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Active Computerized Pharmacovigilance Using Natural
Language Processing, Statistics, and Electronic Health Records:
A Feasibility Study

XIAOYAN WANG, MPHI, GEORGE HRIPCSAK, MD, MS, MARIANTHI MARKATOU, PHD,
CAROL FRIEDMAN, PHD

A b s t r a c t Objective: It is vital to detect the full safety profile of a drug throughout its market life. Current
pharmacovigilance systems still have substantial limitations, however. The objective of our work is to demonstrate
the feasibility of using natural language processing (NLP), the comprehensive Electronic Health Record (EHR),
and association statistics for pharmacovigilance purposes.

Design: Narrative discharge summaries were collected from the Clinical Information System at New York
Presbyterian Hospital (NYPH). MedLEE, an NLP system, was applied to the collection to identify medication
events and entities which could be potential adverse drug events (ADEs). Co-occurrence statistics with adjusted
volume tests were used to detect associations between the two types of entities, to calculate the strengths of the
associations, and to determine their cutoff thresholds. Seven drugs/drug classes (ibuprofen, morphine, warfarin,
bupropion, paroxetine, rosiglitazone, ACE inhibitors) with known ADEs were selected to evaluate the system.

Results: One hundred thirty-two potential ADEs were found to be associated with the 7 drugs. Overall recall and
precision were 0.75 and 0.31 for known ADEs respectively. Importantly, qualitative evaluation using historic roll
back design suggested that novel ADEs could be detected using our system.

Conclusions: This study provides a framework for the development of active, high-throughput and prospective
systems which could potentially unveil drug safety profiles throughout their entire market life. Our results
demonstrate that the framework is feasible although there are some challenging issues. To the best of our
knowledge, this is the first study using comprehensive unstructured data from the EHR for pharmacovigilance.
� J Am Med Inform Assoc. 2009;16:328–337. DOI 10.1197/jamia.M3028.
Introduction
In the 1960s, the tragedy of thalidomide affected nearly
10,000 children worldwide.1 Thalidomide had been mar-
keted as an effective sedative-hypnotic and antiemetic med-
ication during the late 1950s and early 1960s. Before its
release, inadequate tests were performed to assess the drug’s
safety. Tragically the drug caused major birth defects in
children in countries where the drug was prescribed to
pregnant women. The field of postmarketing drug safety has
received a great deal of attention ever since. Pharmacovigi-
lance systems have been introduced in the biomedical
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domain and have played a key role in drug safety monitor-
ing during the last fifty years. Although a randomized
clinical trial (RCT) is considered a gold standard for deter-
mining the risks and benefits of a drug, it is generally
recognized that premarketing RCTs may not detect all safety
issues related to a particular drug before its use in clinical
practice. First, premarketing RCTs have inherent limitations
due to small numbers, short duration and restrictive inclu-
sion criteria. These RCTs are not powered to detect uncom-
mon (incidence of 1 in 1,000), rare (incidence of 1 in 10,000)
or long-term (latency of � 6 mo) adverse drug events
(ADEs).2 Second, clinical trial experiences (i.e., dosing regi-
men, duration of administration, or concomitant therapies)
from restricted subjects may not mirror the actual use in a
diverse population in terms of age, race, gender, comorbidi-
ties, etc.2,3 Third, premarketing RCTs are designed to prove
efficacy. Safety is a big issue in the RCTs for drug develop-
ment; however, they are not powered to identify rare events.
The efficacy data of a drug is generally more robust and
well-established based on premarketing RCTs, while less is
known concerning safety profiles.2,3

It is therefore vital to establish safety profiles over the
market life of a drug that incorporates comprehensive
clinical data and more diverse populations. Various data-
bases and data mining algorithms have been developed to

support pharmacovigilance tasks. There has been consider-
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able work in developing surveillance systems to monitor
large stable populations.4,5 Data mining algorithms using
spontaneous reporting systems, pharmacoepidemiology da-
tabases and Electronic Health Records (EHR) systems have
produced some interesting results.6–8 The success of current
pharmacovigilance systems, however, is hampered by limi-
tations inherent in the pharmacovigilance databases and
in the pitfalls of data mining algorithms.9 Additionally, most
of the work in the field has been based on retrospective
cohorts that lack the potential to be extended to prospective
studies.

For a long time, pharmacovigilance researchers have been
seeking a real time, continuous and prospective approach.
Towards this goal, we propose a high throughput system
that demonstrates the relevance and significance of using
the EHR for pharmacovigilance. Data mining algorithms in
pharmacovigilance have focused on coded and structured
data, and therefore miss important clinical data that is
relevant for pharmacovigilance. Some important ADEs,
such as “fever” and “feeling suicidal”, are generally only
available in the narrative EHR reports. This paper discusses
a framework that enables automated active pharmacovigi-
lance by applying natural language processing (NLP) and
association statistics on comprehensive unstructured clinical
data from EHR systems. We present a proof of principle that
it is feasible to develop a methodology that could unveil
drug safety profiles and novel adverse events in a timely
fashion. Thus, our work differs from related work in phar-
macovigilance in that we use NLP to transform large
amounts of comprehensive clinical data to a form useable by
association statistics. Additionally, the system we propose
has the potential to uncover new ADEs prospectively.

