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Abstract

Introduction: Pharmacovigilance programs protect patient health and safety by identifying
adverse event signals through postmarketing surveillance of claims data and spontaneous reports.
Electronic health records (EHRs) provide new opportunities to address limitations of traditional
approaches and promote discovery-oriented pharmacovigilance.

Methods: To evaluate the current state of EHR-based medication safety signal identification, we
conducted a scoping literature review of studies aimed at identifying safety signals from routinely
collected patient-level EHR data. We extracted information on study design; EHR data elements
utilized; analytic methods employed; drugs and outcomes evaluated; and key statistical and data
analysis choices.

Results: We identified 81 eligible studies. Disproportionality methods were the predominant
analytic approach, followed by data mining and regression. Variability in study design makes
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direct comparisons difficult. Studies varied widely in terms of data, confounding adjustment, and
statistical considerations.

Conclusion: Despite broad interest in utilizing EHRs for safety signal identification, current
efforts fail to leverage the full breadth and depth of available data or to rigorously control for
confounding. The development of best practices and application of common data models would
promote the expansion of EHR-based pharmacovigilance.

Introduction

Pharmacovigilance programs protect the health and safety of patients by identifying signals
of adverse events through postmarketing surveillance after medications and vaccines become
available in routine care [1]. A signal, in this instance, refers to “information that arises

from one or multiple sources, which suggests a new potentially causal association, or a new
aspect of a known association, between an intervention and an event or set of related events”
[2]. While many adverse events are recognized during clinical trials of new medications,
these trials are, by definition, tightly controlled and do not reflect the variability and
complexity of the general population in terms of demographics, concomitant medication,
and comorbid conditions [3]. Further, premarketing trials are limited in terms of sample size
and duration and may not capture rare events. Once approved for widespread use, previously
unidentified adverse events may be recognized through postmarketing surveillance and
require adjustment of clinical recommendations or even withdrawal of a medication from the
market.

Postmarketing surveillance has traditionally relied on spontaneous reporting of suspected
adverse drug events by concerned healthcare professionals, consumers, and pharmaceutical
manufacturers [3]. These reports are collected and maintained in national and international
databases, such as the FDA’s Adverse Event Reporting System (FAERS) [4], the European
Medicines Agency’s (EMA) EudraVigilance [5], and the WHO’s VigiBase [6]. However,
data in spontaneous reporting systems are limited to voluntary reports of suspected adverse
events directly related to a medication exposure, are subject to reporting bias, and provide
limited information on patient characteristics [3]. With the expansion of longitudinal sources
of healthcare data, including health insurance claims and electronic health records (EHRS),
new opportunities are emerging to address these limitations and promote discovery-oriented
pharmacovigilance [7].

The US FDA’s active medical product safety surveillance system, Sentinel, serves as

an important complement to FAERS passive surveillance approach. Sentinel uses health
insurance claims as the primary vehicle for signal identification [8]. Claims data are
well-suited for longitudinally following patients after medication exposures owing to their
capture of pharmacy dispensing records, outpatient encounters, and hospitalizations during
well-defined periods of health plan enroliment. However, such data lack clinical granularity
and often under-capture subtle events that do not trigger formal coding. In contrast, EHRs
contain comprehensive structured and semi-structured data as well as rich, unstructured
clinical narratives that could be leveraged to improve safety signal identification. The
integration of EHR data as a resource for safety surveillance is a priority of Sentinel, but
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current signal identification methods used with spontaneous reporting systems and claims
data may not fully leverage the breadth and depth of EHR data [7]. New signal identification
methods may be required to incorporate the variable information in EHRs, control the
impact of confounding, and address the variability in terms of data collection processes, data
gaps, and data quality across health systems.

In addition to Sentinel, international pharmacovigilance efforts would also benefit from
advances in this area. Prior work by the EU-ADR project highlighted many of the
difficulties around using EHR data for signal identification. The EMA’s Data Analysis and
Real World Interrogation Network (DARWIN) [9], which collects real world health data for
regulatory decision making, will need to address these issues, as well. Additionally, large
scale health database efforts, such as the All of Us Research Program [10] in the US and the
European Health Data Evidence Network (EHDEN) [11] might also benefit from methods to
improve signal identification using EHR data.

To support the expansion of EHR-based pharmacovigilance, we conducted a scoping
literature review of current practices in the use of routinely collected EHR data for
medication safety signal identification. We included studies that performed completely
hypothesis-free discovery, as well as those that attempted to identify evidence of a signal
between specific drug-event pairs or among sets of related exposures and events. While
there are a number of excellent reviews of the pharmacovigilance literature, few have

as their primary focus the application of signal identification methods to EHR data.

Most discuss signal identification more broadly, focus on methods applied to spontaneous
reporting systems, or concentrate on recognition of known adverse drug effects (ADEs) for
reporting or patient care tools [12—-19]. Those reviews that do emphasize EHR-based signal
identification are often smaller narrative reviews or focus on important related concerns,
such as extracting documented ADEs from clinical texts or the use of pharmacogenomic
data, which is beyond the scope of this review [3,20-28]. Herein, we focus on analytic
methods using routinely-collected EHR data for medication safety signal identification and
describe how both structured and unstructured EHR data are being utilized.

2. Methods

We conducted a scoping review of the literature documenting adverse event signal
identification in longitudinal EHR data, characterizing the analytics methods employed,
handling of statistical challenges, and integration of diverse clinical data. For the purposes of
this review, we define signal identification as a statistical or algorithmic approach to identify
an excess burden of adverse events following drug exposure, whether or not the exposure
was documented as associated with the outcome by the patient or provider at the time of the
event. A protocol was not preregistered for this review.

2.1. Data sources and search strategy

We queried MEDLINE and Embase, the two largest bibliographic databases of published
biomedical literature, for all publications indexed as of April 14, 2023.We identified
potentially relevant articles in both databases using both MeSH (Medical Subject Headings)
terms and keywords. Our search strategy was designed to capture all citations encompassing

Drug Saf. Author manuscript; available in PMC 2024 December 12.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Davis et al.

Page 4

three concepts of interest: biomedical domain, analytic methods, and data context (see
Figure 1). Search queries were crafted for each of these concepts and results were combined
to identify publications of interest. The biomedical domain search terms required studies
to focus on pharmacovigilance biomedical research (e.g., drug-related side effects and
post-marketing surveillance). The analytic methods search terms required studies to report
on methods used for signal identification (e.g., natural language processing and machine
learning). The data context search terms required studies to analyze EHR-based data with
or without integration with spontaneous reporting systems. We subsequently excluded non-
English language publications. The full search query is provided in Table 1. We also
reviewed the reference lists of eligible articles for relevant studies and searched for full
text publications associated with eligible conference abstracts.

