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Abstract

Background Methodological research to evaluate the

performance of methods requires a benchmark to serve as a

referent comparison. In drug safety, the performance of

analyses of spontaneous adverse event reporting databases

and observational healthcare data, such as administrative

claims and electronic health records, has been limited by

the lack of such standards.

Objectives To establish a reference set of test cases that

contain both positive and negative controls, which can

serve the basis for methodological research in evaluating

methods performance in identifying drug safety issues.

Research Design Systematic literature review and natural

language processing of structured product labeling was

performed to identify evidence to support the classification

of drugs as either positive controls or negative controls for

four outcomes: acute liver injury, acute kidney injury, acute

myocardial infarction, and upper gastrointestinal bleeding.

Results Three-hundred and ninety-nine test cases com-

prised of 165 positive controls and 234 negative controls

were identified across the four outcomes. The majority of

positive controls for acute kidney injury and upper gas-

trointestinal bleeding were supported by randomized clin-

ical trial evidence, while the majority of positive controls

for acute liver injury and acute myocardial infarction were

only supported based on published case reports. Literature

estimates for the positive controls shows substantial vari-

ability that limits the ability to establish a reference set

with known effect sizes.

Conclusions A reference set of test cases can be estab-

lished to facilitate methodological research in drug safety.

Creating a sufficient sample of drug-outcome pairs with

binary classification of having no effect (negative controls)

or having an increased effect (positive controls) is possible
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and can enable estimation of predictive accuracy through

discrimination. Since the magnitude of the positive effects

cannot be reliably obtained and the quality of evidence

may vary across outcomes, assumptions are required to use

the test cases in real data for purposes of measuring bias,

mean squared error, or coverage probability.

1 Background

Drug safety assessment encompasses all scientific and data

gathering activities relating to the detection, assessment,

and understanding of adverse events of medical products

through the product lifecycle [1]. Findings from random-

ized clinical trials, observational studies, and spontaneous

adverse event reporting may all contribute to the evidence

base for the safety profile of a product, but each source has

its own unique limitations. A key challenge faced by the

medical community is determining when the evidence is

sufficiently compelling to influence the belief of whether or

not the drug has a causal effect on the outcome. The ‘truth’

about a causal effect is generally unobtainable, but the

question becomes ‘‘when can evidence about an associa-

tion be appropriately used to draw a causal inference [2]?’’

One component necessary to addressing this question is a

full understanding of the validity of the evidence that is

generated. When we see evidence from a particular source,

how often is that evidence indicative of a positive causal

effect and how often could that evidence be observed when

no such effect exists? In an ideal world, guidance that was

grounded in empirical evidence would be available for

evaluating information for all sources, such that observing

specific levels of information would be known to provide

definitive support of the causal effect and other findings

would be known to be sufficient for supporting definitive

conclusions that an effect could be ruled out.

In practice, when evaluating drug safety issues, findings

from any one source are rarely definitive in either direction.

Randomized, placebo-controlled clinical trials are often

thought of as the gold standard in estimating true causal

effects, and evidence from trials is highly regarded when

available. However, most clinical trials apply specific

inclusion/exclusion criteria for patient selection to improve

the study’s internal validity, but may limit the generaliz-

ability of study findings to the general population. Moreover,

randomized trials are often underpowered for studying

adverse events which are not frequently occurring, and often

follow patients for a limited duration which may not reflect

the entire time-at-risk [3]. Evidence from non-randomized

observational studies and spontaneous adverse event

reporting can complement knowledge gained from clinical

trials, but the degree to which the evidence from these

sources is consistent with ‘truth’ is not well understood.

Part of the challenge in evaluating the consistency of

evidence with ‘truth’ is first establish a ‘ground truth’ set

that can be used to retrospectively measure the perfor-

mance of specific information sources. As data mining

algorithms for spontaneous adverse event reporting dat-

abases were developed, several efforts to define a ‘ground

truth’ reference set were performed to support methods

evaluation. Lindquist et al. evaluated the performance of

the Bayesian Confidence Propagation Neural Network

based on the Martingdale and Physician Desk Reference

compendium of drug information [4]. Hauben and Reich

[5] compared the performance of proportional reporting

ratio (PRR) and the multi-item gamma Poisson shrinker

(MGPS) algorithms by defining positive controls based on

label changes observed on MedWatch in 6 months in 2001.