Background
Traditional work in pharmacovigilance originally focused
on the medical evaluation of an individual case report or the
literature.10 Subsequent work involved establishment and
adoption of spontaneous reporting systems (SRS) for phar-
macovigilance by regulatory authorities.10,11 Increasing ac-
cess to multiple streams of data, such as data in EHRs, pose
many new challenges and possibilities for use in the detec-
tion of novel adverse signals.7,12 Meanwhile, data mining
algorithms such as disproportionality analysis (DPA), cor-
relation analysis and multivariate regression have been
developed and integrated into pharmacovigilance databases
to detect adverse signals of drugs.11,13

Pharmacovigilance Databases
Spontaneous reporting systems (SRSs) have been the pri-
mary means for providing postmarketing safety information
on drugs since 1960. Prominent SRS databases include the
Adverse Event Reporting System (AERS) in the United
States, the United Kingdom’s Yellow Card Scheme of the
Medicines and Healthcare Products Regulatory Agency
(MHRA), the European Agency for the Evaluation of Med-
ical Products (EMEA) and the World Health Organization
(the WHO Uppsala Monitoring Center).4,5,14,15 In addition,
there are other databases associated with adverse reporting,
such as the Vaccine Adverse Event Reporting Systems
(VAERS), and the Manufacturer and User Facility Device
Experience Database (MAUDE).16–18 Surveillance based on

SRS databases has been a cornerstone for the early detection
of safety issues related to drugs. Analysis of spontaneous
reports has been a critical component for the removal of
more than 20 drugs/drug products from the market due to
safety problems.8 The SRS databases, however, have several
limitations. First, the potential ADE reports are often incom-
plete and inaccurate due to voluntary reporting. Second,
SRSs are often criticized for biased reporting and substantial
underreporting.19 Third, sample distributions related to
submission regulations, geographic marketing and popula-
tion may diverge for different drugs.

Pharmacoepidemiology databases have been created to pro-
vide relevant information for detecting new ADEs.12,20

These databases are advantageous because they include
clinical information over long periods for large numbers of
patients. Some pharmacoepidemiology databases include
New Zealand Intensive Medicines Monitoring Programme
(IMMP) databases, the medicine monitoring unit (MEMO)
databases and general practice research databases (GPRD) in
the UK.6,21,22 The GPRD provides complete profiles of over
3 million patients, including demographics, medical diag-
noses, treatments, hospitalizations, etc, along with the dates
and locations of events.6,23 Pharmacoepidemiology data-
bases are typically used to refute, confirm or strengthen
signals from other approaches but not to discover new
hypotheses.24 Although these databases contain a substan-
tial amount of comprehensive information in both struc-
tured and in textual form, only a very small amount of data
are recorded as structured information and therefore the
majority of information cannot be accessed by the pharma-
covigilance applications. In addition, the Medicare and
Medicaid databases have also been used for pharmacovigi-
lance.25,26

Researchers have looked beyond SRS databases and phar-
mocoepidemiology databases to search for safety signals
and have started to use EHRs for ADE detection.27 For
example, Berlowitz, and colleagues used prescription and
laboratory test data, and found that the interaction of �
blockers and warfarin could affect the risk of hemorrhaging
in patients with congestive heart failure.28 A big advantage
for using the EHR for pharmacovigilance is the potential to
perform active and real time surveillance, and the probable
reduction of errors caused by biased reporting. However,
most of the clinical information in patient records also
consists of unstructured narratives, such as discharge sum-
maries, progress reports, or nursing notes, and therefore
much of the data is also inaccessible for pharmacovigilance
purposes. Only structured and coded data in EHRs have
been used to detect novel ADEs.

Data Mining Algorithms Used in
Pharmacovigilance
Traditional pharmacovigilance involves “case by case” man-
ual evaluation of reports or the literature. Manual assess-
ment of large quantities of data, however, is challenging and
costly. Data mining algorithms, as techniques of extracting
valuable and interesting information from large complex
databases, have since been developed and applied in quan-
titative pharmocovigilance to discover potential ADEs.29

Most of the data mining algorithms have explored some
form of disproportionality analysis (DPA). The DPA algo-

rithms involve calculating surrogate observed-to-expected
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ratios in which each potential drug-ADE pair is compared to
background across all other drugs and events in the data-
base. The simplest approach using DPA algorithms involves
tabulating each drug-candidate ADE as a contingency table,
and then calculating frequentist metrics, such as relative
reporting ratio (RRR) and/or reporting odds ratio
(ROR).11,30 More complex algorithms, such as gamma-Pois-
son shrinker (GPS) and multi-item gamma-Poisson shrinker
(MGPS) were developed using Bayesian statistics.13,31,32 In
addition, approaches involving multiple regression model-
ing have been used to deal with higher-order associations,
such as interactions of � blockers and warfarin on haemor-
rhagic events.28 Traditional statistics methods such as se-
quential probability ratio testing have been used in phar-
macoepidemiology and EHR databases.11,27 Notably, all
these methods have been applied only on the structured
data.