2.2. Study selection

Studies were eligible for inclusion in our review if they 1) analyzed patient-level EHR data
collected through routine clinical care; and 2) implemented, evaluated, or proposed analytic
methods for identifying or discovering adverse event signals. We focused on original
research studies and excluded commentaries and prior literature reviews. Abstracts were
independently screened for inclusion by at least two members of the study team (Smith,
Davis, Coughlin, or Zabotka). Those cases in which reviewers disagreed on study eligibility
were adjudicated by the two primary reviewers (Davis, Smith).

2.3. Data extraction

For each eligible study, we extracted key information on the clinical population; study
design; data sources; EHR features extracted; analytic methods used; drugs and outcomes
evaluated; handling of temporality of exposures and outcomes; adjustment for confounding;
and consideration of multiple testing. We noted any direct comparisons of methods, as well
as strengths and limitations of analytic methods.

3. Results

Figure 2 details our search results and disposition of each study using a PRISMA flow
chart. Our search returned 1095 publications and we included an additional 12 studies
retrieved from reference lists of relevant studies. After deduplication, 899 study abstracts
were screened and 245 were selected for full review. During full review, we excluded an
additional 164 publications. Most studies excluded at this stage were not original research,
did not conduct adverse event signal identification, failed to provide sufficient detail about
methods used for signal identification, or sought to extract documented ADEs from clinical
notes using natural language processing (NLP). After full text review, 81 publications were
eligible for inclusion.

Table 2 provides an overview of the 81 original research studies included in our review and
Table 3 summarizes details extracted from these studies along with relevant citations. For
12 studies, only the abstract was available and served as the full text for review, limiting
the information we were able to extract. Figure 3 highlights sustained interest in methods
for EHR-based signal identification over the past two decades. Studies were conducted on
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EHR data from Europe (n=26, 32%), Asia (n=14, 17%), and the United States (n=38, 47%).
Studies from Asia and the United States primarily considered EHR data from academic
medical centers, while those in Europe often included data collected from more diverse
clinical settings, such as community health centers contributing EHR data to The Health
Improvement Network (THIN) [29] or the General Practice Research Database (GPRD) [30]
in the UK. Sample sizes were not consistently reported, with some studies reporting the
number of observations used for analysis and others reporting the number of patients in a
data resource. When reported, sample sizes varied widely, from just a few hundred patients
to millions of patients. Single-drug adverse events were the primary focus, with 14 (17%)
studies aimed at identifying drug-drug interactions (DDIs).

3.1. Study designs

Most studies employed a cohort (n=54, 67%) or a case-control design (n=22, 27%). Case-
control studies included random matching, simple demographic matching (e.g., matching
on age and sex only), matching on medical history, and propensity score matching. Self-
controlled designs were less common (n=12, 15%). Ryan and colleagues [31] directly
compared study designs and observed self-controlled designs to be more accurate in their
identification of known ADESs and negative controls, yet all designs underperformed in
estimating signal strength.

3.2.  Analytic Methods

Table 4 provides a description of the major analytic approaches, including common specific
methods reported and both benefits and limitations of how the methods were applied.

The most common methods applied were various disproportionality analysis (n=48, 59%),
machine learning/data mining algorithms (n=30, 37%), and regression-based modeling
(n=25, 31%). Disproportionality analysis, generally speaking, refers to methods that identify
combinations of exposures and adverse effects that occur more frequently than expected

by using information on all drugs and effects in the available sample population [14].
Specific methods included the reporting odds ratio (ROR), proportional reporting ratio
(PRR), gamma Poisson shrinker (GPS) and associated variants, and empirical Bayes
geometric mean (EBGM), among others. The most frequent regression-based approaches
were logistic and Cox regression. Studies using machine learning and data mining
algorithms used a variety of supervised and unsupervised methods, including association-
rule mining, clustering, random forests, the tree-based scan statistic, and neural networks.
Most studies using sequential analyses applied the maximized sequential probability ratio
test (MaxSPRT). Studies generally took a retrospective approach, seeking to identify
adverse events from historical extracts of EHR data. However, 6 studies (7%) implemented
a prospective analysis framework which could be used for prospective surveillance for
emerging evidence of adverse event signals. These studies used statistical process control,
regression, and sequence symmetry analysis.

Some studies aimed to evaluate the performance of different methods through signal
identification applied to specified drug-outcome associations (n=27, 33%). Others
focused on signal discovery across many drug exposures linked to a specific outcome
(n=44, 54%) or across many outcomes after exposure to a specific drug (n=34,
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42%). Methods were evaluated by comparing results to previously reported adverse
events and known negative controls to document false negatives and false positives.
Novel associations were also documented, with several studies including additional

steps to filter out false positives and prioritize potential novel adverse events. This
filtering and prioritization were accomplished by ranking events by measures of signal
strength [37,43,57,57,61,63,69,71,82,82,99,102,106,107,109,112], comparing findings to
parallel analyses of spontaneous reporting data [61,69,71,82,87,91], incorporating external
knowledge sources [32,43,66,102,105-108,110,112], or assessing protopathic bias using
Longitudinal Evaluation of Observational Profiles of Adverse events Related to Drugs
(LEOPARD) [42,60,70,71,87]. Three studies [54,63,90] prescreened potential adverse
events using disproportionality analyses and conducted more in-depth investigation into
the potential signals using regression-based models. These studies found such a step-wise
approach improved precision of signal identification and reduced false positives.

Few studies directly compared adverse event signal identification across methods. Wang
and colleagues [74] found a random forest model based on data extracted from

clinical notes outperformed disproportionality analyses on the same data, as well as
disproportionality analyses on spontaneous reporting data. Jeong and colleagues [86]
compared disproportionality analyses to machine learning models—including random
forests, L1 regression, support vector machines, and neural networks—that used the
summary statistics from disproportionality analyses of laboratory values as inputs, finding
random forests to have the highest discrimination and all machine learning models
outperforming the disproportionality analyses.

