treats the task of locating body
sites and severity modifier as two different extraction
problems and builds two different extraction modules

Table 1 Medical concepts and their attributes
Concept

Attributes

Examples

Comments

Disorder

Negation, Severity,
Body location, etc.

Denied any [chest pain]Disorder.

The disorder ‘chest pain’ has associated negation
attribute “Denied” and body location attribute ‘chest’.

Medication

Dosage, Frequency,
Mode, etc.

[insulin Lente]Medication 12 units subcu q p.m.

The dosage attribute is ‘12 units’, the mode attribute
is ‘subcu’ and the frequency attribute is ‘q p.m.’.

Lab Test

Lab value

[blood pressure]LabTest 134/75
[URINE BLOOD]LabTest - NEG

The ‘blood pressure’ has a numerical value ‘134/75’
and the ‘URINE BLOOD’ has a textual value ‘NEG’.
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[16]. In addition, the cascade approach may suffer from
error propagation, so that any errors generated in the
NER step may propagate to the step of relation
classification.
In a previous shared task of “Adverse Drug Reaction
(ADR) Extraction from Drug Labels” (2017 TAC-ADR), we
proposed a sequence-labeling based approach to ADR attribute detection of drug mentions and it achieved superior
performance (ranked No. 1 in the challenge) [17]. The proposed approach recognizes attribute ADRs and classifies
their relations with the target drug in one step, after we
transform the ADR attribute detection into a sequencelabeling problem. In this study, we extend this approach by
modeling target concepts in a neural architecture that
combines bidirectional LSTMs and conditional random
fields (Bi-LSTM-CRF) [18] and apply it to clinical text to
assess its generalizability to attribute extraction across different clinical entities including disorders, drugs, and lab
tests. We conducted several experiments to compare our
sequence labeling-based approach with traditional twostep extraction methods using three different corpora for
disorders, medications and lab tests and our results show
that the sequence labeling-based method achieved much
better performance than traditional methods in all three
tasks, indicating its utility to concept-attribute detection
from clinical text.

Materials and methods
Tasks and datasets

In this study, we developed and evaluated our methods
using three different attribute detection tasks:
ShARe-disorder

This task is to detect attributes of disorders in clinical documents. We used the ShARe corpus developed for the
SemEval 2015 challenge task 14 [7], which is to recognize
disorders and a set of attributes including: Negation indicator (NEG), Subject Class (SUB), Uncertainty indicator
(UNC), Course class (COU), Severity class (SEV), Conditional indicator (CON), Generic indicator (GEN), and Body
location (BDL). For simplicity, we removed all dis-joint disorder and attributes mentions and ignored the GEN detection task since more than 99% of disorders have no GEN
attribute [7]. As the test dataset from this challenge was
not released to public, we merged the training and development datasets (resulting in 431 de-identified clinical
notes in total) and used them for this study.
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test corpus in the challenge, which consists of 251 discharge summaries with “silver” standard annotations collectively annotated by the challenge participants.
i2b2-LabTest

This task is to detect values (VAL) associated with lab
tests mentioned in clinical documents. We leveraged the
corpus used in the 2010 i2b2/VA shared task [20] to
develop a newly annotated dataset for this task: we first
extracted sentences containing lab test entities according
to the original annotations in the challenge (2291 sentences in total) and then manually annotated values
associated with each lab test mention (if any).
Table 2 shows the types of attributes for each of the
three tasks, as well as statistics of the corpora used in
this study.
Traditional two-step approach (baseline system)

We developed a baseline system that uses the traditional
two-step approach. It consists of two steps to identify attributes for a given medical concept. 1) Attribute entity
recognition: NER task where named entities are attributes;
we used a Bi-LSTM-CRF [18] as our sequence labeling algorithm, which has obtained state-of-the-art performance
in different NER Tasks [3, 18]. 2) Attribute-concept relation extraction: We treated this task as that of relation
classification between two entities. It was further divided
into two tasks: candidate attribute-concept pair generation
and classification. We generated all attribute-concept pairs
within one sentence as candidates and then labeled them
as positive or negative, based on the gold standard. We
trained a binary classifier for each attribute to check if any
relationship existed between an attribute mention and a
concept. The first baseline system use the SVMs algorithm
Table 2 Concepts and attributes types included in this study, as
well as their distribution in the corpora
Dataset
ShARe-Disorder

i2b2-Medication

# Target Concepts
17,368

NEG

3599

SUB

191

CON

927

SEV

1286

COU

901

UNC

1348

BDL

8053

DOS

3673

i2b2-medication

MOD

2752

This task is to detect signature attributes of drugs in clinical documents. We followed the 2009 i2b2 medication
extraction challenge [19], which is to extract medications
and their dosages (DOS), modes (MOD), frequencies
(FRE), durations (DUR) and reasons (REA). We used the