Natural Language Processing and Knowledge
Discovery
As discussed above, clinical information in narrative
reports is not accessible for pharmacovigilance applica-
tions, and is buried in either biomedical literature or
narrative clinical reports. Natural language processing
(NLP), a high throughput technology, has been applied in
biomedicine for decades.33 The NLP systems have been
developed to identify, extract, and encode information
within biomedical literature and clinical narratives. Some
systems include MEDSYNDIKATE, MetaMap, SemRep,
MedLEE, and BioMedLEE.34–38 There also have been some
NLP techniques applied to detect ADEs from narrative
reports of EHR systems.39,40 However, these focus on ADE
detection and patient safety, but not on knowledge discov-
ery and pharmacovigilance.

An increasing number of text mining researchers focus on
extracting and establishing associations between entities
from textual data,41 and NLP has come to play an essential
role in automatically extracting entities and relations within
documents. Co-occurrence statistics is widely used to deter-
mine relations between the entities, and has proven to be
effective in acquiring associations between biological and
clinical entities.42,43 Rindflesch and colleagues extracted
drug and disease entities from the Mayo Clinic notes using
SemRep and constructed a repository of drug-disease co-
occurences to validate inferences produced by SemRep
about drug treatments for diseases.38,44

Related Work in Our Laboratory
The MedLEE (Medical Language Extraction and Encoding)
system, which is used in this study, has been deployed to
extract and encode information in clinical narratives for a
large number of different applications and studies.36,37 For a
given report, MedLEE generates a set of structured findings,
such as problem (headache), or medication (ibuprofen), along
with associated modifiers, such as certainty (no, high cer-
tainty), status (previous, recent), body location (chest), and
section (Hospital Course). The output of MedLEE is consis-
tent with frames, and has the format Type-Value-Modifiers,
where Type is the type of information in the frame, Value is the
value and Modifiers are a sequence of frames containing the
same format where each modifier frame denotes a certain type

of qualifying information.
A simplified example of MedLEE output in XML format is
shown in Fig 1 for the sentence “She has recurring frontal
headaches”. In Fig 1, the primary finding is problem with
value headache, which has a certainty modifier high
certainty corresponding to has, a region modifier front
corresponding to frontal, a status modifier recurrence corre-
sponding to recurring, and additional modifiers, which provide
contextual information. In addition, codes are computed for
primary findings and certain modifiers. In this work, we
used UMLS codes. A code C0018681 that is an attribute of
the problem tag was assigned to the primary finding head-
ache in the sentence without regard to modifiers. Additional
codes, which are XML tags called code, correspond to the
primary finding along with modifiers, and are intended to
be as specific as possible. In this example, two UMLS codes,
C0239888 and C0239886, were assigned corresponding to
recurring headache and to frontal headache respectively. The
UMLS does not include a single code corresponding to
recurring frontal headache; if it did, that single more specific
code would have been assigned instead of the two former
less specific codes.

Cao et al used MedLEE and co-occurence statistics to
discover disease-finding associations in discharge summa-
ries,45,46 and later Chen et al used similar methods to detect
disease-drug associations and their trends in both discharge
summaries and the literature.42,43 A �2 statistic was used as
a measure of significance for associations, but because the
large volume of data was sufficient to make any hypothesis
test significant in a simple analysis, the �2 statistic was
calibrated by a volume test adjustment denoted by �(�2) and
automatic determination of cutoff point for the number of
true associations. The present study continues to build upon
the previous work of our group by adapting the combina-
tion of NLP and statistical methods to acquire potential
drug-ADE associations.

Methods
Materials and System Framework
The framework we propose for detecting drug-ADE associ-
ations from narrative reports involves five major phases, as
shown in Fig 2: (1) collecting the set of reports to be mined;
(2) processing the reports using NLP to encode clinical
entities; (3) selecting drug and possible ADE entities; (4)
reducing inappropriate information using a filter that ex-
cludes possible confounding factors, such as diseases/
symptoms occurring before the use of therapeutic drugs,

F i g u r e 1. Example of simplified MedLEE output in XML
format for the sentence She has recurring frontal headaches.
and another filter that excludes entities which were negated
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or which were noted as unlikely to have occurred; and (5)
determining drug-ADE co-occurring pairs, and then apply-
ing statistical methods to reveal associations between drugs
and ADE candidates. For this initial study we used dis-
charge summaries of inpatients, and focus on drug-ADE
detection occurring during hospital stays.

