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a b s t r a c t

Although potential drug–drug interactions (PDDIs) are a significant source of preventable drug-related
harm, there is currently no single complete source of PDDI information. In the current study, all publically
available sources of PDDI information that could be identified using a comprehensive and broad search
were combined into a single dataset. The combined dataset merged fourteen different sources including
5 clinically-oriented information sources, 4 Natural Language Processing (NLP) Corpora, and 5 Bioinfor
matics/Pharmacovigilance information sources. As a comprehensive PDDI source, the merged dataset
might benefit the pharmacovigilance text mining community by making it possible to compare the rep-
resentativeness of NLP corpora for PDDI text extraction tasks, and specifying elements that can be useful
for future PDDI extraction purposes.

An analysis of the overlap between and across the data sources showed that there was little overlap.
Even comprehensive PDDI lists such as DrugBank, KEGG, and the NDF-RT had less than 50% overlap with
each other. Moreover, all of the comprehensive lists had incomplete coverage of two data sources that
focus on PDDIs of interest in most clinical settings. Based on this information, we think that systems that
provide access to the comprehensive lists, such as APIs into RxNorm, should be careful to inform users
that the lists may be incomplete with respect to PDDIs that drug experts suggest clinicians be aware
of. In spite of the low degree of overlap, several dozen cases were identified where PDDI information pro-
vided in drug product labeling might be augmented by the merged dataset. Moreover, the combined
dataset was also shown to improve the performance of an existing PDDI NLP pipeline and a recently pub-
lished PDDI pharmacovigilance protocol. Future work will focus on improvement of the methods for
mapping between PDDI information sources, identifying methods to improve the use of the merged data-
set in PDDI NLP algorithms, integrating high-quality PDDI information from the merged dataset into
Wikidata, and making the combined dataset accessible as Semantic Web Linked Data.
� 2015 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license
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1. Introduction

Exposure to a potential drug–drug interaction (PDDI) occurs
when a patient is prescribed or administered two or more drugs
that can interact, even if no harm ensues [1]. ‘‘Known’’ interactions
involve drug combinations for which (a) physiological data exists
from clinical studies pointing to a potential interaction, (b) mech-
anistic assertions point toward a potential interaction, or (c) a
potential interaction can be inferred based on reasonable extrapo-
lation [2]. While exposure to a known PDDI does not always result
in an adverse drug event [3], such events are a significant source of
preventable drug-related harm. Sixteen cohort and case-control
studies reported an elevated risk of hospitalization in patients
who were exposed to PDDIs [4]. Clinically important events attri-
butable to PDDI exposure are estimated to occur in 5.3–14.3% of
inpatients, and are responsible for 0.02–0.17% of the nearly 130
million emergency department visits that occur each year in the
United States [5,6].

At the time of this writing, there is no single complete source of
PDDI information. While several proprietary and public PDDI infor-
mation sources exist to help improve prescriber knowledge, they
differ substantially in their coverage and agreement in the inclu-
sion of PDDIs. One recent study found that only one quarter of
59 contraindicated drug pairs were listed in three proprietary
PDDI information sources [7]. Another recent study comparing
drug product labeling to the published literature for information
on pharmacokinetic DDIs found that 40% of the 44 pharmacoki-
netic drug–drug interactions affecting 25 psychotropic drugs were
located exclusively in product labeling [8]. These findings suggest
that there is a pressing need for informatics research on how to
best organize both existing and emerging PDDI information for
search and retrieval.

Several groups would benefit from a more effective synthesis of
existing available PDDI knowledge. For those individuals research-
ing text mining of the pharmacovigilance literature, one possible
benefit would be to enable a better understanding of the represen-
tativeness of a given natural language processing (NLP) corpus rel-
ative to all known PDDIs. A merged PDDI dataset might help
improve existing text mining algorithms by providing computable
domain knowledge. Text mining researchers might also find the
PDDI synthesis useful for identifying gaps in PDDI information
sources that text mining might be able to address. The develop-
ment of a common PDDI framework could also benefit United
States healthcare organizations who are currently striving to incor-
porate PDDI screening along with other strategies to achieve
meaningful use of electronic medical records [9,10]; drug-safety
scientists who monitor post-market data related to drug use for
new concerns [11]; researchers in drug development who build
in silico models to help identify new drug candidates or drugs that
can be ‘repositioned’ for new uses [12]; those who create and
maintain drug information resources that help clinicians guide
patients to safe and effective medication therapies [1]; and
patients seeking information on the safety of the medicines they
take [13].

The objective of the project described here was to assess the
feasibility and potential value to different stakeholders of inter-
linking all publicly available PDDI data sources using a common
data model. We first conducted a comprehensive and broad search
of public PDDI knowledge sources. We then established links
between the PDDI sources and evaluated their information cover-
age. This resulted in single integrated PDDI dataset, and list of
the specific data elements provided by each source. Finally, we
conducted some preliminary analyses of the potential value of
the merged dataset. These included (1) examining the overlap
between the data sources including existing NLP corpora relative

to other PDDI datasets, (2) testing if the PDDI dataset could
improve the performance of a PDDI NLP algorithm, (3) examining
cases where PDDI information provided in drug product labeling
might be augmented by the merged dataset, and (4) testing if the
combined dataset would improve the performance of a recently
published pharmacovigilance protocol [14].

2. Materials and methods

2.1. Survey of DDI data sources

The scope of the PDDI source search included drug interaction
lists designed for use in clinically oriented applications, annotated
text corpora used for NLP research, knowledge bases used for clin-
ical and translational research, and suspected PDDI associations
(i.e., pharmacovigilance signals) [15]. We searched for all poten-
tially relevant resources by querying bibliographic databases
(PubMed and Google Scholar), reviewing the tertiary literature,
and scanning conference proceedings for papers describing
drug-related resources. This search was augmented by requests
for input from members of various pharmacoinformatics and
chemoinformatics interest groups and maintainers of major
meta-repositories for RDF data such as Bio2RDF [16]. We then
manually inspected each potentially relevant resource to deter-
mine if it (1) supported NLP experiments, (2) provided information
for use by clinicians, or (3) supported bioinformatics or
pharmacovigilance research. These three categories were chosen
because we think that they cover the three primary use cases for
PDDI knowledge. We considered the resources that are
non-proprietary and represented as structured data or require
minimal efforts to structure. Fig. 1 demonstrates the resources
within each category and an overview of the study framework.

2.2. Data element survey

We acquired all publicly available PDDI datasets identified by
the aforementioned search and then designed a simple PDDI data
model (i.e., an associative array or ‘‘dictionary’’) to combine the
data elements provided from each source. We then developed cus-
tom scripts to translate the PDDIs listed in each source to the
model. This activity and all analyses described below were con-
ducted between June and September 2014 using the versions of
the data sets current at that time.

2.3. Analysis of the overlap between the data sources

With the goal of integrating publicly available PDDI datasets,
we first performed an analysis of the overlap between drug entities
found across the sources. The first step in this analysis involved
identifying attributes across the sources that could be used to
match records that refer to the same drug entity (i.e., linkage
points). Because our goal was to facilitate drug mapping across dif-
ferent drug resources while avoiding erroneous mappings, we
restricted linkage points to:

� Existing mappings where one source provided an unambiguous
drug identifier from another source (e.g., Source A provides the
exact unique identifier for drug X in Source B).
� An exact case insensitive match of the string name or synonym

for the drug as provided in two sources.
� An intermediate source provided a data item (e.g., a chemical

structure string) that could be used to create an unambiguous
mapping between a drug entity to other sources.
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