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Abstract

Objective—Healthcare communities have identified a significant need for disease-specific
information. Disease-specific ontologies are useful in assisting the retrieval of disease-relevant
information from various sources. However, building these ontologies is labor intensive. Our goal
is to develop a system for an automated generation of disease-pertinent concepts from a popular
knowledge resource for the building of disease-specific ontologies.

Methods—A pipeline system was developed with an initial focus of generating disease-specific
treatment vocabularies. It was comprised of the components of disease-specific citation retrieval,
predication extraction, treatment predication extraction, treatment concept extraction, and
relevance ranking. A semantic schema was developed to support the extraction of treatment
predications and concepts. Four ranking approaches (/.e., occurrence, interest, degree centrality,
and weighted degree centrality) were proposed to measure the relevance of treatment concepts to
the disease of interest. We measured the performance of four ranks in terms of the mean precision
at the top 100 concepts with five diseases, as well as the precision-recall curves against two
reference vocabularies. The performance of the system was also compared to two baseline
approaches.

Results—The pipeline system achieved a mean precision of 0.80 for the top 100 concepts with
the ranking by /nterest. There were no significant different among the four ranks (p = 0.53).
However, the pipeline-based system had significantly better performance than the two baselines.

Conclusions—The pipeline system can be useful for an automated generation of disease-

relevant treatment concepts from the biomedical literature.
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1. Introduction

Disease-specific ontologies are knowledge bases intended to structure and represent disease-
relevant information including disease etiology, diagnostic characteristics, treatments and
prognosis [1]. By providing rich domain knowledge, they can be very useful in assisting the
retrieval of disease-relevant information from sources like clinical data repositories,
biomedical literature, and online health resources, which therefore can better meet the
information needs of various healthcare communities.

Building and maintaining such ontologies is labor-intensive. One major challenge is to
identify disease-specific vocabularies that form the core of disease-specific ontologies. For
example, in a previous study [1] we asked medical experts to manually develop reference
vocabularies for three diseases from selected biomedical literature sources. The annotation
of selected documents took around 100 man-hours, not counting the document preparation,
guideline development, experts training, adjudication, and concept mapping. From the same
study, we also found that existing literature sources were sufficient to provide disease-
specific vocabulary. Therefore, there is an opportunity for the development of algorithms
that can automatically extract vocabulary components from these sources.

In the present study, we address the challenge described above by developing a set of
knowledge extraction techniques that automatically generate disease-pertinent vocabulary
from existing sources. We chose the MEDLINE database as our knowledge source because
it contains a large collection of published journal citations and covers a variety of diseases.
We have focused on treatment concepts associated with the disease of interest, including
direct treatment and prevention of the problem or complications caused by the problem;
however, the method can also be adapted to other disease domains (e.g., signs, symptoms,
diagnostic tests).

2. Background

2.1. Disease-specific information needs and barriers

Disease-specific information is frequently sought by people in the healthcare communities,
including clinicians, healthcare consumers, clinical researchers and medical knowledge
engineers. The types of information that have been sought include medical knowledge
(information that is understood to be generalizable to the care of all patients), patient data
(information about a specific person), and population statistics (aggregated data about
groups or populations of patients) [2]. For example, a variety of published studies
investigated physicians’ information needs by analyzing their clinical questions raised in the
course of patient care [2-4]. A large proportion of the questions were related to disease-
specific medical knowledge, such as “what is the drug of choice for condition x?”, “what test
is indicated in situation x?”, and “how should | treat condition x?” [5]. Clinicians also
frequently seek disease-specific patient information (e.g., medical history, physical exam)
from clinical data repositories. With the wide adoption of electronic medical records,
available patient data has been shown a marked increase. Thus, it is important to be able to
distil and filter medical records to show the patient information that is relevant to a specific
problem of interest.
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Healthcare consumers also frequently seek health information online to better understand
and manage their own health [6]. Research shows that the top two major health topics
searched online are related to the personal medical problems and the treatment for these
problems [7]. Clinical researchers and medical knowledge engineers also demand disease-
specific information in order to understand, model, and analyze clinical data. For example,
when conducting a retrospective clinical study, clinical researchers need to understand the
details of the clinical problem (e.g., disease-specific signs and symptoms, diagnostic tests,
comorbidities) in order to properly identify “research subjects” from an EHR.

2.2. Disease-specific ontologies

Ontologies are explicit and formal representations of domain knowledge, which enable the
management, sharing, and reuse of domain knowledge [8,9]. Disease-specific ontologies
intend to integrate vocabularies of different aspects of the disease, such as signs and
symptoms, medications, therapeutic procedures, diagnostic procedures, and laboratory tests
and imaging. To minimize information overload, it is crucial to develop effective
information retrieval systems capable of retrieving relevant information to meet different
information needs. For healthcare consumers, who are likely to have low health literacy [10],
it is important to assist them forming optimal queries to retrieve relevant information from
online health sources [11]. We anticipate that these ontologies will facilitate the retrieval of
specific information from a variety of sources, such as websites [12], biomedical literature
[13], and clinical data repositories [14—-16]. Disease-specific ontologies can support
information retrieval systems by providing domain-specific concepts and relations necessary
to direct the formulation or expansion of initially simple queries tied to clinical concepts. In
addition, the medical knowledge contained in disease-specific ontologies could be used by
clinical researchers and medical knowledge engineers to understand the diseases, and the
vocabularies in the ontologies may further assist their research or engineering work (e.g.,
cohort selection, text annotations).

2.3. Relation extraction in biomedical domain

Domain experts can develop disease-specific ontologies, but individuals with the required
expertise are scarce and expensive. A long-term goal of our research is to create a platform
to facilitate large-scale development of these ontologies. One of the critical tasks in building
disease-specific ontologies is to acquire medical knowledge like concepts and relationships
related to the disease of interest [8,17]. This kind of medical knowledge has been
substantially documented in sources like the biomedical literature, web documents, and
clinical data repositories, although most of it is represented in unstructured and narrative
format. We therefore hope to take advantage of these sources and investigate automatic
techniques to extract disease-specific medical knowledge from them.

Automatic extraction of relational medical knowledge from the biomedical literature is an
active subject of research interest [18-22]. Researchers have attempted to extract disease-
specific medical knowledge from the biomedical literature ever since the 1990s [23,24]. In
the earliest stage, the methods merely relied on co-occurrence-based statistics. For examples,
Zeng and Cimino used MeSH co-occurrence information from the UMLS to obtain disease-
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chemical associations [24]. Chen et al. used co-occurrence statistics to extract disease-drugs
relations from MEDLINE abstracts [18].