Phase 1 Data Collection
The data warehouse in NYPH maintains a variety of struc-
tured and unstructured patient information in the form of
narrative reports, coded laboratory data, and pharmaceuti-
cal orders. Textual discharge summaries dictated in 2004
were collected for this study.

Phase 2 Data Extraction
The MedLEE system was used to parse and transform
discharge summaries into a structured representation con-
sisting of entities specified by UMLS CUIs and modifiers, as
described in the Background Section. In this study, we
modified MedLEE encoding to exclude some temporal mod-
ifiers (e.g., exacerbated) and degree modifiers (e.g., slightly)
within the codes to avoid obtaining highly specific codes,
such as exacerbated dyspnea (C0853326).

Phase 3 Data Selection
The UMLS codes that were extracted in the previous phase
and that corresponded to the following semantic classes
were used to select entities which were possible ADEs:
Finding (T033), Disease or symptom (T047), Mental or behavioral
dysfunction (T048), Sign or symptom (T184), and Neoplastic
process (T191). Similarly, the UMLS codes that were ex-
tracted and that corresponded to the semantic classes Phar-

F i g u r e 2. Overview of System Framework. The framewo
five major phases: (1) data collection: collecting the set of rep
NLP to encode clinical entities; (3) data selection: selecting dr
confounding information using two filters; and (5) statistic
applying statistical methods to reveal associations between
calculated and cutoffs were determined by co-occurence sta
macologic Substance (T121), antibiotic (T195), and Clinical Drug
(T200) were used to select the medication entities. The
UMLS table MRREL, which includes RxNorm (RxNorm
vocabulary at the National Library of Medicine), NCI (na-
tional cancer institute), and PDQ (physician data query),
defines several types of relationships between concepts that
are related to generic classes and trade names of drugs, such
as trade name-of and has-trade name. This was used to map all
trade names to their generic names.47–49

Phase 4 Data Filtering
In phase 4, two filters are used to eliminate some clinical
entities. One filter eliminates findings associated with modifi-
ers corresponding to certain certainty values (negation, low
certainty, workups), past events, or family history events. The
second filter attempts to eliminate drug-indication sequences
which are in the wrong chronological order. For pharmacovigi-
lance, it is critical to obtain potential ADEs and drugs occurring
within the appropriate time sequence (i.e., adverse drug events
cannot occur before a drug is given). To avoid those events
associated with indications occurring before the drug event, an
additional contextual filter consisting of the section where the
clinical information occurred was applied as a coarse estima-
tion of the correct temporal order of events. Drugs mentioned
in sections other than Hospital Course and Medications, were
filtered out to eliminate medications not given during the
Hospital Course. Typically, the medications section at NYPH
contains medications the patient is on during a hospital stay,
which may contain outpatient medications, which are usually
continued during a hospital stay. Disease or pathological
events mentioned in certain sections, such as Chief Complaints,

detecting drug-ADE associations from narrative reports has
o be mined; (2) data extraction: processing the reports using
d possible ADE entities; (4) data filtering: excluding possible
lysis: determining co-occurring drug-ADE candidates, and
s and ADE candidates. The strength of associations were
adjusted by volume tests.
rk for
orts t
ug an
al ana

drug
Diseases at Admission and History of Present Illness (HPI) were
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filtered out since most of these are conditions related to the
diseases and symptoms the patients have.

This filter was determined based on our initial work. When
we did not include this filter, many of the drug associations
we obtained corresponded to therapeutic associations which
consisted mainly of the diseases and symptoms the drugs
treated and were therefore not potential ADEs.

Phase 5 Drug-ADE Association
In this step, the �2 statistic adjusted with volume tests is
used on the remaining co-occurring drug-ADE pairs to
determine possible signals. First, drug-ADE pairs are col-
lected for each report. This is accomplished using co-oc-
curence within each discharge summary of the drug-ADE
entities so that each drug entity that has not been filtered out
is paired with each potential ADE entity that has not been
filtered out. The pairs are then combined for all the reports
and overall frequencies of the drug and ADE entities as well
as the drug-ADE pairs are obtained as needed for the �2

statistic. Contingency tables for each drug-ADE pair across
all the possible drugs and potential ADEs values were
generated. All tables that had a frequency of less than 2 were
excluded because they were unlikely to yield meaningful
statistical results.