3.3. EHR Components

Table 3 includes a summary of those portions of the EHR used by analyses described in
each study. Structured medication data were accessed in the vast majority of studies (n=75,
93%). Studies that did not use structured medication data identified drug exposures by using
NLP to extract information from clinical notes [35,53,61,91,109]. Medication information
typically captured drug names and timing of exposure. Dosing and route information was
rarely considered. Most reviewed studies accessed diagnostic/procedural codes (n=60, 74%),
with those not accessing diagnostic/procedural codes using laboratory data or vital signs to
determine the presence of adverse events. Laboratory data was accessed in 28 (35%) studies
for outcome determination or confounding adjustment. Use of demographic data was noted
in 46 (57%) studies for population definition, stratification, or confounding adjustment. Few
studies used vital sign data or health care utilization metrics.

Unstructured data from clinical notes were accessed in 21 studies (26%). Studies generally
relied on a combination of NLP extracted event or medication information alongside
structured EHR. However, three studies relied solely on clinical notes, extracting drug
exposure, comorbidities, and adverse events using NLP without mentioning access to
other components of the EHR for signal identification analyses [74,106,109]. The types

of clinical notes accessed also varied, but included admission history and physical exam
notes, discharge summaries, clinic visit notes, and nursing documentation. Methods and
tools used to extract potential adverse events from unstructured data varied widely, from
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simple regular expression text matching to more sophisticated NLP systems that mapped
text mentions to concepts in clinical ontologies. An in-depth discussion of specific NLP
methods for clinical text is beyond the scope of this review, but we direct the interested
reader to several high-quality reviews on the subject [20,24,28,113].

One study by LePendu and colleagues [54] described methods to transform unstructured
clinical notes into a deidentified patient-feature matrix encoded using medical terminologies.
The matrix forms a timeline, noting when events occurred (or were recorded) including

drug exposures and outcomes of interest. They demonstrated its utility for identifying both
single-drug adverse events and drug-drug interactions earlier than official alerts by finding
signals on retrospective data. It also allowed filtering of spurious signals by adjusting for
potential confounding and could be used to compile prevalence information and estimate
performance.

Integration with Spontaneous Reporting Data

Several studies (n=15, 19%) utilized both spontaneous reporting and EHR data. Associations
identified in spontaneous reports either directed subsequent EHR investigations of specific
drug-event pairs of interest or filtered EHR-identified signals. This sequential approach was
aimed at reducing the risk of false positive signals from observational EHR data while
replicating signals from spontaneous reports in a more diverse population. A study by Li and
colleagues [69] found a combination of analyses using both spontaneous reporting and EHR
data more accurately identified ADEs than analyses in either resource alone. Prospective
studies compared the time to signal recognition between EHR-based analyses and parallel
analyses in spontaneous reporting data. These studies reported EHR-based methods were
able to identify adverse event signals sooner than they would have been identified in
spontaneous reporting databases [87,98]. A study by Patadia and colleagues [71] highlighted
considerations of the potential interplay between current spontaneous reporting systems and
ADE identification in EHR data. They found signals were detectable in EHR data earlier
than spontaneous reporting systems; however, applying the same methods to EHR data
collected after initial warnings were issued changed practice patterns and reduced the utility
of subsequent EHR data for signal identification.

3.5. Statistical considerations

Control for confounding was often discussed as a limitation, yet 40% of studies reported

no specific steps to control for confounding (n=32). When confounding was addressed,

this typically took the form of matching, stratification, or statistical adjustment for a

small number of patient features. Ten studies (12%) limited confounding control to simple
demographic characteristics and 24 (30%) studies controlled for some combination of
demographics, indications, other drug exposures, and comorbidities. Self-controlled series
were used to adjust for time-invariant confounders in 12 studies (15%) and several studies
undertook propensity score matching/adjustment (n=12, 15%). Limited details of propensity
scoring methods were reported and few studies provided specific justification for the
selection of confounders.
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Most studies (n=74, 91%) explicitly documented temporal considerations to ensure drug
exposures occurred within a specified time window prior to adverse event indication or
documentation. Several studies considered time more specifically by conducting survival
analyses [80,81,103] or using chronographs of temporal event patterns [47,66,73,76,93].
Temporality was further explicitly considered by the five studies [42,60,70,71,87] that used
LEOPARD to explore the rate of drug initiation before and after adverse events to filter out
ADESs that may be due to confounding by indication.

As most studies controlled for few, if any patient features, missing data was rarely
mentioned and studies implicitly assumed no bias in drug exposure or outcome
ascertainment. Six studies mentioned concerns about missing data and conducted complete
case analyses [79,84,86,90,99,103]. No studies considered imputation.

While all studies evaluated multiple pre-specified ADEs or many potential drug-event pairs,
most did not discuss concerns regarding adjustments for multiple comparisons (n=61, 75%).
When mentioned, Bonferroni correction and false discovery rates were the most common
approaches to handling multiple comparisons.

4. Discussion

The body of work discussed in this review, along with prior reviews of pharmacovigilance
studies and methods, make it clear that EHR data can make an important contribution to
medication safety signal identification. However, there are challenges remaining. Studies
varied widely in terms of the methods implemented, the data utilized, temporal and
statistical considerations, and other limitations. Below we discuss each of these areas and
provide recommendations for future research.

4.1. Analytic Methods

The most commonly used methods were the same approaches popular in spontaneous
reporting systems, such as disproportionality analysis and regression-based modeling.
While 37% of studies employed machine learning or data mining methods, the selected
algorithms were highly variable and do not provide sufficient information to compare
specific algorithms. Fewer studies applied sequential analysis methods. Each of these
approaches have benefits and limitations (see Table 4).

Disproportionality methods, such as ROR, PRR, and GPS, are commonly applied to
spontaneous reporting data despite concerns about underreporting and the inability to
provide a true incidence rate when the number of outcomes is known and the number

of exposures is not [3]. While EHRs do not necessarily capture all instances of exposure
and outcomes (due to missing data and patients visiting multiple health systems), they can
provide for more-complete capture of numerator and denominator than spontaneous reports
[14]. This can potentially improve estimates of drug utilization and condition incidence.
However, as currently applied to EHR data, disproportionality methods are not leveraging
the breadth of EHR data nor controlling for key confounding. Integration of more advanced
propensity score matching taking into account the rich patient-level information in the EHR
may improve the use of these methods for EHR-based pharmacovigilance.
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Similarly, regression-based methods also allow for confounding adjustment. EHRS can
provide rich clinical detail for such adjustments, but nearly half of studies either reported no
specific steps to control for confounding or only controlled for simple demographic features.
When utilized for signal identification (as opposed to confirmation), regression methods
must be adjusted for multiple testing, however many studies did not report taking this into
consideration.