Along with the advanced development of NLP techniques, a variety of rule-based and
machine-learning-based methods have been used for relation extraction. A typical example
of rule-based system is SemRep [25,26] which is built upon UMLS and MetaMap. It
interprets the biomedical knowledge presented in a given sentence from the scientific
literature in the form of predications {subject PREDICATE object}, where the subject and
object are biomedical concepts from the UMLS Metathesaurus and the PREDICATE is a
semantic relation from the UMLS Semantic Network [25-27]. For example, from the
sentence “this paper will review the earlier and present studies in the development of
rasagiline for treatment of PD and discuss its pharmacology and applicable mechanism of
action”, SemRep extracts the predication {Rasagiline TREATS Parkinson’s disease}. Based
on a preliminary evaluation, the precision and recall of SemRep are 78% and 49%
respectively [26]. More recently, Xu and Wang applied a pattern-based approach to extract
disease-drug and disease-disease risk relationships from MEDLINE citations [21,22].

Machine learning techniques have also been successfully applied to relation extraction.

From one standpoint, relation extraction is a classification problem which is to predict
semantic relations held between two identified entities in a given sentence [28]. Researchers
have employed different classification models using diverse lexical, syntactic and semantic
features derived from the text to make predication on the relations. For example, Rosario and
Hearst compared graphical models and neural network using lexical, syntactic, and semantic
features to distinguish among seven relation types that can occur between the entities
“treatment” and “disease” in bioscience texts [29]. Zeng et al. exploited a convolutional deep
neural network to extract lexical and sentence level features which were fed into a softmax
classifier to predict the relationships between two marked nouns [30]. From another
standpoint, relation extraction is a sequence labeling problem, for which researchers have
applied kernel-based approaches to label the relationships between two entities. For
example, Bundschus et al. used conditional random field technologies to extract disease-
treatment associations from PubMed abstracts [31]. Giuliano et al. investigated a kernel-
based approach based on shallow linguistic processing for extracting relations between
entities from biomedical literature [32].

In the present work, we intend to develop an automated approach to extract treatment
vocabularies from the biomedical literature for a given disease of interest. Unlike previous
studies which worked on semantic interpretation of the relationships from the biomedical
literature, we focused on filtering and ranking disease-specific concepts for a given disease
of interest. In addition, our work builds on previous tools and methods, in particular
SemRep.

2.4. SemMedDB

SemRep is routinely used to process the entire set of MEDLINE citations (/.e., the titles and
abstracts) to extract structured predications, which are then stored in a repository called
SemMedDB [33]. There are currently over 83 million semantic predications in this database
version June 30, 2015, approximately 93% of which are associative (or, non- “IS-A”
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predication). Although SemMedDB provides structured predications that could facilitate the
acquisition of medical knowledge from the biomedical literature, further inference is needed
to filter noisy data and to retrieve information that is most useful for a disease-specific
ontology. For example, a query in SemMedDB for a collection of predications that include
congestive heart failure retrieves thousands of predications. Within these predications,
concepts may range widely from pharmaceutical substances to signs and symptoms and
related genes. Therefore, many retrieved concepts and predications could be outside scope
for a disease-specific ontology. In addition, concepts that are irrelevant to the main search
topic may be retrieved due to errors in the underlying SemRep NLP process and inaccurate
or outdated information presented in MEDLINE abstracts. We addressed these issues in the
development of our automatic knowledge extraction system from SemMedDB.

3. Materials and methods

The study method is comprised of two parts: (1) the development of a pipeline-based
process to extract disease-specific, treatment-related information from biomedical literature;
and (2) an experiment to compare the pipeline-based process to extract disease-specific
treatment vocabulary with two baseline approaches in terms of precision-recall curves and
mean average precision.

3.1. Pipeline-based process

The pipeline-based process developed in the present study consists of the following steps
(see Fig. 1): (1) retrieval of therapeutic citations from MEDLINE for the disease of interest
using a search strategy that aims to retrieve scientifically sound studies; (2) retrieval of all
predications and their corresponding sentences from SemMedDB for the citations retrieved
in Step 1; (3) development of a semantic schema from the UMLS and existing disease-
specific ontologies to identify treatment-related predications from this list; (4) retrieval of
treatment-related predications from the predications in Step 2 using the semantic schema
from Step 3; (5) extraction of treatment concepts from the treatment predications extracted
in Step 4 from the list generated in Step 3; (6) ranking of the treatment concepts extracted in
Step 5 using four ranking algorithms.

3.1.1. Step 1: Retrieval of disease-pertinent MEDLINE citations—The first step
retrieves biomedical citations from MEDLINE database regarding the therapy of a given
disease. We built a search strategy based on the PubMed Clinical Queries, which is a set of
filters that are tuned to retrieve scientifically sound clinical studies in topics such as
treatment, diagnosis, and prognosis [34-36]. The Clinical Query filters provide two modes:
broad and narrow. The broad treatment filter has shown a sensitivity of 99% and a
specificity of 70%, while the narrow treatment has shown a sensitivity of 93% and
specificity of 97%. In the present study, we focused on sensitivity and used the broad filter.

Although Clinical Query filters perform well in retrieving clinical trial studies, the query
does not cover other types of study design, such as systematic reviews, which would also be
useful for retrieving disease-specific medical knowledge. Hence, we extended the Clinical
Query treatment filter to retrieve systematic review articles (see Fig. 2). In addition, we
added the following restrictions: English language, abstract available, human subjects, and
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core clinical journals. We obtained the list of clinical journals by combining the PubMed
core clinical journals (http://www.nIm.nih.gov/bsd/aim.html) with a list of journals
categorized under “clinical medicine” in Web of Science (http://ip-
science.thomsonreuters.com/mjl/). For each disease of interest, we added a MeSH term for
the disease as a major topic. The modified Clinical Query filter can also be extended to
retrieve articles for other disease-associated concepts, such as etiology, diagnosis, and
prognosis.

3.1.2. Step 2: Predication extraction with SemRep—In this step, the input is all the
PMIDs that were assigned to those MEDLINE citations retrieved from step 1. The output is
the predications generated by the SemRep from those MEDLINE citations as well as the
sentences where the predications came from. More specifically, we took all the PMIDs to
form SQL scripts to query the SemMedDB [33] to retrieve all the predications and
sentences. The version of SemMedDB we used was updated with citations published
through June 30, 2015. Citations published after this date were not yet available in
SemMedDB, therefore we excluded those citations from the study.

3.1.3. Step 3: Development of semantic schema—The semantic schema consisted of
a set of metapredications whose arguments are defined based on high-level domains based
on UMLS semantic groups [37]; for example, { Procedures TREATS Disorders}. The
development of a semantic schema is a one-time process that supports knowledge extraction
of treatment concepts for any disease of interest. The development of the semantic schema
was performed in two steps: (1) selection of relevant semantic groups to filter treatment
concepts (Step 4), and (2) definition of relevant metapredications to filter treatment
predications (Step 5).