To test the hypothesis of no association between a drug and
an ADE, the �2 statistic was used. For a detailed description
of the method and the definition of cutoff point see Cao and
colleagues.45,46 In the present study, because the data are
2 � 2 tables with the same row margins, we computed the
adjustment to the �2 p value that corresponds to tables with
fixed row margins. Fixed row margin tests are partially
conditional tests, where the conditioning argument is the
variable that describes the row marginals. This conditioning
guarantees that the margins of the table do not provide any
evidence either in favor or against the null hypothesis of
independence (i.e., no association). Fixed row margin vol-
ume tests have similar interpretation with the unconditional
volume tests, that is, they can be interpreted as a distance
from the surface of independence. The larger the distance,
the stronger the association. For details on the method of
computation of the fixed margin test and cutoffs see Cao et
al.45,46 For potential ADEs associated with a particular drug,
a ranked list for potential drug-ADE pairs was generated
based on the strength of the statistics. A no-intercept linear
regression model was constructed for the drug to identify
the cut-off point. Examples of contingency tables and calcu-
lation of �2 are presented in Table 1.

Table 1 y Examples of Potential Drug-ADE Contingen

Drug Potential ADE Drug/�ADE� D

Bupropion feeling suicidal 11
Bupropion motor retardation 5
Bupropion tinnitus 4
Bupropion extrapyramidal sign 3
Bupropion stiffness 4
Bupropion sleeplessness 9

ADE � adverse drug event.

*This table shows the first six drug-ADE pairs and is a subset of the pote
Evaluation
Six drugs and one drug class were chosen for evaluation,
each of which had known short-term side effects. Among
them were (1) three drugs (ibuprofen, morphine, warfarin),
that have been on the market for a long-time and have
known short-term side effects, (2) three drugs (bupropion,
paroxetine, rosiglitazone) for which new ADEs were de-
tected after 2004, and (3) one drug class (ACE inhibitors).
The three drugs in group 1 were used to evaluate if the
system could “detect” known drug-ADEs, and the three
drugs in group 2 were used to simulate a historic roll back
design where we used discharge summaries from 2004 to
test whether the system has the potential to discover drug-
ADEs before they became known (i.e., the ADEs associated
with these drugs first became known after 2004). The drug
class of ACE inhibitors was used to see if the system could
detect the ADEs common to all drugs of one drug class.

To evaluate our drug-ADE detection system, a reference stan-
dard was constructed by a practicing physician who was
presented with the drugs in the study. The physician formed
the reference standard by summarizing the ADEs for each
drug/drug class based on his medical knowledge and Mi-
cromedex, a well-respected, evidence-based and reliable refer-
ence material.50 Many of the other drug reference databases
contain long lists of adverse events for particular drugs, which
constitute common allergic reactions and uncertain adverse
drug effects. Common allergic reactions were not included in
the reference standard if the expert determined that they were
more related to the patients’ physical conditions and not to the
specific drug. By contrast, severe and rare adverse events that
were supported by evidence demonstrating association with a
particular drug were included.

Quantitative Evaluation
Recall and precision were used to assess the performance of
our method. Recall was calculated as the ratio of the
number of distinct potential drug-ADE pairs that were
identified by our method over the total number of the
corresponding drug-ADE pairs in the reference standard
(i.e., TP/(TP � FN)). Precision was measured as the ratio of
the number of distinct potential drug-ADE pairs returned by
our method that were correct according to the reference
standard divided by the total number of drug-ADE pairs
found by our method (i.e., TP/(TP � FP)).

Qualitative Evaluation
The physician also analyzed and classified the drug-ADE
associations detected by our system into four classes, again

bles and Associations*
2 � 2

�(�2)ADE� Drug�/ADE� Drug�/ADE�

77 116 24770 0.592585
3 25 24861 0.517752
4 20 24866 0.449479

85 10 24876 0.441856
84 21 24865 0.439430
79 162 24724 0.392614
cy Ta

rug/�

1
18
18
1
1
1

ntial drug-ADE pairs for bupropion.
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using his knowledge and knowledge in reliable reference
materials such as Micromedex and the Physicians’ Desk
Reference (PDR)50: (1) known ADEs: events that are known
adverse drug events from premarketing RCTs and postmar-
keting surveillance. For example, the pair “paroxetine-diz-
ziness” was classified as a known drug-ADE pair because
“dizziness” is one of the known ADEs for paroxetine accord-
ing to our reference standard; (2) indication associations:
events that are indications (symptoms/disease) which the
drug treats or symptoms directly associated with the disease
indications. For example, the pair “Paroxetine-hallucina-
tions” was classified as an indication association because
paroxetine is used to treat an obsessive-compulsive disor-
der, and hallucinations are a manifestation of the disorder;
(3) remote indication associations: events that are known to
be consequences of the indication that the drug treats
through a clinically plausible pathway. For example, the
pair “ibuprofen-joint swelling” was considered a remote
indication association because ibuprofen is used to treat
pain, which could be caused by arthritis, and joint swelling
is one of the symptoms of arthritis; and (4) unknown
associations: events that are either conceptually poorly
defined or currently unknown to be associated with the drug
or with indications that the drug treats; For example, the
pair “Paroxetine-thicken” was classified as unknown be-
cause “thicken” is a conceptually poorly defined concept.