Hochberg et al. [6], selected 27 drugs and classified

adverse events based on level of evidence from product

labeling and literature review, and used this reference event

database to evaluate three algorithms.

There is increasing interest in the use of observational

healthcare databases, such as administrative claims and

electronic health records, as part of an ‘‘active postmarket risk

identification and analysis system’’. This interest has moti-

vated the systematic application of existing designs [7–10] as

well as the development of new statistical methods [11–13]

and prompted the need for large-scale evaluation of the per-

formance of observational analyses. The Exploring and

Understanding Adverse Drug Reactions (EU-ADR) project

conducted a methodologic experiment that examined the

predictive accuracy of three classes of observational methods

[14]. To enable their work, the team identified up to 5 positive

and negative controls for 10 outcomes based on literature,

spontaneous reporting, and clinical adjudication [15].

In its initial experiments, the Observational Medical

Outcomes Partnership (OMOP) evaluated the performance

of eight different methods using 53 drug-outcome pairs

which were classified as 9 positive controls and 44 negative

controls on the basis of product labeling and expert con-

sensus [16, 17]. These test cases reflected a variety of

relationships between the drug and outcome: outcomes

with high or low background prevalence in the population

(such as myocardial infarction vs. acute liver failure);

outcomes that would likely occur acutely after drug

administration (e.g., angioedema) versus those expected to

have a delayed onset. Although the studies using the 53

drug-health outcome of interest [18] pairs provided valu-

able insights, a primary finding from this methodological

work was that a much larger pool of test cases is necessary

to more fully explore the interaction between data and

analysis, and how performance may vary by drugs and

health outcomes of interest. In this manuscript we describe

the construction of a broader set of test cases for use in

drug safety methodological research.
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2 Methods

Four health outcomes of interest were selected for this

analysis: acute myocardial infarction (AMI), acute kidney

injury (AKI), acute liver injury (ALI), and upper gastro-

intestinal bleeding (UGIB). Four outcomes were chosen

from among the original 10 outcomes studied in past

OMOP experiments due to stakeholder interest in restrict-

ing focus on fewer outcomes to allow for deeper explora-

tion within each outcome. The specific outcomes were

selected because they have shown to be priority events of

importance to pharmacovigilance activities [19], and each

reflects different challenges to drug safety surveillance.

Acute myocardial infarction is an outcome with a high

background rate in the general population, and for which

most observed events are not attributable to medical

product exposure. Products associated with AMI com-

monly have events observed during randomized trials in

development, but residual concerns remain due to the

modest effect size (e.g. relative risk\2) which the trials are

often not adequately powered to detect. Acute kidney

injury is an important outcome for post-market drug sur-

veillance since the kidney is a primary pathway for drug

elimination, and while renal function is extensively moni-

tored in pre-clinical and phase 1 studies, patients with pre-

existing renal conditions are often excluded during late-

stage drug development. AKI is inconsistently defined, and

drug-induced cases can be difficult to distinguish among

patients with renal impairment or progressing with chronic

kidney disease, so pharmacovigilance activities commonly

rely on both spontaneous reporting and strong pharmaco-

logical knowledge. Acute liver injury is regarded as a

sentinel adverse event due to the liver’s role in metabo-

lizing drugs and the seriousness of consequences if hepatic

function is impaired. Hepatotoxicity is the main reason for

post-market product withdrawal, but because the incidence

of drug-induced liver injury is low and proper diagnosis

can be challenging [20], spontaneous adverse event

reporting has been the primary mechanism to detect drug-

related effects. Upper gastrointestinal bleeding is an out-

come that has been extensively studied in pharmacoepi-

demiology, in part because drug-induced ulceration is

sufficiently prevalent and the consequences are often seri-

ous enough to warrant healthcare encounters that are cap-

tured in many observational databases.

For each outcome, we attempted to define a broad set of

positive controls, or drugs that are suspected to have a

causal effect on the outcome, and a broad set of negative

controls, or drugs for which there is no evidence of a causal

relationship. This classification is based on available evi-

dence from product labeling and systematic review of the

literature. Figure 1 illustrates the criteria imposed to define

the positive and negative control test cases.