While machine learning, data mining, and sequence analysis are promising, there are only

a few examples of each method and thus limited evidence of performance. The tree-based
scan statistic, which was applied in two coordinated studies [38,52], highlights the potential
of these methods for adverse event signal identification. TreeScan, the data mining tool that
implements the tree-based scan statistic, can simultaneously evaluate a number of potential
adverse events (and groups of related adverse events) to determine if any occur with higher
probability among exposed patients [52,114]. Simultaneously, it evaluates if those outcomes
occur with increased risk among patients exposed to individual drugs or groups of related
drugs, automatically adjusting for the inherent multiple testing. This approach, normalizing
drugs to classes and specific outcomes to broader categories of related outcomes, makes use
of the hierarchical structure of the terminologies used for both exposures and outcomes, and
can aggregate multiple weaker signals into significant ones.

As described above, there were also very few studies comparing the performance of different
signal identification methods to one another. This prevents us from commenting on which
methods may best identify adverse event signals within EHR data. Future efforts should
develop large, standardized datasets with established drug-event associations against which
methods can be compared more directly within and across studies.

Access to large longitudinal claims databases have somewhat alleviated the volume issues
with traditional surveillance methods, but such databases do not have the depth, or
granularity, of patient information available in structured and unstructured EHR data.

The breadth of EHR information lies in the many different types of data available —
demographics, diagnoses, laboratory results, vital signs, problem lists, and unstructured
clinical text — and, unfortunately, our review highlights that most EHR-based signal
identification studies have yet to take full advantage of these complementary data types.

For example, while many studies accessed diagnosis codes for outcome ascertainment, few
took advantage of the other recorded diagnoses to control for confounding. Studies also
frequently operationalized outcomes using only diagnosis codes, only laboratory values, or
only NLP-processed unstructured clinical notes. While these studies serve to validate each
method with different data types, methods combining different EHR data types could lead

to a richer abstraction of the patient and better capture of a wide variety of adverse events.
This increase in data dimensionality, however, poses unique challenges, including cases in
which critical features may be sparsely populated. Possible methodological considerations to
help address these difficulties might include mapping of differing feature types to a common
terminology, such as MedDRA, or developing methods that can utilize both binary outcomes
and continuous outcomes, such as lab values.
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4.3. Temporal and Statistical Considerations

Many studies developed interesting approaches with significant opportunity for extension,
while often neglecting to address a common set of limitations. These include lack of
control for confounding, adjustment for multiple testing, and attention to missing data. In
terms of confounding control, most studies either did not report any confounding control
or controlled for only a few factors, most commonly only age and sex. Some, however,
took advantage of the rich EHR data available to control for factors such as medications,
comorbid conditions, and utilization of healthcare resources. Methods such as propensity
score matching and self-controlled study designs are effective ways to address confounding
that could have been integrated into many of the methods reviewed. Given the breadth

of potential confounders in the EHR, further research and evaluation of methods using
published literature to identify confounders [115] are warranted.

Few studies took common statistical approaches to preempt false positive signals. As

noted above, most studies minimally controlled for confounding, despite the ability of
proper confounding control to reduce false positives. Our review also highlighted a lack

of adherence to recommendations to adjust for multiple comparisons when evaluating

many potential adverse event signals, with 75% of studies not addressing this statistical
concern. Given these limitations, many studies required additional analytic steps to filter out
false positives and determine which drug-event associations highlighted by their analyses
warranted further investigation. Common filtering approaches included ranking drug-event
pairs by measures of signal strength, comparing findings to parallel analyses in spontaneous
reporting data, incorporating external knowledge sources, or assessing protopathic bias using
LEOPARD. All of these approaches can reduce false positives, but it is also important to
empirically estimate the false discovery rate so that methods can be accurately evaluated and
compared.

Careful attention to temporal relationships within data are also critical when performing
EHR-based signal identification. Most studies were explicit in their methods to ensure
documented exposures occurred before the suspected adverse events. However, studies were
not consistent in how they determined initial exposures, minimum unexposed time before
an index exposure, or relevant follow-up requirements. Best practices for establishing a
minimum length of medical history in EHR data prior to exposures would help more
consistently ensure patients were not exposed earlier than suspected. Similarly, standard
practices should be established for handling cases when exposure and outcome are found in
the same note but the temporal ordering of events is not explicitly defined or when mentions
of an outcome in a clinical note does not necessarily mean that it began on the day the

note was recorded. Evaluations by Patadia and colleagues [71] revealed another temporality
concern regarding the interaction between early suspicion of potential ADE signals and
changes in prescribing patterns. They found EHR data collected after media coverage or
regulatory warnings of a newly detected ADE were less likely to correctly identify the

ADE signal compared to EHR data collected prior to the dissemination of information
about the suspected signal. To avoid biasing results, studies must consider announcements of
any preliminary safety concerns when defining temporal start and end points for studies in
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retrospective data. Further research on how to handle the temporality of longitudinal EHR
data is required.

While common in routinely collected EHR data, missing data was rarely discussed in the
articles we reviewed. Missingness was likely not discussed for studies using structured
medications and diagnoses because the lack of recording is typically presumed to be the
absence of a diagnosis or medication. However, undercoding — when structured codes do
not adequately represent a patient’s condition or the full scope of work being performed —
is a limitation of structured EHR data that all studies should consider. In studies utilizing
other EHR features, missingness may become more of a concern and should be addressed.
For example, missingness may be of particular importance when considering data on
social determinants of health, which may not be well-recorded in certain subpopulations.
Furthermore, given the decentralized nature of healthcare in the United States, patient data
is often scattered across multiple EHRs and health systems. As mentioned above, efforts to
link longitudinal claims data with EHRs, as well as efforts promoting Health Information
Exchange, could somewhat alleviate such concern.

4.4. Other Limitations of Current Work

During our analyses, we noticed a number of additional limitations of current research

in EHR-based signal identification. Medication dosing, for instance was almost never
considered in the studies we reviewed and few studies focused on exposures that may

be better-captured in EHRs compared to claims data. For example, the EHR can be a
source for identifying adverse events due to blood products and contrast media, as well as
herbals and other non-conventional medications. EHR note type was also rarely mentioned:;
cardiology notes reveal different information than rheumatology notes, for example. Most
studies implemented analysis at only a single site, which can result in inadequate cases to
identify signals, particularly for rare events.