Results
Data Statistics
The data in this study included 25,074 discharge summaries
from NYPH. Co-occurrence data of drugs and potential
ADEs in the corpus are summarized in Table 2a. One
thousand nine hundred ninety-seven (1,997) unique drug
concepts and 732 adverse event concepts were extracted. For
the seven drugs or drug classes in our evaluation set,
co-occurence data of drugs and potential ADEs are de-
scribed in Table 2b.

Results of Quantitative Evaluation
One hundred thirty-two ADEs were found to be associated
with the selected seven drugs. Overall, recall and precision
were 0.75 and 0.31 for known ADEs respectively. Our
analysis showed that the recall of the ACE inhibitor drug
class was higher than that of individual drugs (1.00 vs.
0.63–0.87), whereas precision is similar for the class and the
individual drugs (0.35 vs. 0.20–0.43).

Results of Qualitative Evaluation
We determined that 31% of the potential drug-ADE associ-
ations were known ADEs, 30% were indication associations,
33% were remote indication associations and 6% were un-
known associations. Results of the qualitative analysis are

Table 2a y Summary of the Data that was Selected
Data in the Corpus Count

2004 discharge summaries 25074
Total drug occurrences 143828
Total potential ADE occurrences 103362
Unique drug concepts 1997
Unique potential ADE concepts 732
ADE � adverse drug event.
shown in Table 3. The ACE inhibitors are known to cause
cough among 30% of the patients, and our analysis showed
that “cough” was ranked as the second among all the ACE
inhibitors-ADEs Association.

Results of the qualitative evaluation also suggested that our
system has the potential to discover novel ADEs. Some
ADEs associated with paroxetine such as “feeling suicidal”,
were detected as candidates for both indications/treatment
and for new ADEs. Potential ADEs associated with rosigli-
tazone, such as “chest pain” and “shortness of breath”, are
symptoms of cardiovascular diseases, which were first dis-
covered as a new type of ADE in 2007, leading to a new box
warning of rosiglitazone.

Discussion
Our findings demonstrate that the system we proposed is
feasible for pharmacovigilance. We were able to identify
known drug-ADE with a performance of 75% for recall and
31% for precision. More importantly, our historic roll back
experiments indicated that the system can potentially detect
new ADEs prospectively.

The current study incorporates several important features.
First, while other studies have focused on structured and
coded data, this work took a completely different route
using narrative data as the starting point for pharmacovigi-
lance. The application of NLP unlocks rich information
occurring in narrative reports. Data mining algorithms in
pharmacovigilance miss important clinical data that is rele-
vant for pharmacovigilance. Some important ADEs such as
“fever” and “feeling suicidal” are generally only available in
the narrative EHR reports. Some events, such as nose bleeding
may occasionally be available as structured data (ICD9 code:
784.7), but documentation for this symptom may be found
more frequently in clinical notes. The ability of NLP systems
to extract a broad variety of events from clinical reports
provides a valuable access to clinical information that would
not be available otherwise. The work could be extended to
combine structured with unstructured data. For example,
structured data consisting of abnormal laboratory results
and pharmacy orders would provide complementary infor-
mation for detection of ADEs. Second, other studies ana-
lyzed associations in their databases using DPA, regression
or other methods, where this study focused on the associa-

Table 2b y Summary of Co-Occurence Data for the
Selected Seven Drugs

Drug Total Documents 2 � 2 Tables* Cutoff†

Ibuprofen 583 125 21
Morphine 490 128 22
Warfarin, 2040 189 10
Bupropion 188 124 32
Paroxetine 468 137 16
Rosiglitazone 287 119 10
ACE inhibitors 2482 257 14

ACE � angiotensin-converting enzyme.
*2 � 2 tables reflect number of potential drug-ADE associations for
each drug.
†The cut-off represents the total number of potential drug-ADE
associations selected as possible signals when ordered by �(�2).
tion statistics adjusted with volume tests, which have been



Table 3 y Qualitative Evaluation

Drug* (Treatment
Indications) Reference Standard†

Associations Detected‡

Known ADEs Indication Associations
Remote Indication

Associations Unknown Associations

Ibuprofen (pain of
rheumatoid arthritis,
osteoarthritis, menstrual
cramps, or mild to
moderate pain)

constipation, diarrhea, dizziness,
gas, headache, heartburn,
nausea, stomach pain or upset

headache, achalasia,
nausea, constipation

pain, pleuritic pain, chest
pain, ache, referred pain,
apyrexial, fever, chill, night
sweat, hot flush

joint swelling, lesion,
bacterial abscess,
erythema, oral lesion,
hemoptysis

ACE inhibitors (hypertension
and congestive heart
failure)