To select relevant semantic groups, we analyzed the semantic groups and types that were
present in the heart failure reference vocabulary (http://bioportal.bioontology.org/ontologies/
HFO) that had been manually created in a previous study [1]. The rationale for this approach
is the assumption that the majority of semantic groups and types covered in disease
treatment vocabularies would also be covered in the heart failure reference vocabulary.

A total of 413 treatment concepts were retrieved, from 38 semantic types and 9 semantic
groups (/.e., Chemicals & Drugs, Proceaures, Physiology, Devices, Activities & Behaviors,
Concepts & ldeas, Objects, Disorders, and Organizations). The majority of the heart failure
treatment concepts belonged to two semantic groups: Chemicals & Drugsand Procedures.
We manually reviewed the other seven semantic groups and, based on domain knowledge,
decided to include only four semantic groups: Chemicals & Drugs, Procedures, Devices, and
Activities & Behaviors (Table 1). We also excluded a subset of the semantic types from the
Procedures and Devices semantic groups. For example, from Procedures, we excluded
Diagnostic Procedure, Laboratory Procedure, Molecular Biology Research Technigue, and
Research Activity.

We followed a similar process for metapredications, also using the heart failure vocabulary.
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We retrieved a total of 54,991 predications from SemMedDB from 15,994 citations. Forty
percent (N = 22,019) of the predications contained treatment concepts from the heart failure
vocabulary. We then generated 205 unique metapredications based on the retrieved
predications, such as {Chemicals & Drugs, ADMINISTERED_TO, Living Beings}. Next,
we removed the metapredications that did not contain any of the four semantic groups
selected in the previous step. In addition, we excluded metapredications whose predicate
was not treatment-related predicates, such as DIAGNOSES, CAUSES, STIMULATES,
PRODUCES, PREDISPOSES, as well as negation predications. The remaining
metapredications were grouped into four categories (Table 2). For each category, we
identified the predication arguments that were most relevant for extracting treatment
concepts. However, we noted some exceptions. For example, in category 3, for
metapredications where the arguments are Chemical & Drugs and Devices, their
corresponded predications are usually about the comparison or co-occurrence of a treatment
(Chemical & Drugs) with a “placebo” (Devices), therefore, only the concepts from the
position of Chemical & Drugswill be retrieved.

3.1.4. Step 4: Extraction of relevant treatment predications—Many predications
retrieved in Step 2 could be not related to the treatment (e.g., a predication {congestive heart
failure CAUSES cardiomyopathy, dilated}), or were generic and of little interest (e.g.,
{pharmaceutical preparations TREATS pneumonia}). To filter out generic predications, we
adopted the novelty approach proposed by Fiszman et al. [38]. A predication is considered
as generic when it has a generic concepts which is determined by whether the hierarchical
depth in the Metathesaurus is less than an empirical distance. Each concept of the
predications has the attribute of novelty in the SemMedDB. We exclude predications that
contain non-novel concepts.

We then used the semantic schema to separate the treatment predications from irrelevant
predications. To do so, we excluded predications that did not match one of the
metapredications. For example, the predication {Adrenergic beta-Antagonists PREVENTS
heart failure} matches the metapredication {Chemicals & Drugs PREVENTS Disorders},
while predication {congestive heart failure CAUSES cardiomyopathy, dilated} does not
match any metapredications in the semantic schema.

3.1.5. Step 5: Extraction of disease-specific treatment concepts—After obtaining
treatment predications, we extracted the concepts in the subject or object according to the
semantic schema in Table 2. However, these extracted concepts could still be too general for
the disease of interest. To exclude general concepts, we used an approach based on the
assumption that concepts associated with a large number of diseases (/.€., common concepts)
are likely to be general.

In order to identify common concepts, we took all MeSH terms (from UMLS Version
2014AB) with the semantic type of disorders (N = 5109), and repeated Steps 1, 2, and 4
above to generate disease-treatment pairs. A subset of 2683 MeSH terms were associated
with disease-treatment pairs. Then, we analyzed the retrieved treatment concepts and the
number of associated disorders for each treatment concept. If a treatment concept was
associated with more than an arbitrary threshold of 20% of disease MeSH terms (N = 536),
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the concept was considered to be a common concept. Applying this criterion, we generated a
set of 69 common concepts. Table 3 shows examples of common concepts.

3.1.6. Step 6: Concept ranking—Ranking concepts has three purposes. First, the
ranking might convey the information of the strength of the association. As we know, some
treatment concepts might have stronger association with the disease of interest. For example,
both “carvedilol” and “fish oil” are retrieved as treatment of heart failure, however,
“carvedilol” is mentioned much more frequently in the literature than fish oil as a treatment
of heart failure. Second, ranking concepts could make the true relevant concepts appear
earlier in the result list than the noise. Although the semantic schema are able to filter some
treatment-irrelevant information, noisy information can still be introduced because the
semantic schema was focused on sensitivity. For example, given a disease of interest (/.e.,
heart failure), we extracted a treatment predication {Trastuzumab TREATS Breast cancer
metastatic}, where the concept “Trastuzumab” was discussed as a cause of heart failure
rather a treatment. Last but not least, a ranked list could speed up the review of automatically
extracted concepts. The knowledge authors could prioritize their work with the ranked
output.

We explored four approaches to rank the concepts: occurrence, interest, degree centrality,
and weighted degree centrality.

1 Occurrence: the frequency of the occurrence of a treatment concept in the
retrieved treatment predications for a given disease of interest (Formula (1)). The
assumption is that the more often a concept is mentioned in the context of
disease-specific treatment predications, the stronger the confidence that it is as a
treatment for the disease of interest.

Occurrence(ti,d)=a; (1)

where g; is the frequency of the occurrence of a concept t; in the treatment
predications.

2. Interest: A treatment concept may have a high occurrence score among the other
extracted treatment concepts simply because it frequently occurs in the entire
database. However, the relation between the concept and the disease of interest
can still be weak. /nterestis a measure that attempts to correct this weakness of
occurrence, the idea of which is very similar to the TF-IDF (term frequency
inverse document frequency) — a statistic that is intended to reflect how
important a word is to a document in a collection of corpus [39]. We define the
interestis the ratio of the occurrence of a treatment concept to the sum of the
occurrence of all treatment concepts retrieved for a given disease of interest
divided by logarithm of the ratio of the occurrence of a treatment of interest to all
treatment concepts in the database (see Formula (2)). The denominator is a
simple way of measuring the commonality of a concept.