FRE

3014

DUR

259

REA

537

VAL

6644

i2b2-LabTest

8251

#Attribute Mentions

7937
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to classify candidate attribute-concept pairs, trained on
both contextual and semantic features such as: words before, between, and after the attribute-concept pair; words
inside attributes and concepts, and the relative position of
attributes. The second baseline system combine a BiLSTM layer and a Softmax layer to classify candidate pairs
[21]. To train this classifier, we use word embedding and
position embedding as input features. Both of the embeddings are randomly initialized.
Attribute detection by sequence labeling

Besides the issues of complexity and error propagation,
the traditional two-step approach also faces a major
problem, namely, omitted annotations of attribute entities. Attributes such as NEG and BDL may not be
annotated in a gold standard corpus if they are not associated with a medical concept. For example, in the Fig. 1,
‘Abdominal’ is not annotated as a BDL entity in the
ShARe-Disorder corpus. This makes it challenging to
train an effective NER model for those attributes, and
misses negative attribute-concept candidate pairs that
are required to train an effective relation classifier. To
address the above issues, we propose a novel sequence
labeling approach for attribute detection, which identifies attribute entities and classifies relations in one-step.
To address this issue, we proposed a new transformation
method in the TAC ADR detection challenge and converted it into a sequence labeling problem [17]. Here we
extend this approach to make it generalizable for any
types of clinical concepts of interests.
Taking an example of disorder-modifier extraction task
(as shown in Fig. 1), one sentence may have multiple
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target concepts (i.e., disorders) mentioned. In this case, we
will produce multiple training samples (named “conceptfocused sequences” - CFS) from the same sentence - one
for each target concept. For each CFS, attributes that are
associated with the target concept are labeled using the
BIO scheme (the Beginning, Inside, or Outside of a named
entity). For the example in Fig. 1, there are two disorder
concepts: “enlarged R kidney” and “air fluid level”, each of
which will generate a CFS for training. In the CFS for “enlarged R kidney”, only attributes that are associated with it
(i.e., “markedly” and “R kidney”) are labeled with B or I
tags. Attributes associated with “air fluid level” (i.e., “no”
and “small bowel”) are labeled with the O tag in the CFS
of “enlarged R kidney”. With such a transformation, the
task is to label a CFS to identify attributes associated with
a known target concept.
To model the target concept information alongside a
CFS, we slightly modified the Bi-LSTM-CRF architecture, by concatenating the vector representations of the
target concept with the vector representations of individual words. We used “Target” and “NotTarget” tags to
distinguish the target concept from other non-target
concepts and embeddings of each tag was randomly initialized and learned directly from the data during the
training of the model.
Experiments and evaluation

Initial experiments showed that pre-trained word embeddings did not improve overall performance much.
Therefore, we initialized our word embeddings lookup
table randomly in all our experiments. In the sequence
labeling approach, the dimension of the semantic tag

Fig. 1 An illustration of the concept-focused sequence (CFS) transformation, where each separate sequence encodes all attributes for each target
concept (Disorder)
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embeddings for target concept was set to 10. Tuning this
dimension did not significantly affect model performance. For both methods, their Bi-LSTM-CRF models
used the same parameters: a word embedding size of 50;
a character embedding size of 25; a word-level hidden
LSTM layer size of 100 and a character-level hidden
LSTM layer size of 25; stochastic gradient descent with a
learning rate of 0.005; dropout with a probability of 0.5.
Our evaluation is based on correctness in assigning attribute mentions to the given medical concepts. Here,
we use the standard precision (P), recall (R) and Fmeasure under strict criteria as our evaluation metrics.
We align the gold standard and the system output using
the given concepts (name and offset). Note that in these
results, an attribute mention associated with multiple
concepts will be calculated multiple times - this differs
slightly from traditional NER tasks, in which entities can
only be calculated once. We also adopt accuracy (Acc)
to evaluate the ability of detecting specific attribute (including null) on concept level, defined as:
Acc ¼

N correct predict
N

Where, N is the total number of gold standard concepts, Ncorrect_predict is the number of concepts, and attributes are strictly matched. For each task, we conducted
10-fold cross validation and reported micro-averages for
each attribute type.
We evaluated our system without the use of external
data or knowledge bases. The attributes we have explored are not interchangeable in their meanings or
linguistic patterns (e.g., compare concept negation to
medication reason). So external data sources would have
inconsistent effects on the task, and the generalizability
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of our methods would be less clear. Thus, we use only
features that are learned directly from the data in our
experiments.