While many different studies used spontaneous reports data in combination with EHR data,
it remains unclear how the two data sources can best complement one another to improve
sensitivity and reduce false positives safety signals. Additionally, while some studies used
derivatives of FAERS, such as TWOSIDES [116], it is probable that such derivatives could
be helpful in more studies. Integration of other data sources may be helpful, as well;
disproportionality methods, for example, suffer from confounding and frequent non-causal
associations with indications and comorbidities [117]. Databases such as SIDER [118]
contain known indications and adverse effects from drug product labels and could be used
to identify confounding by indication. EHR data itself could be used to identify common
comorbidities. The combination of these data resources can be used to prioritize unexplained
signals or discount those signals with other likely explanations.

Finally, we note the lack of studies focused on children and pregnancy. A review by
McMahon and colleagues [18] noted the lack of robust pediatric-focused post-marking
surveillance. While a body of work in claims-based maternal-fetal outcomes research exists,
there is widespread recognition regarding the shortcoming of pharmacovigilance as it relates
to pregnancy [119-121]. Studies of these populations are critical to drug safety efforts and
would likely benefit from the addition of EHR data.
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4.5. Recommendations

The current state of research involving EHR-based signal identification is promising but
would benefit from a more systematic approach to methods evaluation and the development
of best practices. Methods and data models should also take advantage of the full breadth
and depth of EHR data. Most reviewed studies focused on a limited number of EHR
features, many simply accessing specific diagnoses and medication orders of interest.
Accessing a broader set of features captured in EHRs could allow more thorough control
for confounding, a unique advantage of EHR data over spontaneous reports. Further
advancement of prospective approaches should also be prioritized as the existing studies
indicate such approaches may speed identification of safety concerns. Newer methods
utilizing recent advances in deep learning, symbolic artificial intelligence, and large
language models should also be further explored.

Similarly, development of a common data model for tailoring longitudinal EHR datasets
for pharmacovigilance studies would allow consistent application of methods and simplify
evaluation. A common EHR transformation for adverse event signal identification could
be accomplished by extending the work of LePendu and colleagues [54] using patient
feature matrices. While their study exclusively used features extracted from clinical text,
structured data could be also represented using the same framework and terminology (e.g.,
MedDRA\). Further extensions could allow the incorporation of both continuous features
and the integration of claims data to address concerns when relevant data is collected from
multiple health care organizations.

A standardized data model for pharmacovigilance would also support distributed analyses
that could be performed at multiple sites and foster greater collaboration. While the sensitive
nature of EHR data makes large repositories difficult, methods for federated machine
learning and distributed analysis like those currently employed by Sentinel, DARWIN, and
EDHEN initiatives would enable larger-scale EHR-based data analysis. This is particularly
important for identifying safety signals involving less common medications or rare events
that may not have sufficient data for detection at any individual site.

Finally, it is important to both define success metrics and estimate performance to better
understand the types of signals that would be captured poorly in EHR data. Development
of a common resources of known adverse event signals and control drug-event associations
would support comparative evaluations across signal identification methods and enable
reproducibility. Results for existing and future novel approaches to signal identification
could be reported against this standard reference to provide more comparable baseline
comparisons and support the collection of evidence needed to establish best practices.

5. Conclusion

The current state of drug safety signal identification with EHR data is promising. However,
comparing signal identification methods to one another based upon available research

is difficult due to differences in study designs and populations; EHR data models and
components utilized; and diverse combinations of exposures and health outcomes evaluated.
In addition, published studies differ substantially in their treatment of confounders, temporal
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nsiderations, and adjustments for multiple testing. Future efforts to evaluate available

methods, create a common data model for EHR data, build shared reference sets for
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Key Points

Detailed electronic health record data could enrich pharmacovigilance
programs that have traditionally relied on voluntary spontaneous reporting
systems, with hopes of enhancing and speeding our understanding of
medication safety signal concerns.

Our review of electronic health record-based signal identification studies
highlights great variability in study design and limited application of methods
for handling confounders, temporal considerations, and adjustments for
multiple testing.

While current research is promising, the community of pharmacovigilance
researchers and practitioners would benefit from a more systematic approach
to methods evaluation, comparison, and benchmarking to develop best
practices for implementation and expansion of electronic health record-based
pharmacovigilance.
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MeSH
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Search criteria used in OvidSP to identify publications of interest for the literature review.
For each primary query, MeSH terms are listed along with keywords from titles and

abstracts.
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Included studies of EHR-based signal identification by year
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Table 1.

Full search query

# Subqueries

1 “Drug-Related Side Effects and Adverse Reactions”/ or Pharmacovigilance/ or Product Surveillance, Postmarketing/ or Drug Interactions/

2 (((drug or medication) adj3 (reaction* or interaction* or safety or “side effect*” or toxicit* or surveillance or “adverse effect*”)) or
pharmacovigilance).ti,ab.

3 lor2

4 limit 3 to English language

5 Data Mining/ or Artificial Intelligence/ or Machine Learning/ or Algorithms/ or Natural Language Processing/ or Pattern Recognition,
Automated/ or Models, Statistical/

6 (“text mining” or “data mining” or “NLP” or “natural language processing” or “machine learning” or “artificial intelligence” or “deep
learning” or “signal detection” or “signal identification” or “data-driven” or “data driven”).ti,ab.

7 50r6

8 limit 7 to English language

9 Electronic Health Records/ or Medical Records/ or Medical Records Systems, Computerized/

10 (“electronic health record™” or “electronic medical record*” or “EHR*” or “EMR™*” or “clinical narrative*” or “clinical note*” or
“clinical text*” or “observational clinical data” or “medical record*”).ti,ab.

11 | 9or10

12 | limit 11 to English language

13 | 4and 8and 12

14 | remove duplicates from 13
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Summary of original research studies eligible for review. Sample sizes represent actual sample size used for
analysis, if available, and data resource sample size otherwise.