cough, diarrhea, dizziness,
headache, tiredness

cough, lethargy,
dizziness, diarrhea,
headache

chest pain, shortness of
breath, syncope, orthopnea,
pain

hyponatremia, decreased
body weight,

vomiting, asymptomatic

Rosiglitazone (diabetes) headache, weight gain,
symptoms of heart failure

headache, chest pain,
left atrial
hypertrophy,
shortness of breath

syncope, vertigo tremor, pins and needle,
cyanosis, colic abdominal

non-productive cough, erythema

Bupropion (depression and
smoking cessation aid)

constipation, dizziness,
drowsiness, dry mouth,
headache, pruritus increased
sweating, loss of appetite,
nausea, vomiting,
nervousness, restlessness,
taste changes, trouble
sleeping, weight changes,
seizure, tinnitus suicidal
thoughts

dizziness, abnormal
sensation, difficulty,
drugged state,
fatigue, constipation
sleeplessness,
seizure, tinnitus,
pruritus feeling
suicidal

suicidal, visual hallucinations,
moody, emotional, tremor,
nightmare

motor retardation, fall,
jumpy, stiffness, early
satiety, extrapyramidal
sign, energy increased,
malingerer, rale, urge
incontinence, bulimia,
yellow sputum,
emaciation

Paroxetine (mental
depression, obsessive-
compulsive disorder, panic
disorder, generalized
anxiety disorder, social
anxiety disorder)

agitation, chest congestion, chest
pain, chills, cold sweats,
confusion, difficulty
breathing, dizziness, muscle
pain or weakness, skin rash,
suicidal thoughts

pain chest, drowsiness,
orthostasis, dyspnea,
agitation, dizziness,
feeling suicidal

verbal auditory hallucinations,
sleeplessness

Syncope, hormonal changes,
intoxication, sleepy,
thinness, numbness

thicken

ACE � angiotensin-converting enzyme.
*Only five out of seven drugs in our evaluation set are listed in this table due to space limitations; the conditions that drugs treat are shown in parentheses following the drug name.
†The reference standard constructed by the physician is shown in the second column, and new ADEs discovered after 2004 are shown in bold.
‡The associations obtained from our methods were categorized by the expert into four classes shown in the last four columns. New ADEs detected after 2004 based on data of 2004 are shown
in bold.
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shown to provide more clinically meaningful cutoffs for
clinical associations.48,51 Third, while work in current phar-
mocovigilance practice focused on retrospective investiga-
tions, our system highlights the potential for prospective
surveillance which detects novel ADEs automatically and
actively.

It is, however, a constant challenge to accurately identify
and evaluate safety signals in a timely manner for pharma-
covigilance. One factor affecting precision could be that
some adverse events were detected correctly but they have
not yet become known. Another factor is due to temporality
and dependencies of clinical events. To infer causal associ-
ations between drugs and potential ADEs, it is important to
recognize temporal sequences between drugs and these
potential ADEs. In this investigation, we tackled the prob-
lem of temporality in text using an extremely simple con-
textual filter consisting of the sections in the discharge
summary where the information was found. The strategy
was somewhat successful since we were able to detect 75%
of the known-ADEs whereas without that strategy we
almost always detected indication associations. By contrast,
the precision was only 31% because 63% of the associations
(30% of the indication associations and 33% of the remote
indication associations) in our qualitative analysis should
have been eliminated but were not. Most of the false
positives classified as indications were caused by two types
of confounding information. One type was related to the
diseases and indications the patient had because their asso-
ciations with the medications were therapeutic associations
and not side effects (e.g., “Paroxetine-dizziness”). This
showed that our strategy for handling temporal information
was not effective enough. Another type of confounder was
due to indirect associations which occurred when a medica-
tion used to treat a particular disease and manifestations of
the disease formed statistically significant pairs (e.g., “Par-
oxetine-hallucinations”).

We have experimented with drugs which are used to treat
the same diseases but have different safety profiles to
differentiate ADEs from possible indication confounders.
Our preliminary data have shown that rosiglitazone was
associated with heart failure symptoms while other diabetes
drugs tested (metformin, glipizide) were not. This does not,
however, confirm that these heart failure symptoms are
actually ADEs rather than treatment indications. Rosiglita-
zone may be more likely to be prescribed to severe and late
stage diabetic patients, and these patients might be likely to
develop comorbidities, such as heart disease, more often
than patients on the other drugs. Stratification may solve the
problem but it may be challenging. In addition, variable
selection may have to be decided externally by an expert.