Results
Tables 3, 4 and 5 show our results on attribute detection
for disorders, medications, and lab tests, respectively. On
the three datasets, the proposed sequence labeling approach using Bi-LSTM-CRF model greatly outperformed
the traditional two-step approaches. On the detection of
disorders attributes, as shown in Table 3, the F1 scores
for COU and UNC detection were much lower than
other attributes. On medication attribute detection,
compared to the baseline systems, the sequence labeling
approach achieved lower F-scores but higher accuracy
on FRE, DUR and REA detection. The VAL attribute detection for lab tests was the easiest task, and the sequence labeling approach achieved an F1 of 0.9554. We
show the state-of-the-art Usyd system [14] for reference,
though it is unfair to compare our system with USyd
directly, since our system takes gold medications as inputs while USyd was an end-to-end system and trained
with extra annotated corpora.
Discussion
In this paper, we investigated a sequence-labeling based
approach for detecting various attributes of different medical concepts. The proposed approach transforms the
attribute detection of given concepts into a sequencelabeling problem and adopts a neural architecture that
combined bidirectional LSTMs and CRF as sequence
labeling algorithm. It recognizes attribute entities and classifies their relations with the target concept in one-step.
The experiments on three attribute detection tasks show
good performance of our proposed method.

Table 3 The overall performance of different approaches on the share-disorder dataset in detecting 7 attributes of given disorders:
negation (neg), subject (sub), conditional (con), severity (sev), course (cou), uncertainty (unc), body location (bdl). best results are
shown in boldface
Attribute
1.1.1.Baseline
(Bi-LSTM-CRF + SVM)

1.1.1.Baseline
(Bi-LSTM-CRF + Bi-LSTM)

1.1.1.Sequence Labeling

NEG

SUB

CON

SEV

COU

UNC

BDL

Acc.

0.9323

0.9929

0.9669

0.9655

0.9576

0.9445

0.7524

P

0.7931

0.7374

0.6990

0.6421

0.5068

0.4091

0.5887

R

0.7768

0.6348

0.5987

0.7568

0.6437

0.4172

0.7516

F

0.7849

0.6822

0.6449

0.6948

0.5671

0.4131

0.6602

Acc.

0.9146

0.9900

0.9632

0.9707

0.9597

0.9308

0.7859

P

0.8387

0.8158

0.7872

0.7609

0.6340

0.4380

0.7218

R

0.7277

0.5391

0.6054

0.8213

0.6322

0.3819

0.784

F

0.7793

0.6492

0.6844

0.7900

0.6331

0.4080

0.7516

Acc.

0.9542

0.9937

0.9718

0.9817

0.9697

0.955

0.8695

P

0.8142

0.8222

0.7583

0.7812

0.6150

0.4854

0.7887

R

0.8310

0.6435

0.6682

0.8859

0.7529

0.4393

0.7991

F

0.8225

0.7220

0.7104

0.8302

0.6770

0.4612

0.7939
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Table 4 The overall performance of different approaches on the i2b2-medication dataset in detecting 5 attributes of given
medications: dosage (dos), mode (mod), frequency (fre), duration (dur), reason (rea). best results are shown in boldface
Attribute
Baseline
(Bi-LSTM-CRF + SVM)

Baseline
(Bi-LSTM-CRF + Bi-LSTM)

Sequence Labeling

Usyd [14]

DOS

MOD

FRE

DUR

REA

Acc.

0.9201

0.9584

0.9353

0.9783

0.9473

P

0.8794

0.9110

0.8762

0.5945

0.5373

R

0.9292

0.9597

0.9390

0.6680

0.6704

F

0.9036

0.9347

0.9065

0.6291

0.5965

Acc.

0.9250

0.9559

0.9302

0.9680

0.9269

P

0.9305

0.9372

0.9198

0.6168

0.5984

R

0.9434

0.9658

0.9399

0.6525

0.5717

F

0.9369

0.9513

0.9298

0.6341

0.5848

Acc.