Machine
learning
Disproportionality and data Sequential
Study Setting analysis Regression | mining analyses
France and the Netherlands,
Chazard et al. 2009 [32] variable settings X
Edwards R.I. 2009 [33] International database X
Ryan P.B. et al. 2009 [34] Not reported X
US, single academic medical
Wang X. et al. 2009 [35] center X
Brownstein J.S. et al. 2010 [36] US, single academic medical X X
center
US, single academic medical
Harpaz et al. 2010 [37] center X
Brown J.S. et al. 2011 [38] US, variable settings
Chazard et al. 2011 [39] Europe variable settings
Coloma et al. 2011 [40] Europe, variable settings X
Coloma P.M. et al. 2011 [41] Europe, variable settings X X
Ferrajolo C. et al. 2011 [42] Europe, variable settings X
Jietal. 2011 [43] US, single VA medical center X X
Korea, single academic
Park M.Y. et al. 2011 [44] medical center X
Trifiro G. et al. 2011 [45] Europe, variable settings X
LePendu P. et al. 2012 [46] US, variable settings X
United Kingdom, variable
Star K. et al. 2012 [47] settings X
Yoon et al. 2012 [48] Korea X
Afzal Z. et al. 2013 [49] Denmark, variable settings
An L. etal. 2013 [50] US, variable settings
New York, single academic
Harpaz R. et al. 2013 [51] medical center X
Kulldorff M. et al. 2013 [52] US, variable settings X
US, single academic medical
Lependu et al. 2013 [53] center X
US, single academic medical
LePendu P. et al. 2013 [54] center X X
Lian Duan et al. 2013 [55] Simulated data X X
: US, single academic medical
Liu et al. 2013 [56] center X X
United Kingdom, variable
Reps J. et al. 2013 [57] settings X X
Ryan et al. 2013 [31] US, variable settings X X X
Sauzet O. et al. 2013 [58] United Kingdom, variable X

settings
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medical center
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Machine
learning

Disproportionality and data Sequential

Study Setting analysis Regression | mining analyses

. The Netherlands, single
Eriksson et al. 2014 [59] academic medical center X
Ferrajolo et al. 2014 [60] Europe, variable settings X
Iyer et al. 2014 [61] (l:JeSr.],t::ngle academic medical X
Jietal. 2014 [62] US, single VA medical center X
Li Y. etal. 2014 [63] tJeSn,t::ngle academic medical X X
Patel and Kaelber 2014 [64] US, variable settings X
Roitmann E. et al. 2014 [65] Eeiqg‘rark' single medical X
Cederholm S. et al. 2015 [66] gé?tlitr?gSngdomy variable X X
Du L. et al. 2015 [67] US, variable settings X
Girardeau Y. et al. 2015 [68] ;r:é‘fél Sc'gﬁt'sracadem'c X
Li Y. et al. 2015 [69] US, variable settings X
Pacurariu A.C. et al. 2015 [70] Europe, variable settings
Patadia V.K. et al. 2015 [71] Europe, variable settings
Reps J. et al. 2015 [72] ge’t‘t'itf]gs'('”gd"m’ variable X
Star K. et al. 2015 [73] ;Jert‘t'itsgs'('”gdom’ variable X
Wang G. et al. 2015 [74] tJei,t;ngle academic medical X X
Zhang P. et al. 2015 [75] US, variable settings X
Hauben M. et al. 2016 [76] ;Je’t‘t'itrfgs*('”gd"m’ variable X X
Lorberbaum T. et al. 2016 [77] (l:JeSr.],t::ngle academic medical X
Lorberbaum T. et al. 2016 [78] US, academic medical centers X
Boland, M.R. et al. 2017 [79] U5, single academic medical X X
Fan Y. et al. 2017 [80] ge?],tes:ngle academic medical X
L Korea, single academic

ee S. etal. 2017 [81] medical center X
Personeni et al. 2017 [82] tJei,t;ngle academic medical X
Wang et al. 2017 [83] tJei,tes:ngle academic medical X
Chen W. et al. 2018 [84] China, single academic X
Choi L. et al. 2018 [85] tJeSn,t::ngle academic medical X
Jeong E. et al. 2018 [86] Korea, single academic X X X
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Machine
learning
Disproportionality and data Sequential
Study Setting analysis Regression | mining analyses
Patadia V.K. et al. 2018 [87] Europe, variable settings X X
Shimai Y. et al. 2018 [38] Japan single academic X
Tham M.Y. et al. 2018 [89] ﬁ‘:ggi’;‘l’fe:t'é‘rg'e academic X
. United Kingdom, variable
Vajravelu et al. 2018 [90] settings X X
Wang L. et al. 2018 [91] tJei,tes:ngle academic medical X
Wang X. et al. 2018 [92] US, variable settings X
Whalen E. et al. 2018 [93] ;Jert‘t'itsgs'('”gdom’ variable X X
Zhou et al. 2018 [94] ;Jert‘t'itsgsK'”gdom’ variable X
Dang T.-T. et al. 2019 [95] gef]'tg:”g'e academic medical X X
Davazdahemami B. and Delen D. ] ]
2019 [96] US, variable settings X
Duan R. et al. 2019 [97] |5, single academic medical X
Yu et al. 2020 [98] «l:Je?]’t ::ngle academic medical X
China, single academic
Yu'Y. et al. 2020 [99] . anter X
Zhang et al. 2020 [100] tJei,t;ngle academic medical X
Akimoto H. et al. 2021 [101] ;’nagginc'asl”c‘gr']‘:eicadem'c X
Nie X. et al. 2021 [102] China, single academic X X
Shin H. and Lee S. 2021 [103] Korea, single academic X
Shin H. et al. 2021 [104] Korea, single academic X
Wu et al. 2021 [105] (l:JeSr.],t::ngle academic medical X
Challa AP, et al 2022 [106] t’ei’tes;”g'e academic medical X
Kaas-Hansen B.S. et al. 2022 [107] Europe, variable settings X
Kundrot S. et al. 2022 [108] L‘gt‘;:ﬂgg“c’”a" variable X
Mower J. et al. 2022 [109] US. single academic medical X X
Nie X. et al. 2022 [110] %Z'd”iiaf'ggfefcadem'c X X
Sauzet O. and Cornelius V. 2022 [111] | United Kingdom, variable X

settings
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Machine
learning
Disproportionality and data Sequential
Study Setting analysis Regression | mining analyses
Yu'Y. etal. 2022 [112] gg'd”iiéf'cngr:teefcadem'c X X
48 (59%) 25 (31%) 30 (37%) 3 (4%)

Abbreviations: electronic health record (EHR)
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Table 3.

Characteristics of original research studies reviewed. Studies may be counted in multiple subcategories within
each group.