J Biomed Inform. Author manuscript; available in PMC 2017 September 07.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Page 9

ai/Z?[ai

Interest(t;,d)=—————
log(Ai/Y""" Ai) @

where g; is the frequency of the occurrence of a concept t; in the treatment
predications, A is the total frequency of the occurrence of the concept tj in the
entire database, while M is the total number of retrieved treatment concepts.

Degree centrality: Occurrence-based statistics ignore the linkage between
concepts. Since the treatment predications extracted in step 4 can form a graph,
we analyzed the formed network and use the centrality to identify important
vertices (/.e., treatment concepts) within the graph. Degree centrality is the
simplest of many centrality approaches, which measures the significance of the
concepts in the graph by counting their connectivity to other concepts. We do not
look at whether a concept is directly connected to the disease of interest or not;
rather, we assess whether concepts are in the center of the graph. The following
formula was used to calculate the degree centrality of a given concept in the
graph:

N
CD (Z'):inj
)

where i is the focal node, j represents all other nodes, N is the total number of
nodes, and x is the adjacency matrix, in which the cell x;;is defined as 1 if node 7
is connected to node /, and O otherwise. Zhang et al. have used degree centrality
for semantic abstraction summarization of therapeutic studies, in which degree
centrality was used to select important nodes from a graph [37]. Ozgiir et al. also
used degree centrality for mining gene-disease association from biomedical
literature [40].

Weighted degree centrality: Weighted degree centrality is a harmonization
between the frequency of occurrence and degree centrality [41].

e x (3)'H x5

ki=Cp (i)
S-:C“’(i):gjw”
R @)

where k; is the degree centrality score of node i, or C(/) as described in Formula
(3)- S; is the sum of weighted adjacency matrix in which wj;is the value that
represents the weight of the edge (/.¢e., the occurrence of a predication) between
node 7and node j. a is a positive tuning parameter that can be set according to
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the research setting and data. We used a = 0.5 in this study to harmonize the
occurrence and the degree centrality in one ranking.

3.2. Experiment

We conducted an experiment to test the following nu//hypotheses: there is no difference in
precision at top 100 extracted concepts among the rankings produced by the four ranking
approaches in the pipeline-based algorithms (H1); and there is no difference in precision at
top 100 extracted concepts among the rankings produced by the pipeline, predication, and
MeSH-based extraction methods (H2). In addition, we also evaluated the performance of the
system against the manually extracted treatment vocabulary with precision-recall curves.

3.2.1. Baseline approaches—We compared our approach with two baselines in terms of
extracting disease-specific treatment concepts from MEDLINE citations.

Baseline 1: The Medical Subject Headings (MeSH) vocabulary is used to index and catalog
articles in MEDLINE. MeSH qualifier terms, in conjunction with the MeSH main headings,
offer a convenience to group citations together when they are related to a particular aspect of
a subject. For example, Platelet Aggregation Inhibitors/therapeutic use indicates that the
citation is about the use of the drug class p/atelet aggregation inhibitors in the treatment of a
disease. After reviewing the qualifiers defined in the MeSH Topical Qualifiers [42] and
examples in the MEDLINE database of how those qualifiers were used with the MeSH
headings, we selected the following qualifiers: “methods”, “instrumentation”, “therapeutic
use”, “pharmacology”, and/or “administration & dosage”. For example, the qualifier
“administration & dosage” is defined as “used with drugs for dosage forms, routes of
administration, frequency and duration of administration, quantity of medication, and the
effects of these factors.”, a drug MeSH term could be possibly assigned with the qualifier
“administration & dosage”. Based in their definition, the qualifiers “methods” and
“instrumentation” were used with procedures and techniques, including diagnostic
procedures and therapeutic procedures. The qualifiers “therapeutic use”, “pharmacology”,
and/or “administration & dosage” were used with drugs or chemical substances.

From the articles retrieved by Step 1, we were able to extract a collection of MeSH terms
associated with the therapeutic qualifiers of interest. We then obtained the UMLS concepts
for these MeSH terms using the mappings established in the UMLS Metathesaurus. Next,
the resulting UMLS concepts were restricted using the same semantic types and groups
described in Table 1 in order to avoid the inclusion of concepts not related to treatment. The
remaining concepts were ranked based on their frequency of occurrence.

Baseline 2: This baseline approach simply used the predications to obtain disease-specific
treatment concepts. We first extracted the predications with the pattern of {Subject
TREATS/PREVENTS Object}, where the object is the disease of interest. We then extracted
all the concepts in the subject position. Thereafter, we ranked the concepts based on their
frequency of the occurrence in the retrieved predications.

3.2.2. Validation of extracted concepts—We selected five diseases cases for
hypothesis testing. Two diseases, pulmonary embolism (PE) and rheumatoid arthritis (RA),
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were chosen from a previous study, for which we have developed reference treatment
vocabularies with 80 and 232 concepts respectively. The reference vocabularies are available
in BioPortal as rheumatoid arthritis ontology (https://bioportal.bioontology.org/ontologies/
RAO) and pulmonary embolism ontology (https://bioportal.bioontology.org/ontologies/PE).
The other three diseases (diabetes mellitus, asthma, and schizophrenia) were chosen from a
previous publication on knowledge extraction from existing knowledge resources [18].

In order to measure the performance of different knowledge extraction approaches, we
validated the extracted concepts for the selected diseases. This was done by comparing to
reference standards (for the two diseases with reference standards) and manual review.

For automated comparison to reference standards, we used exact matching and one-way
hierarchical matching where any extracted concepts that were children of reference concepts
were considered as positive. The hierarchical relationships were obtained from the UMLS
Metathesaurus MRREL and MRHIER tables.

For manual review, the goal was to verify if false-positive concepts according to the
reference standard were indeed true-positives or just gaps in the reference standard. For
example, “tumor necrosis factor-alpha inhibitor” (a drug class used to treat rheumatoid
arthritis) was extracted by our system as a treatment for rheumatoid arthritis. However, this
drug class was not present in the reference standard. Upon review one of the source
sentences: “Tumour necrosis factor-alpha (TNFalpha) inhibitors are effective agents in
treating RA; however, their cost effectiveness as first-line agents has not been investigated”,
we confirmed that “tumor necrosis factor-alpha inhibitor” is indeed a treatment for
rheumatoid arthritis. This review was done by one of the authors (LW) with additional
clinician review if such judgement could not be made directly based on the source sentences.

3.2.3. Outcome measures—The primary outcome for the two hypotheses was precision
at K and secondary outcomes were the overall precision and recall. Precision at K was the
ratio of the number of “true positive” concepts among the top K ranked concepts divided by
K. We calculated the precision at K for five testing diseases for different rankings and
algorithms. We choose the parameter K = 100, believing that as knowledge engineers, it is a
fair amount of concepts that they would go through. When calculating the precision at K, for
diseases having reference standards, we not only validated the extracted concepts with the
reference standards, but also manually verified false positive concepts in case they were in
fact correct concepts, but missing in the reference standard. For three diseases without
reference standards, the top 100 concepts of each disease were manually validated.