0.9573

0.9807

0.9556

0.9802

0.9589

P

0.9728

0.9773

0.9503

0.7785

0.7409

R

0.9159

0.9528

0.9078

0.4479

0.4953

F

0.9435

0.9649

0.9286

0.5686

0.5938

P

0.9189

0.9073

0.9142

0.5604

0.6687

R

0.8678

0.8915

0.8795

0.3709

0.3319

F

0.8926

0.8994

0.8965

0.4464

0.4436

A few specific types of attributes appear to be particularly difficult to detect; for example, the F1 of disorder
uncertainties (UNC), medication durations (DUR), and
medication reasons (REA) were all lower than 0.6. This
could be due to diversity of the surface forms and low
frequency of these attributes in our datasets. For example, in the i2b2-Medication dataset, there are 259
DUR entities in total, which is relatively small for training a machine learning model to recognize named entities without extra knowledge. In addition, we found
that the data for the REA and DUR attribute relation
classifiers were heavily biased towards positive samples.
This bias may make the binary classifiers tend to relate
Table 5 The overall performance of different approaches on
the i2b2-labtest dataset in detecting values (val) of given lab
tests. Best results are shown in boldface
Attribute
Baseline
(Bi-LSTM+SVM)

Baseline
(Bi-LSTM+Bi-LSTM)

Sequence Labeling

VAL
Acc.

0.4415

P

0.7160

R

0.4193

F

0.5289

Acc.

0.8993

P

0.9248

R

0.9288

F

0.9268

Acc.

0.9456

P

0.9526

R

0.9582

F

0.9554

the given medication with the detected DUR or REA attribute entities.
For each of the 13 attributes in Tables 3, 4 and 5, we
randomly selected ten errors by our system for analysis.
After manually checking these 130 errors, we classified
the errors into the following five types: 1) Matching partially (26/130): the boundaries of the attribute entity do
not perfectly match. 2) Relating with wrong target concept (21/130): the error where the system recognized an
attribute entity and related it with wrong target concept.
3) Missing one of attribute cues (5/130): the attribute of
the target concept has more than one cue. However, the
system only finds one of them. 4) Annotation errors (13/
130). 5) Other diverse, but unclear reasons, including
unseen samples (65/130). For example, “precath” is not
extracted as a MOD from the sentence “[Mucomyst]
medication precath with good effect”. A potential reason
may be that the use of “precath” is unusual. Table 6 lists
examples for each type of errors.
This study has several limitations. First, our Bi-LSTMCRF system was not fully optimized for the problem setting. For example, we did not use pretrained embeddings
or external knowledge bases and we did not consider
alternative deep learning architectures. In the future we
will investigate existing domain knowledges and integrate them as features into our models to further reduce
recognition errors discussed in the error analysis. Moreover, as contextual language representation has achieved
many successes in NLP tasks [22, 23], we will explore
the usage of novel contextual word embeddings to replace randomly initialized word embeddings and pretrain them with external clinical corpora. Second, while
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Table 6 Examples of attribute detection errors
Error Type

Frequency Example

Matching partially

26/130

Sentence & Target Concept

Attribute Gold Standard System Prediction

… were negative for [infection]disorder

NEG

negative

negative for

Relating with wrong target concept 21/130

… multiple small [collections of blood] in your head. BDL

head

blood, head

Missing one of attribute cues

[Ultralente]medication 14 mg q.a.m., 4 mg

14 mg; 4 mg

14 mg

5/130

DOS

Annotation errors

13/130

Father died from [CHF]disorder at 54

SUB

Others

65/130

[Mucomyst]medication precath with good effect

MOD

we did achieve state-of-the-art performance on all three
tasks, the generalizability of our approaches need further
validation, as data sources used here were limited to a
single corpus for each type of concept-attribute. Furthermore, we also suffered from the lack of sufficient annotated data for specific types of attributes, thus optimal
performance was not achieved.