Inspired by work in Bioinformatics of characterizing inter-
actions between genes, we applied mutual information (MI)
and its property of data processing inequality (DPI) to help
differentiate the direct and indirect types associations be-
tween clinical entities. This information theoretical approach
using MI and DPI showed some promise for reducing false
positives due to indirect associations, and is the focus of
another paper.52 As a further line of research, more sophis-
ticated statistical methods that are able to account for the
structure of a large database, and which are extensions of the

proposed methodology, can be devised to differentiate be-
tween the different types of associations observed. This will
also involve use of more sophisticated temporal models, use
of information from other sources of clinical data, such as
medication mentions in prior notes and prescription infor-
mation. Additionally, use of other sources of knowledge,
such as DXPlain or QMR will be explored.53,54

Another challenge related to our methods concerns the
granularity of the codes corresponding to diseases and
symptoms. The disadvantage of using highly granular terms
is the dilution of the signals among medically similar ADEs.
For example, there are more than 150 codes for cough in the
UMLS corresponding to highly specific terms such as
“cough on exercise”, “postural cough”, “brassy cough”, and
“increased frequency of cough”. In this study, the modified
version of MedLEE, which excluded some of modifiers,
worked well for symptoms but this issue needs to be
explored further. A commonly used coding system in the
pharmacovigilance field is the Medical Dictionary for Reg-
ulatory Activities (MedDRA) which contains five hierarchi-
cal levels.55,56 The level of “preferred term” is often used in
pharmacovigilance systems because it is considered the
appropriate level of granularity for that purpose. Similarly,
granularity information in other knowledge sources in the
UMLS (e.g., parent/child relations in MRREL, the UMLS
knowledge source specifying relationships among entities)
should also be helpful in meeting the challenge. Develop-
ment of statistical approaches should also be considered. For
example, Berry and Berry cleverly applied Bayesian meth-
ods to “borrow strength” and enhance diluted “signals”
across multiple similar ADEs.57 In subsequent studies, we
will explore using MedDRA, the UMLS, and statistical
approaches to help solve the granularity problem.

Our study had several limitations. Some of the limitations
were caused by UMLS codes that were not well-defined. For
example, a code “thicken” was an entity that was frequently
extracted by MedLEE and then subsequently statistically
associated with one of the drugs. A manual review indicated
that some concepts, such as “thickened sigmoid” and “thick-
ened valve leaflet” were encoded correctly as combinations
of “thicken” with body location qualifiers but there were no
individual UMLS codes that corresponded to either of the
two complete concepts. Therefore, the single and poorly
defined concept “thicken” was used. Another limitation is
that, for our initial study, we included narrative reports for
inpatients. As a result, our findings should be understood in
the context of a sick patient population, which affected our
results in several ways. First, the details in the documenta-
tion may be different. For example, “temperature increased
slightly” might be less documented for outpatients than for
inpatients because an increased temperature could be per-
ceived as being more burdensome for inpatients because
they are sicker. Second, inpatients may be more prone to
have ADEs due to their weakened conditions and because
they are more likely to be taking multiple medications.
However, this limitation is due to the type of reports we
focused on and not the methodology. In subsequent studies
we will adapt our methods to a corpus consisting of multiple
outpatient visits as well as hospital admissions, so the
information relating to a patient will span a longer period
and so that we will obtain a more varied patient population

including healthier patients. However, that will likely intro-
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duce new challenges. A further limitation of this investiga-
tion is the fact that the reference standard was obtained
using only one expert, and only seven drugs were tested. A
more comprehensive evaluation will be undertaken in our
future work.

Although the methods discussed in this work focuses on
pharmacovigilance, the same methodology could readily be
broadened to include adverse events associated with vac-
cines, devices, and procedures. Extension to these patient
safety domains would involve using MedLEE to extract
these types of events rather than just drug events, and using
similar statistical processes to determine signals, although
determination of the thresholds would have to be optimized.
In future research, we will experiment with such an exten-
sion.

While our study proves the feasibility of our method more
work is needed to establish our method as a surveillance
system. The success of this system relies on the following
two fundamental components of the proposed method: (1)
use of NLP to generate useful data, and (2) creation of a
statistical methodology that successfully deals with the data
obtained. Both of these components are important and
supplement each other. In particular, the identification of the
appropriate threshold(s) is at the heart of successfully ex-
tending this feasibility paper to a real time pharmacovigi-
lance system. What we have used in this study, which is
based on previously published work, is an operational
threshold that provided reasonable results. In our future
work, we will be experimenting with a variety of ideas for
identifying and evaluating this threshold. If we are success-
ful, precision should be significantly improved.

Conclusions
Establishing safety profiles over the market life of a drug
accurately and timely is a constant challenge in the field of
pharmacovigilance, and is critical for patient safety. In this
study, we provided a high throughput model and method to
identify drug safety signals by mining narrative reports in
the EHR. We demonstrated the potential of the method. To
the best of our knowledge, this is the first study demonstrat-
ing the use of unstructured patient data, NLP, and statistics
for pharmacovigilance. This paper provides a framework for
the development of automated, active and prospective phar-
macovigilance which could potentially unveil drug safety
profiles and novel adverse events in a timely fashion.
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