To evaluate ranked results, interpolated precision-recall curves were plotted to visualize the
trade-off between precision and recall, where the precision and recall were calculated based
on the reference standards. The precision-recall curves also provided a visual comparison
among the ranks in the pipeline-based approach and between the pipeline-based approach
and the baselines. We plotted the interpolated precision-recall curves only for the two
diseases with reference vocabularies. An error analysis were also conducted based on
manual inspection of false-positive and false-negative concepts.
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3.2.4. Statistical analysis—To test the difference among the different rankings in the
pipeline-based system (H1), we first measured the top 100 precision obtained by four
different rankings for five diseases. We then calculated the mean precision for each ranking.
We used analysis of variance (ANOVA) to test the significance of the difference. For
pairwise comparisons, we used the Tukey honest significant difference (HSD) post-hoc test.

To test the difference between the pipeline-based system vs. predication-based system and
the pipeline-based system vs. the MeSH-based approach (H2), we calculated the mean top
100 precision for the two baselines across the same five diseases. We used ANOVA to test
the significance of the differences between pipeline-based system and predication-based
approach, followed by the Dunnett post-hoc test for comparisons between the four ranks in
the pipeline-based system with the control (or the baseline). In the same way, we tested the
significance of difference between the pipeline-based system and the MeSH-based approach.
All statistical analyses were based on a significance level of 0.05 and were performed with R
version 3.2.5.

4.1. System outputs on five diseases

Table 4 shows the number of citations, predications, treatment predications, and treatment
concepts retrieved from each step for the five test diseases. The number of retrieved citations
varied by disease. On average, each citation was able to generate 4-5 predications, and less
than half of those predications were treatment predications. The number of candidate
treatment concepts also varied based on the disease of interest.

Table 5 shows sample output from the pipeline-based system for rheumatoid arthritis. The

output consists of the following attributes: UMLS CUI, concept name, semantic type, four

ranking scores (occurrence, interest, degree centrality, and weighted degree centrality), and
sentences extracted from the abstract and titles of the published articles.

4.2. Performance of pipeline-based algorithms versus baselines

Table 6 shows the precision of the top 100 treatment concepts extracted by the pipeline
system and baselines on five diseases: rheumatoid arthritis, pulmonary embolism, diabetes
mellitus, Alzheimer’s disease, and asthma.

In the pipeline-based approaches, the difference among occurrence, interest, degree
centrality, and weighted degree centrality was not significant (mean top 100 precision = 0.78
vs. 0.80 vs. 0.73 vs. 0.76; p = 0.53).

According to the ANOVA test, there was a significant difference in mean precision at top
100 among the pipeline-based and predication-based approaches (occurrence 0.78 vs.
interest 0.80 vs. degree centrality 0.73 vs. weighted degree centrality 0.76 vs. predication-
based 0.59; p = 0.022). With the HSD post-hoc test, three ranks (7.e., interest, occurrence,
and weighted degree centrality) in the pipeline-based system significantly outperformed the
predication-based baseline (see Fig. 3), while no significant difference was found between
the degree centrality and the predication-based baseline. According to the ANOVA test,
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there was a significant difference in mean precision at top 100 among the pipeline-based and
the MeSH-based baseline (occurrence 0.78 vs. interest 0.80 vs. degree centrality 0.73 vs.
weighted degree centrality 0.76vs. MeSH-based 0.44; p < 0.0001). With the HSD post-hoc
test, the pipeline-based approach with all four ranks significantly outperformed the MeSH-
based approach (see Fig. 4).

Figs. 5 and 6 provide a visualization of the treatment vocabularies generated by the pipeline-
based system for asthma and diabetes.

4.3. Precision-recall curves

The precision-recall curves compared the performance of the different approaches against
the manually developed reference vocabularies. Fig. 7 shows the interpolated precision-
recall curves on rheumatoid arthritis and pulmonary embolism. By including all extracted
concepts, the recall of rheumatoid arthritis was 0.59, and the recall of pulmonary embolism
was 0.66. Recall for the pipeline based approach was less than 1 for both diseases, indicating
that the automated system captured only a subset of the concepts in the gold standard. The
predication-based baseline approach reached a recall of 0.58 for rheumatoid arthritis and
0.56 for pulmonary embolism while, the MeSH-based baseline reached a recall of 0.34 for
both pulmonary embolism and rheumatoid arthritis.

4.4. Error analysis

We identified 143 false negative concepts for rheumatoid arthritis, and 43 false negative
concepts for pulmonary embolism. All these false negative concepts were included in the
error analysis. We identified over two thousand false positive concepts for these two diseases
and analyzed the false positive concepts among the top 100 ranked concepts of each disease
retrieved by any of the ranks, which resulted in 47 false positive concepts for rheumatoid
arthritis and 76 for pulmonary embolism.

Three main reasons could be attributed to false negative concepts or lowered recall: (1)
about one third of the reference concepts were not present in the extracted sentences and
predications (e.g., “fluindione” and “lanoteplase” for pulmonary embolism). A few false
negative concepts were missed because their semantic types were not included in the
semantic schema of the automated system, such as ‘systemic’ and ‘nutritional’. (2) One third
of the reference concepts existed in the extracted citations and sentences, however were
missed because they were not captured by SemRep. For example, in “Tai Chi and yoga are
complementary therapies which have, during the last few decades, emerged as popular
treatments for rheumatologic and musculoskeletal diseases” two predications were
extracted: {Complementary therapies TREATS Rheumatologist} and {Complementary
therapies TREATS Musculoskeletal Diseases}; however, none of the predications included
the relevant concepts “Tai Chi” and “yoga”. (3) One third of reference concepts were missed
because equivalent annotations were mapped to UMLS CUIs with different granularity in
the reference vocabulary. For example, ‘resistance training’ was mapped to C0872279
(Resistance Training) in the reference standard, but was mapped to C0814409 (Resistance
education) in SemMedDB. The reference was more likely to include the entire annotation as
a concept while SemRep mapped more granular fragments to UMLS concepts. For example,
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from the sentence “in this systematic review, outcomes for total wrist fusion were
comparable and possibly better than those for total wrist arthroplasty in rheumatoid
patients”, SemRep extracted the predication {Arthroplasty TREATS Patients}, while in the
reference the “total wrist arthroplasty” was mapped to C0408314 (total wrist arthroplasty).