Conclusions
In this study, we proposed a sequence-labeling based approach for detecting attributes of different medical concepts, which recognizes attribute entities and classifies
their relations with the target concept in one step. Our
experimental results show that the proposed technique
is highly effective. This study demonstrates the efficacy
of our sequence labeling approach using Bi-LSTM-CRFs
on the attribute detection task. The proposed deep
learning-based architecture provides a simple unified solution for detecting attributes for given concepts without
using any external data or knowledge bases, thus streamlining applications in practical clinical NLP systems.
Abbreviations
ADR: Adverse drug reaction; BDL: Body location; Bi-LSTM-CRF: Bidirectional
long short-term memory and conditional random field; CFS: Conceptfocused sequence; CON: Conditional indicator; COU: Course class;
CRF: Conditional random field; DOS: Dosage; DUR: Duration; EHRs: Electronic
health records; FRE: Frequency; GEN: Generic indicator; MOD: Mode;
NEG: Negation indicator; NER: Named entity recognition; NLP: Natural
language processing; REA: Reasons; SEV: Severity class; SUB: Subject class;
SVM: Support vector machine; UMLS: Unified medical language system;
UNC: Uncertainty indicator; VAL: Value
Acknowledgments
The authors would like to thank the organizers of the i2b2 2009, i2b2 2010,
CLEF eHealth 2014, SemEval 2015 Task 14 for providing the datasets.
About this supplement
This article has been published as part of BMC Medical Informatics and
Decision Making Volume 19 Supplement 5, 2019: Selected articles from the
second International Workshop on Health Natural Language Processing
(HealthNLP 2019). The full contents of the supplement are available online at
https://bmcmedinformdecismak.biomedcentral.com/articles/supplements/
volume-19-supplement-5.
Authors’ contributions
HX, YW, YX, ZHL and JX conceived of the study. JX, YW, ZHL, HJL, SW, QW
and HX were responsible for the overall design, development, and
evaluation of this study. JX, YZ and HX did the bulk of the writing, SW, QW,
and YW also contributed to writing and editing of this manuscript. All

Father
precath

authors reviewed the manuscript critically for scientific content, and all
authors gave final approval of the manuscript for publication.
Funding
This study was supported in part by grants from NLM R01 LM010681, NCI
U24 CA194215, and NCATS U01 TR002062. The publication cost of this article
was funded by grant NCI U24 CA194215.
Availability of data and materials
Not applicable.
Ethics approval and consent to participate
Not applicable.
Consent for publication
Not applicable.
Competing interests
Dr. Xu and The University of Texas Health Science Center at Houston have
research-related financial interests in Melax Technologies, Inc.
Author details
1
The University of Texas School of Biomedical Informatics, 7000 Fannin St
Suite, Houston, TX 600, USA. 2College of Computer Science and Technology,
Dalian University of Technology, Dalian, China. 3Departments of Health
Outcomes and Policy, College of Medicine, University of Florida, Gainesville,
Florida, USA.
Published: 5 December 2019
References
1. Souza JD, Ng V. Sieve-Based Entity Linking for the Biomedical Domain. In:
Proceedings of the 53rd Annual Meeting of the Association for
Computational Linguistics and the 7th International Joint Conference on
Natural Language Processing (Short Papers). Beijing, China; 2015. p. 297–
302. http://www.hlt. Accessed 27 Mar 2019.
2. Xu J, Zhang Y, Wang J, Wu Y, Jiang M, Soysal E, et al. UTH-CCB: The
Participation of the SemEval 2015 Challenge-Task 14. In: Proceedings of the
9th International Workshop on Semantic Evaluation (SemEval 2015). Denver,
Colorado; 2015. p. 311–4. http://alt.qcri.org/semeval2015/task14/index.php.
Accessed 27 Mar 2019.
3. Wu Y, Jiang M, Xu J, Zhi D, Xu H. Clinical Named Entity Recognition Using
Deep Learning Models. In: AMIA ... Annual Symposium proceedings. AMIA
Symposium. American Medical Informatics Association; 2017. p. 1812–9.
http://www.ncbi.nlm.nih.gov/pubmed/29854252. Accessed 27 Mar 2019.
4. Li H, Chen Q, Tang B, Wang X, Xu H, Wang B, et al. CNN-based ranking for
biomedical entity normalization. BMC Bioinformatics. 2017;18(Suppl 11):385.
https://doi.org/10.1186/s12859-017-1805-7.
5. Uzuner O, Solti I, Cadag E. Extracting medication information from clinical
text. J Am Med Inform Assoc. 2010;17:514–8. https://doi.org/10.1136/jamia.
2010.003947.
6. Kelly L, Goeuriot L, Suominen H, Schreck T, Leroy G, Mowery DL, et al.
Overview of the ShARe/CLEF eHealth Evaluation Lab 2014. Springer, Cham;
2014. p. 172–191. doi:https://doi.org/10.1007/978-3-319-11382-1_17.
7. Elhadad N, Pradhan S, Lipsky Gorman S, Manandhar S, Chapman W,
Savova G, et al. SemEval-2015 Task 14: Analysis of Clinical Text. In:
Proceedings of the 9th International Workshop on Semantic Evaluation

Xu et al. BMC Medical Informatics and Decision Making 2019, 19(Suppl 5):236

8.

9.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.
22.

23.