N % Relevant studies
Total original research studies 81
Study aim
Signal identification for
specified associations 27 33.3% [34-36,40-42,48,49,53,58,68,69,71,76,78,80,87,88,91,93-95,98,100,103,109,111]
Signal identification across [31,32,37,39,44,45,47,51,54-57,59-61,65-67,70,72-75,77,79,81,82,84—
many exposures 44  543% 86,89,90,92,96,97,99,101,102,104-108,110,112]
Signal identification across
many outcomes 34 42.0% [31,32,37-39,43,44,50,52,54,56,57,59,61-66,73,74,81-86,89,93,104-108]
Type of event investigated
Single-drug adverse event 68 84.0% [31-49,51-60,63-66,69-74,76,79,81-91,93-95,98-104,106-112]
Drug-drug interaction 14 17.3% [50,54,61,62,67,68,75,77,78,80,92,96,105,107]
Analysis frame
Retrospective 75 92.6% [31-35,37-45,47-86,88-93,95-97,99-112]
Prospective 6 7.4%  [36,46,54,87,94,98]
Study design
[31,32,34-43,45,47,50-52,55,57,59,61-65,68-74,76-80,82-85,87,95,97-99,101,104—
Cohort 54  66.7% 111]
Case-control 22 27.2% [31,46,48,53,54,56,58,59,61,67,75,81,85,90-92,96,99,102,103,110,112]
Self-controlled 12 14.8% [31,34,44,49,60,66,86,89,91,93,94,100]

Outcome type

Binary 70 86.4% [31-46,48,49,51-56,59-61,63-65,67,68,70,71,73,74,76,79,81-92,94-101,104,105]
Continuous 4 4.9%  [50,77,78,89]
Time-to-event 10 12.3% [47,58,62,66,73,80,81,93,103,111]

Methods

[31,34,35,40-45,49-51,53,55-61,63,64,66,67,69-71,76-78,83,86-91,93—

Disproportionality 48 59.3% 96,98,99,102,104,109-112]
Regression 25 30.9% [31,36,37,48,54,63,68,69,74,75,79-81,85,86,90,92,97,101-103,105,106,110,112]
Machine learning and data

mining 30 37.0% [31-33,38,39,41,43,46,47,52,55-57,62,65,66,72-74,76,79,82,84,86,93,95,100,107-109]
Sequential analyses 3 3.7%  [36,54,87]

EHR components accessed

[31,32,36,38-40,42,43,48-50,52-54,56—

Demographics 46 56.8% 63,66,68,69,72,77,78,80,81,84,85,90,94,96,97,99,101-105,107,110-112]
Medication orders 75 92.6% [31-34,36-43,45-52,54-60,62-68,70-90,92-108,110-112]
[31-34,36,38-43,45-49,52,54-58,60,62,64-67,69-73,75,76,78-85,87,90,92-94,96—
Diagnostic/procedural codes 60 74.1% 104,108,110-112]
[32,36,37,39,43,44,48,50,51,56,60,62—
Laboratory results 28 34.6% 64,68,70,81,83,84,86,88,89,94,99,101,102,110,112]
Vital signs 3 3.7%  [50,64,77]
Clinical text 21 25.9% [35,37,39,46,51,53,54,59,61,63,65,69,70,74,80,85,91,95,106,107,109]
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N % Relevant studies
Data sources”
[31,32,34-43,46,48-50,52-60,62-68,70,72,74-76,79-81,84-90,92-97,99,100,102,105—
EHR only 66 815% 112]
EHR and spontaneous reports 15 18.5% [45,51,61,69,71,73,77,78,82,83,87,91,98,101,103,104]
Control for confounding
[35,41,43,45,47,50,51,55,57,62,64,65,67,70,71,73-76,79,82-84,87,88,92,98,104,106—
None reported 32 395% 109,111]
[31,32,36,38-40,42,48,49,52-54,56,58-61,68,72,77,78,80,81,85,90,96,97,99,101—
Demographics 35 43.2% 103,105,110,112]
Drug exposures 14 17.3% [31,36,39,46,53,54,61,68,72,78,95,96,101,105]
Comorbidities 22 272% [31,32,36,37,39,46,48,53,54,56,61,63,69,80,81,85,96,99,101,102,110,112]
Statistical considerations
Explicit consideration of
temporal constraints 74  91.4% [31,32,34-36,38-46,48-64,66-83,85-87,89-107,110-112]
Discussion of missing data 6 7.4%  [79,84,86,90,99,103]
Adjustment for multiple testing 20 24.7%  [38,51,52,54,59,63,65,68,75,77,78,81,86,87,90,92,98,105,106,108]

*
Note, no studies only accessed spontaneous reports as our inclusion criteria limited the review to studies using EHR data. Abbreviations:

electronic health record (EHR)

Drug Saf. Author manuscript; available in PMC 2024 December 12.



Page 31

Davis et al.

(4H3) pJodal Y)eay 1083 SUOIIBIABIGGY

Bnup yoes Joj SBWNJOA ainsodxa pue

JUBA3 0} PaydTeW ag Ued uollen|eAsd Jo Aouanbaid «
Bururem

Alea pue ybisul apinoid pinoa sjeubis A1ayes

Bnap renuarod ajdinnw Buriojiuow spreoqyseq «
lenoidde Bnip

1e Buiess sjeubis oy Bunoyuow BuioBuo sjgeus «
SYH3 ul uolreluawWwaldw Japim 1oy dewpeos
ap1noid eyep paseq-swie]d ui suonedijdde Joud «

sreubis A1ayes Jenualod uo dn-Buimojjoy pue

SJa|e paseq-aoue||1aAins 01 Buipuodsai oy palinbai
30 pInom s324nosal Buiggels pue sj0d0joid Ma »
SaSAJeuUe aA119adS041a) [BUOIIIPEI] UBY) 3INJONJISEISUL
e1ep JUaIaIp Salinbal aoue||1aAINS BA1108dS0l «
sYH3 ut AjaAoadsold spoyiaw

asay} Juawa|duwi Jo uolrealyiuapl [eubis paseq-yHI
10} spoyaw asay} aiojdxa A|puaing salpnis Ma- «

S3W02)N0 SNONUIUO0J J0 Aeulq pue juawisnipe
Buipunojuod poddns spoylaw Bunsix3 «
suolrezualeweled pue subisap

poylaw Ul Jualayul s 101u09 Bunsal ajdiniA
elep

Buniodas snoauejuods ui uey) JaijJes elep YH3
u1 sjeubis Juans asJanpe Apnuspi Aew Burioyuow
aAndadsold 1eys sa1pnis BUSIXa WOl 80UBPIAT «
aoue|j1anIns Bulobuo ‘annoe oy paubisaq «

sisa} onel Ajigeqoud [enuanbas «
10J3U02 SS3204d [BI1ISIEIS *
sasAjeue [enuanbas

suoneoijdde

AK1an02s1p 9a1y-sisayiodAy Joy seniunyoddQ e
ueaSaal] se yans sayoeoldde

ybno.yy s1dasuoa eatunfd Buowe sdiysuorre|as
[ea1youelaly Juaiayul abesans) 0} sanunyoddo «
sadA} eyep asianlp