Several reasons were attributed to false positive concepts or lowered precision. (1) Among
the analyzed false positive concepts, 40% were correct disease-specific treatments that were
missing in the reference vocabularies. Examples include “methotrexate treatment”, “tumor
necrosis factor therapy”, and “Hip Replacement, Total” for rheumatoid arthritis; and
“Prescription of prophylactic anticoagulant”, “Prescription of prophylactic anticoagulant”,
“Compression Stockings”, and “Angioplasty, Balloon” for pulmonary embolism. (2) Many
false positive concepts were biomarkers of tests and assessments for treatment monitoring,
usually with the semantic type of “amino acid, peptide, or protein”. Examples include
“neurohormonal factor”, “N-terminal pro-B-type natriuretic peptide”. (3) The false positive
concepts could be studied as adverse events or risk factors for the disease of interest.
Especially for pulmonary embolism, many false positive concepts were related to
complications of certain procedures or medications that increase the risk of pulmonary
embolism, such as “Arthroplasty”, “Repair of hip”, “Splenectomy”. (4) False positive
concepts were also caused by errors introduced by NLP tools. For example, from the
sentence “this indicates that the MHAQ and RA-HAQ generally fail to identify appropriately
the extent of functional loss in RA”, the predication {Ametantrone TREATS Rheumatoid
Anrthritis} was extracted, where “HAQ” (Health Assessment Questionnaire) was incorrectly

mapped to “ametantrone”.

5. Discussion

In this study, we developed a pipeline-based knowledge extraction system to automatically
generate disease-specific treatment vocabularies from the biomedical literature. The system
is designed to retrieve disease-specific treatment-related articles, predications, and a ranked
list of concepts. Comparing to a MeSH-based and a predication-based concept extraction
approaches, our system had significantly higher precision for extracting the top 100
concepts. We also compared different algorithms ranking the extracted concepts; there was
no significant difference among four ranks. Our system achieved an average precision of 0.8
for the top 100 concepts. We conclude that this pipeline-based system could be useful in
generating disease-specific treatment vocabulary from the biomedical literature for building
disease-specific ontologies. Besides, manual review of the system output would be necessary
in order to generate a high-quality treatment vocabulary from these automated generated
concepts. As an individual without much clinical background, we estimated the time for
judging the relevance of the treatment concepts to the disease of interest by reading the
origin sentences and citations, which is about one minute per concept. Comparing to
manually acquisition, this could be much more efficient.

We reported that the pipeline system has achieved an average precision of 0.80 ranked by
Interest based on five test diseases. However, as the results show, for well-studied diseases
(e.g., rheumatoid arthritis) with many associated biomedical articles, the system would have
higher precision, while for those with less articles (e.g., pulmonary embolism), their
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precision is relatively lower. Therefore, the reported performance would not reflect the
system’s performance on diseases that have not been extensively investigated, such as new
or rare diseases.

Our system has achieved a relatively low recall based on two test diseases (/.e., pulmonary
embolism and rheumatoid arthritis). Based on the error analysis in Section 4.4,
approximately two thirds of the false negative concepts were probably attributed to the
relation extraction tool we have used. However, there exist many other approaches aimed at
extracting semantic relations from the biomedical literature or web documents, and some of
them were also used UMLS and/or MetaMap [43]. Therefore, our system may gain further
recall by incorporating the output of other relation extraction approaches or tools as
secondary knowledge sources in addition to the SemMedDB to our proposed pipeline
process.

Although the automated generated vocabulary was not able to identify 100% of the concepts
in our manually generated reference vocabularies, the automated approach was able to
extract some relevant treatment concepts that were missing in these reference vocabulary.
This included cases of concepts with finer granularity or new information that was not
included in the guidelines, textbooks, or online documents used to build the reference
vocabularies. What’s more, rather than starting from scratch, we build our system upon
publically available resources, such as PubMed Clinical Queries, MEDLINE citations, and
SemMedDB. In addition, we developed semantic schemas for treatment from an existing
disease-specific treatment vocabulary to filter treatment predications rather simply relying
on predicates such as “TREATS” or “PREVENTS”. In this way, more information could be
captured, for example, the evidence about the comparison between two medications can also
be identified.

The main contribution of our study lies in three areas; the tuned selection of articles, the
filtering of predications from millions of predications in the SemMedDB, and the ranking of
concepts specific to the disease of interest. As Fig. 7 shows, predication-based approach has
lower precision comparing to the pipeline system, which indicates that purely using SemRep
predications would require much more review effort. In addition, the MeSH-based approach
have lower recall comparing to the pipeline system, which indicates that using MeSH
heading in the MEDLINE citations would not result as good coverage of the treatment
vocabulary as using the pipeline system.

Our approach is innovative in two ways. First, compared to previous studies [18,22], we not
only retrieve disease-specific pharmaceutical substances, but also other types of treatment,
such as procedures, devices, and activities. In terms of disease-drug pairs, it is interesting to
compare the results with previous studies [18,22]. However, we found such comparisons to
be difficult since there were substantial differences in study goals, evaluation methods, and
reference standards. In a simple comparison to the work of Chen et a/. [18], our study found
a greater number of disease-relevant citations and disease-drug pairs. Comparing to Xu’s
work [22], we have achieved a similar recall at a precision of 0.80, with the caveat that the
reference standards used in both studies were different. Second, we were able to collect the
source sentences and PubMed citations related to the disease-specific treatments. This could
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be useful for anyone who are interested in expanding their knowledge on a specific
treatment. The extracted concepts also provide an index for over thousands of disease-
specific treatment-related citations and sentences from MEDLINE. Researchers or clinicians
can use this index to trace the evidence in the biomedical literature of a specific treatment
for the disease of interest.

Our proposed approach was designed to be generalizable to other disease domains, such as
diagnostic tests, signs, and symptoms. Yet, some adaptation is necessary including
developing specific semantic schemas and defining common concepts for other disease
domains. The same approach used to develop the semantic schema and define common
concepts in the present study can be followed to adapt the algorithms to other disease
domains.

The study has several limitations. First, the semantic schema for extracting treatment
predications and concepts were developed based on a reference vocabulary of one disease
(7.e., heart failure), and might not be generalize to some types of disease. Second, we defined
a list of common concepts to be filtered from extracted treatment concepts in Section 3.1.4.
The selection of common concepts is based on an arbitrary cut-off threshold. Third, as the
algorithm evaluation demonstrated, our reference standards had gaps in coverage and
therefore were not perfect. Last the approach to judging the correctness of extracted
concepts for diseases without a reference vocabulary was not as rigorous as the approach
used to develop the reference vocabularies.