(SemEval 2015). Denver, Colorado; 2015. p. 303–10. www.clinicalelement.
com. Accessed 27 Mar 2019.
Friedman C, Alderson PO, Austin JH, Cimino JJ, Johnson SB. A general
natural-language text processor for clinical radiology. J Am Med Inform
Assoc 1994;1:161–174. http://www.ncbi.nlm.nih.gov/pubmed/7719797.
Accessed 6 Jan 2019.
Chapman WW, Bridewell W, Hanbury P, Cooper GF, Buchanan BG. A
simple algorithm for identifying negated findings and diseases in
discharge summaries. J Biomed Inform. 2001;34:301–10. https://doi.org/
10.1006/jbin.2001.1029.
Harkema H, Dowling JN, Thornblade T, Chapman WW. ConText: an
algorithm for determining negation, experiencer, and temporal status from
clinical reports. J Biomed Inform. 2009;42:839–51. https://doi.org/10.1016/j.
jbi.2009.05.002.
Evans DA, Brownlow ND, Hersh WR, Campbell EM. Automating concept
identification in the electronic medical record: an experiment in extracting
dosage information. In: Proceedings : a conference of the American Medical
Informatics Association. AMIA Fall Symposium. 1996. p. 388–92. http://www.
ncbi.nlm.nih.gov/pubmed/8947694. Accessed 27 Mar 2019.
Gold S, Elhadad N, Zhu X, Cimino JJ, Hripcsak G. Extracting structured
medication event information from discharge summaries. AMIA . Annu
Symp Proc. 2008;2008:237–41 http://www.ncbi.nlm.nih.gov/pubmed/1
8999147.
Xu H, Stenner SP, Doan S, Johnson KB, Waitman LR, Denny JC. MedEx: a
medication information extraction system for clinical narratives. J Am Med
Inform Assoc. 2010;17:19–24. https://doi.org/10.1197/jamia. M3378.
Patrick J, Li M. High accuracy information extraction of medication
information from clinical notes: 2009 i2b2 medication extraction challenge.
J Am Med Informatics Assoc. 2010;17:524–7. https://doi.org/10.1136/jamia.
2010.003939.
Pathak P, Patel P, Panchal V, Soni S, Dani K, Choudhary N, et al. ezDI: A
Supervised NLP System for Clinical Narrative Analysis. In: Proceedings of
the 9th International Workshop on Semantic Evaluation (SemEval 2015).
Denver, Colorado; 2015. p. 412–6. http://www.csie.ntu.edu.tw/. Accessed
27 Mar 2019.
Savova GK, Masanz JJ, Ogren PV, Zheng J, Sohn S, Kipper-Schuler KC, et al.
Mayo clinical text analysis and knowledge extraction system (cTAKES):
architecture, component evaluation and applications. J Am Med Inform
Assoc. 2010;17:507–13. https://doi.org/10.1136/jamia.2009.001560.
Xu J, Lee H-J, Ji Z, Wang J, Wei Q, Xu H. UTH_CCB system for adverse drug
reaction extraction from drug labels at TAC-ADR 2017. In: Proceedings of
Text Analysis Conference.
Lample G, Ballesteros M, Subramanian S, Kawakami K, Dyer C. Neural
Architectures for Named Entity Recognition. In: Proceedings of NAACLHLT. San Diego, California; 2016. p. 260–70. https://github.com/.
Accessed 11 Dec 2018.
Uzuner Ö, Solti I, Xia F, Cadag E. Community annotation experiment
for ground truth generation for the i2b2 medication challenge. J Am
Med Informatics Assoc. 2010;17:519–23. https://doi.org/10.1136/jamia.
2010.004200.
Uzuner Ö, South BR, Shen S, DuVall SL. i2b2/VA challenge on concepts,
assertions, and relations in clinical text. J Am Med Inform Assoc. 2010;18:
552–6. https://doi.org/10.1136/amiajnl-2011-000203.
Zhang D, Wang D. Relation classification via recurrent neural network. arXiv
Prepr arXiv150801006. 2015. https://arxiv.org/pdf/1508.01006.pdf. .
Peters ME, Ammar W, Bhagavatula C, Power R. Semi-supervised
sequence tagging with bidirectional language models. 2017. http://arxiv.
org/abs/1705.00108. .
Devlin J, Chang M-W, Lee K, Toutanova K. BERT: Pre-training of Deep
Bidirectional Transformers for Language Understanding. arXiv Prepr
arXiv181004805. 2018. https://arxiv.org/abs/1810.04805. .

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Page 8 of 8