10 uoirelBaiul pue Buipunojuod feuoisuswip-ybiy
ssalppe 01 e1ep YHI JO ypeaid ay} 4o asn poddng «

sayoro.idde [euonipes ‘ajdwis ueyy

s1aselep Jabire| asinbas Aew spoyisw Aibuny eleq
slap|oyaxels

Aoy Aq aour1dadoe aanpal Aew Alljigeriodsuel) Inoge
SUJ32U0d pue All[1geladiaiul [8pou JO SUOIENWIT «
sasAjeue

Anjeuoniodoidsip pue uoissalbal 0} pasedwod
$1502 uolreIndwod pue Ajxajdwod JaybiH «
aouew.oylad

aAneledwod 4o aduspIAe panwi| Buipiaoid
‘swyiioB[e awes ay) PaJapIsu0d aAey SAIPNIS Ma- «

suonoeIaUIl
pue suoieId0sse Jeauljuou Buijgeus Aq
Buipunojuod euoisuawiIp-ybiy ssaippe SPOYIBIA «
suoirealjdde A1an00s1p pue uaALIp-sisaylodAy
a|qeua spoylaw pasialadnsun pue pasiAIedng e
Burutes| 01 yoroidde uanLp-ereq «

(ueagaall)

J1ISITeIS UBIS paseq-9ai] e
S3|NJ UOITRIJ0SSY »
A13n09s1p uiened |eiodwa] e
Buuaisn|D «

SYJ0MIBU [eIN3N o

$1S810} Wopuey «

Buiuiw

e1ep pue Bulules| aulydeN

suonyeol|dde A18n09s1p 8a14-s1S8Y10dAyY Jo} enuarod
wbnyby (Svm-1aQ “69) ssoueApe sy
Aoennd Bunosloud ajiym syaselep Jabire| abesans|
PIN02 SWaisAs yieay sso1de sasAfeue panguisiq «
Buipunojuod

Jeuoisuswip-ybiy ssaippe 03 elep YHI JO yipeaiq
ayy abesana] pjnod uonezirenfial Jo asn pasealou] «

jusunsnipe Bunsal

aldn|nw aAneAIasu0d asn Jo Busa) ajdinw 1oy
102309 10U 0p Aj[ea1dA) suoeIuBWB|dWI JUBLIND »
SoNs18)oe Ry Jualied Jo Jaquinu

paliwi| e 1o} |0J1U0D USYO SuoneIuBWa|dWI ULIND «
Ajreaurjuou pue suonoeisul Buipnjoul

‘SUOIIBIDOSSE |[E JO Uonezlalawesed saiinbay «

Buipunojuod awos

10} 103U09 AJjea1dA} suoneuaws|dwi JUaLINY o
sasAeue pangLisip

EBIA P8JONPU0d 8¢ PIN0d spoylaw Auel «
juswia|dwi 03 1se} pue ajdwis «
AbBojoiwapidaodeweyd

pue adue|ibinodeweyd Buipnjoul ‘suonedijdde
[e21pawWIoIq Ul Jeljiwey SPOUYIBIA «

uoissaifial X0 «

uoIssalbal uosslod «
uoissaifal onsiboT «
Burjapow paseq-uoissaibay

suonebnsanul xajdwod

‘pa|Ie1ap aJow ayeAnow 0} uofjelauab sisaylodAy pue
Buruaalos feniul apiaoad pinod sayoeosdde ajdwis «
Aoenud Bunoaloid ajiym siaserep Jebie| abesans|
PIN0J SWwalsAs yieay sso1e sasAeue panguisiq «
Buipunoyuod feuoisuawiIp

-ybiy ssaippe 03 elep YHI J0 Yipealq ay) abesans)
pIN02 spoylaw 8109s Aysuadold Jo asn pasealou] «

jusunsnipe Bunsal

a1dnnw aAIeAIaSUOD asn 1o Bunsal ajdinw 1oy
1023U09 10U 0p Aj[ea1dA) suoneIuBWB|dWI JUBLIND «
S13puUNoJuU02

10 Jaquinu paliwi| e Joy |0J3u0d Jo Buipunojuod 1oy
10J3U03 03 193]63u U0 suoleIUBWA AW JUBLIND o

sasAJeue panqLisip

EBIA P8JONPU0I 8¢ PIN0J spoylaw AUel «
juswiajdwi 03 1se pue ajdwis «

suodal snoauejuods Buisn swresboad
aoue|IbinodewIeyd Ul Jeljiwe) SPOYIBIA «

SOI7el 81eJ pUE SYSII SAIR|aY o
ueaw

oLawoab sakeg [eoudwy «
J3)UIIYS UOSSIOd BWWES) o
onjes Buniodal jeuonodold «
solyes sppo Bunioday «
sisAjeue Ayjeuoniodoidsig

elep YyH3 Ul
uoiredynnuapi [eubis buloueape Joj saniunlioddo

suoielw| pue sabus|ieyd

sabejuenpy

sajdwexa a1y19ads
pue sseo [ea1fojopoyrsin

"uolyealyuapl

[eubis A1ajes paseq-yH3 adueApe 0] sailunyoddo pue ‘sabusjeyd ‘sabeiueape Bunybijybiy ‘saipnis pamainai ul pakojdws spoylaw Jo Arewwns

Author Manuscript

‘v alqeL

Author Manuscript

Author Manuscript

Author Manuscript

available in PMC 2024 December 12.

Drug Saf. Author manuscript



	Abstract
	Introduction
	Methods
	Data sources and search strategy
	Study selection
	Data extraction

	Results
	Study designs
	Analytic Methods
	EHR Components
	Integration with Spontaneous Reporting Data
	Statistical considerations

	Discussion
	Analytic Methods
	Data
	Temporal and Statistical Considerations
	Other Limitations of Current Work
	Recommendations

	Conclusion
	References
	Fig 1
	Fig 2
	Fig 3
	Table 1.
	Table 2.
	Table 3.
	Table 4.