6. Conclusions

We investigated a pipeline-based approach to extract disease-specific treatment concepts
from the biomedical literature to assist the development of disease-specific vocabularies.
The pipeline-based approach obtained a mean precision of 0.8 for the top 100 retrieved
concepts, which was significantly higher than two baselines. The performance of four
ranking strategies (e.g., occurrence, degree centrality, weighted degree centrality, and
interest) was not statistically significant different. In the future, we intend to extend the
system to extract concepts on other disease aspects, including signs, symptoms, and
diagnostic tests.
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Semantic schema
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ontologies

Step 1 Step 2 Step 4 Step 5 Step 6
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Fig. 1.
Flowchart of automatically extracting disease-specific, treatment vocabulary from the

biomedical literature and the ranking of treatment concepts.
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(Therapy/Broad]filter] OR (systematic[sb] AND ("systematic review"[t]] OR "meta-analysis"[ti]
OR "Cochrane Database Syst Rev'[journal]))) AND "QUERY_TERM"[Majr] AND
"humans"[MeSH Terms] AND ‘“english"[language] AND (hasabstracttext]) AND
(JOURNALLIST)

Fig. 2.
Modified Clinical Query for retrieving treatment-related citations for the disease of interest

from MEDLINE. In the query, “QUERY_TERM?” is the MeSH term for the disease of
interest. “JOURNALLIST” is a list of clinical journals, e.g., “CA-CANCER J CLIN”,
“NEW ENGL J MED”.
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Fig. 3.
95% family-wise confidence level for the difference of the precision of top 100 concepts

between the pipeline-based system and the Predication-based system.
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Fig. 4.
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95% family-wise confidence level for the difference of the precision of top 100 concepts
between the pipeline-based system and the MeSH-based system.

J Biomed Inform. Author manuscript; available in PMC 2017 September 07.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Wang et al.

Page 23

Crorfiolyn
Subcutaneous fmmunotherapy
Budesonide® formoterol
predn_Bolune

Xolair
\ _;’
/ Methagholine

Anticholinétgic Agents Is pm'?;:;ltmpim Bromide /
A | J

zal’irlkast \ | Atropine

: / fo erol
Cetifizine .' Salmetgrol+flutighsone propjenate
Diskhaler Ne romil Sod
An hlnﬁmmds
I'Iuni.:lide \ '. Pydpranolol Airway’device

Hospital #idmission | .
luticasonégropionate ' ' _Inﬂei‘nmatl Modis

‘ Crdwolyh Sodlum Sterk ‘ﬂ"’

\ \ I:
. Exefcise ' | lll
N

\\

rapy |
Orufmﬁl_vca : Mechanicat ventilation

formoterdfumarat& salipeterol ciclegonide

Immuné&therapy

[/ der jrthaler
SFC |
Hydroc#@rtisone

fen ImMunotherapy

Acupuncturé procedure
Pt _p Magnesidm Sulfate eukotriemeAntagonists

Aerdsols

Cycloﬂ)oﬂne —
Emergehcy visit - gnergic teta-Agonists HOLDING CHAMBER
. T , Fendter Adrenergi€é Agonists
ranfikastFurosemide :
P . TomethasofigDip e Aﬁﬂmﬂgmmmm‘g_[gpy
mometasBne furoate ey | i l;];f
i Hents ; ~ == nhalatioff Therapy
Theop ine e it ) /4 | g : Dexamdhasom Bronchodilator Agents
Macrolide Antibiotics A Lora@dine .
fluticésone Oxﬁim.." .
h : Asthma m#inagement
Levalbutero/SPacerdevice i ||I Aminoplylline . 9
tiotrépium i .
%» Terbdtaline .
inheler sk ) % omal mahE o
n / ebulizers nephrine
MonoclonaP Antibodies Moy oKas l"'., p
\ AntioXidants
Metered DosednhalerDevice 5"
hefiox Beclom hfslgﬁgc icoids Orciprénaline
Adrenergig beta-Antagonists
bambuterol Terfefadine
Nedogromil
Budesonide
MethotrexateVitamin D
Fig. 5.

Weighted graph of exampled treatment concepts for asthma.
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Weighted graph of exampled treatment concepts for diabetes mellitus.
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A. Interpolated precision-recall curve for rheumatoid arthrits
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B. Interpolated precision-recall curve for pulmonary embolism
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Fig. 7.
(A) Interpolated precision-recall curves for rheumatoid arthritis; (B) Interpolated precision-

recall curves for pulmonary embolism.
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Table 1

The semantic types and groups of treatment concepts.

Semantic groups Included semantic types

Procedures Educational Activity, Health Care Activity, Therapeutic or Preventive Procedure

Chemicals & Drugs Alld
Activities & Behaviors  p)\a

Devices Medical Device

aRefer to http://semanticnetwork.nlm.nih.gov/download/SemGroups.txt for detailed semantic types included by a specific semantic group.

J Biomed Inform. Author manuscript; available in PMC 2017 September 07.

Page 26


http://semanticnetwork.nlm.nih.gov/download/SemGroups.txt

Page 27

Wang et al.

‘pajoenXe aue S1d80U0D SO % fealwsyD AJUO ‘BSIaN-80IA PUB 'S82148 I 198[q0 U1 pue sbnig » [eatwsayo $1108lgns ayr a1sym suolesipaidelsw jod,

$891N8(/$81NPad0.d/sbni/sioineyag 7 SalAIOY VS|  Sloineyag 7® SaIIAINY/S301IA8/S81NPad0id/sbniq 7 sjealwayd 4
$801A9(1/$2.NP3J0Id/SBNIA/SI01NRYDE 7P SBIIAINY ueyyJaybiy/ueyy 1amol/40” AOHLIN/HLIM SLOVYILNI/SE awes/ynm pasedwod/HLIM SLSIXIOD  SI0IABYSE 79 SANIAIY/SIIASC/SINP30Id/sBNIA 79 s[ealwsyD 122

S101ABY3g 79 SBIIIAINOY/S80IN9/S8NPad0id/sbniq 79 [ediway) s3asn sdnouf onuewss ANY Z
sdnouf onuewss ANV SINIAIFHA/SLVIYL/SLIGIHNI/SLINGSIA/HLIM AFLVIO0SSY/SLOT44V/SININONY/OL AFYILSINIANQY  SI0IARYSG 79 SBIIAIOY/S8OIASC/S8INpadoid/sBnid 7 s[ealwsyd T

(g0 uolepy elgns  Alobered

‘pa1dR.IIXe aJe $1daou0d JusWIRaI] YIIYM WIS SBUO ay) aJe auljiapun ul sjuswinbie uoneaipaid ayl ‘suoledlpald uswieal) BulAJIsse|d 10) eWaYIS dluewWaS

¢ dlqeL

Author Manuscript Author Manuscript Author Manuscript Author Manuscript

J Biomed Inform. Author manuscript; available in PMC 2017 September 07.



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

Wang et al.

Sampled common concepts.

Table 3

CUI UML S concept # of co-occurred diseases
C0040808  Treatment Protocols 1445
C1273870 Management procedure 1418
C1273869  Intervention regimes 1361
C0011900 Diagnosis 1326
C1533685 Injection procedure 1265
C0543467  Operative Surgical Procedures 1248
C0184661  Procedures 1201
C0032042  Placebos 1193
C0001617  Adrenal Cortex Hormones 1172
C0728940  Excision 1091
C1522577  Follow-up 1083
C0185125  Application procedure 1064
C0023977  Long-term care 1041
C0220908  Screening procedure 989
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Table 4

Page 29

The numbers of retrieved citations, predications, treatment predication, and treatment concepts for five testing

diseases.

Test cases

Citations Predications Treatment predications

Candidate treatment concepts

Rheumatoid arthritis
Pulmonary embolism
Diabetes mellitus
Asthma

Schizophrenia

11,263 53,039 26,914
3031 12,820 5101

32,552 166,140 72,730
17,286 94,001 39,189
6910 25,086 14,701

1984
706

3873
2385
1018

J Biomed Inform. Author manuscript; available in PMC 2017 September 07.



Page 30

'S[eld} pa]j0nuod pasiwopuel = S| Y ‘1daoeleqe = 1 gy
‘gewWIXNiL = X 1Y ‘SHLIYLIE plojewnays = Y ‘a1exanoylaw = X 1IN ‘uisiold 1o ‘apndad ‘proe ouiwe = ddee ‘aouelsgns jeannadewseyd = nsyd ‘Anjesiuad aaibap paiybiam = DaM Anjenuad saibap = Da

aled aniuoddns uey) an1l0aYa

alow asre | gy pue X 1Y eyl sselbns s1 0y woly 80UspIng :SNOISNTONOD  9Z'vSE  G2T  ¥¥80°0 ¥00T ddey qewIxniy  zz0€6£00
Aienow
pue ‘ssoj [euonouny ‘abewrep julol AjJea aonpas 03 Alessadau aJte (SaYVING)
sBnup onewnaynue BuiAipow-ssessip yim juswiyeasy pue sisoubelp Ae3  8g'Gee  8ST 200T°0 06 nsyd  BuiAppoin-asessiq ‘sni@ onewnsyinuy  80.2¢200

VY anissalbbe ‘ALrea yum swuaiied ul sieak g Jano Aljigesip
Buisealoap pue ‘abewep [einonas Bunsaile ‘AlAoe aseasip Buronpal ur X1 A

01 Jorladns sem pue ajes sem Adesayiouow se 1dadssuelg :NOISNTINOD 80y 8yl €92T°0 €IET ddey ydaossuely  8G6//T20D
SIIJYLIe PI0JeWNaY J0 8SeasIp S,uyolD Yim sjuaired ul ajl| Jo Alifenb

paleal-y[eay Ui sjuswanoldwl yum pajeroosse osje sem Adelay) qewixijjul T6'9¥9 2T¢C vZLT0 v.6T nsyd qewixiyul - €¢299900
auoe X 1IN

0 sasuodsal ayenbapeul aABY OUM H YlM Sjudiied 10§ JUsLLIesI) 9)es pue
BAI108YJ UE SI X 1INl YIM UOIRUIGIOD Ul ‘eaunjeur jeyr Buimoys Apnis Buibuel
-850 B WOJJ SUOIeAIBsqo snotasid swyuod Apmis siyl 'SNOISNTONOD  62°T.2T  ¥6€ S60€°0 0Ty nsyd slexalloyIsN - 2952000

S90UB)USS 80IN0S 2aM DA BeBW| 90U LINDQO  adAlonuewss 1dsou0) no

Wang et al.

"S90UB)UAS 924N0S 3|dwies pue $3109s Bujuel YlIMm SI1LIYLe plojewnays o) Indino pajdwex3

G 9lqeL

Author Manuscript Author Manuscript Author Manuscript Author Manuscript

J Biomed Inform. Author manuscript; available in PMC 2017 September 07.



Page 31

Wang et al.

"auljaseq paseq-uonealpaid = zg ‘auljaseq paseq-HSaIA = T ‘Alfenuad asifap pawybiam = DaM ‘Aljenusd sa1bap = Da

(L20't70) (650'620) (98°0'99°0) (¥18°0'8€9°0) (16°0°02°0)  (68°0°29°0)  [eAIBIUI BOUBPYUOD %G6

[44%0] T¢T0 7800 TL0°0 G800 6800 uoneInsp "pis
690 144\ 9.0 €L°0 080 8.0 uoistoald uesiy
¢9'0 T€0 LL0 IZA0] €80 180 eluaiydozi1yos
990 ¥5°0 180 9.0 180 80 BUIISY
¥5°0 90 SL°0 990 ¢80 8.0 snjijjsw se1eqelg
8€0 T€0 €9°0 S9°0 990 €9°0 wsljoqws Areuowind
9.0 950 ¥8°0 280 680 180 ShLIYyLe plojewinayy

2aM od s9JOIU|  82UB1INJDO
cd T4 paeseqg-aulpdid
UO0K199.1d 00T doL saseasid

"S9SeasIp aAl) J0J pajde.aixe s1daouod Juawieal) 10} uoisioald oot doL

9 9|qeL

Author Manuscript Author Manuscript Author Manuscript Author Manuscript

J Biomed Inform. Author manuscript; available in PMC 2017 September 07.



	Abstract
	1. Introduction
	2. Background
	2.1. Disease-specific information needs and barriers
	2.2. Disease-specific ontologies
	2.3. Relation extraction in biomedical domain
	2.4. SemMedDB

	3. Materials and methods
	3.1. Pipeline-based process
	3.1.1. Step 1: Retrieval of disease-pertinent MEDLINE citations
	3.1.2. Step 2: Predication extraction with SemRep
	3.1.3. Step 3: Development of semantic schema
	3.1.4. Step 4: Extraction of relevant treatment predications
	3.1.5. Step 5: Extraction of disease-specific treatment concepts
	3.1.6. Step 6: Concept ranking

	3.2. Experiment
	3.2.1. Baseline approaches
	Baseline 1
	Baseline 2

	3.2.2. Validation of extracted concepts
	3.2.3. Outcome measures
	3.2.4. Statistical analysis


	4. Results
	4.1. System outputs on five diseases
	4.2. Performance of pipeline-based algorithms versus baselines
	4.3. Precision-recall curves
	4.4. Error analysis

	5. Discussion
	6. Conclusions
	References
	Fig. 1
	Fig. 2
	Fig. 3
	Fig. 4
	Fig. 5
	Fig. 6
	Fig. 7
	Table 1
	Table 2
	Table 3
	Table 4
	Table 5
	Table 6