To identify candidate positive controls, product labeling

information was extracted from 5,333 structured product

labels (SPLs) available from the FDA’s DailyMed website

through January 22nd, 2011 (http://dailymed.nlm.nih.gov).

Duke et al. developed a software tool, known as the

Structured Product Label Information Coder and Extractor

(SPLICER) that uses natural language processing (NLP) to

extract adverse event data from each section within the

SPLs [21]. A previous study of its performance on 100

labels showed a recall of 92.8 % and a precision of 95.1 %

[22]. All adverse events extracted from SPLs were mapped

into Medical Dictionary for Regulatory Activities (Med-

DRA�) terms. For each outcome, we produced a list of

potential MedDRA terms that would fall within the out-

come definition [23]. Drugs were identified as candidate

positive controls if one or more of the MedDRA terms for

an outcome appeared in either a Black Box Warning or was

Fig. 1 Inclusion/exclusion

criteria for positive and negative

controls. SPL refers to the

Structured Product Label of the

drug of interest, Tisdale refers

to Tisdale’s literature review.

Positive literature indicates the

set of cases with at least one

article confirming the existence

of a causal relationship.

Negative literature indicates the

set of cases with at least one

published study that was

sufficiently powered but found

no relationship between the

drug and outcome
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present in both the ‘Warnings and Precautions’ section and

‘Adverse Reactions’ section of a product label for the

active ingredient. The candidate list was further refined

through manual review to minimize misclassification from

the automated processes. All candidate positive controls

were evaluated at the active ingredient level, without

consideration of differential effects at different dose levels

or in specific formulations. Events attributed to drug–drug

interactions were excluded. Additional details about the

natural language processing for adverse event label

extraction is provided elsewhere [24].

We compared the candidate positive controls identified

through product labeling with those identified as causative

agents from the systematic literature reviews provided by

Tisdale et al. [25]. These reviews also provide a grading

(‘A’, ‘B’, or ‘C’) of the level of evidence used to support

the assessment of the product being considered a causative

agent, where ‘A’ indicates evidence from one or more

randomized controlled clinical trials, ‘B’ signifies support

from nonrandomized clinical trials, prospective observa-

tional studies, cohort studies, retrospective studies, case-

control studies, meta-analyses, and/or postmarketing sur-

veillance studies, and ‘C’ cites evidence from one or more

published case reports or case series. All levels of evidence

were sufficient for preserving the candidate as a positive

control test case. We used Tisdale’s review of causative

agents of angina pectoris, myocardial ischemia, and acute

coronary syndrome to filter the list of candidate labeled test

cases for acute myocardial infarction. To assess acute

kidney injury, we used the assessment of drug-induced

kidney injury resulting from renal hemodynamic altera-

tions, acute tubular necrosis, acute interstitial nephritis,

nephrolithiasis, or glomerulonephritis. Tisdale’s review of

causative agents for hepatic and cholestatic disease pro-

vided the basis for evaluating drugs that are associated with

liver injury. The Tisdale review used for upper gastroin-

testinal bleeding included causative agents for upper gas-

trointestinal ulceration and esophageal damage, but

excluded drugs with non-specific bleeding risks such as

anticoagulants and antiplatelet medications.

We (SV, AH) conducted an independent literature

review using PubMed� identified randomized trials and

observational studies published from 1990 through 2011

whose primary outcome was one of the four adverse events

of interest. This search was conducted to allow us an

additional attempt to identify conflicting evidence that

would potentially cast doubt on the classification of a drug-

outcome relationship, and to allow us to extract study-

specific information from each publication. Initial PubMed

searches used the following Medical Subject Headings

(MeSH) terms: ‘Drug-Induced Liver Injury’, ‘Acute Kid-

ney Injury’, ‘Myocardial infarction’, ‘Gastrointestinal

Hemorrhage’, each using MeSH subheadings of

‘chemically induced’, ‘etiology’, and ‘epidemiology’.

These were followed by narrow searches based on specific

drugs or drug classes in combination with the outcomes in

an attempt to identify related articles. The information

gathered from each article included type of study, drug

class and/or specific drug, confounding variables and

control methods, latency period, and association measures

(point estimate and associated 95 % confidence interval).

The independent literature review was not used to

identify candidate positive controls, only to restrict the list

of candidates that previously arose from product labeling

and the Tisdale review. Drugs were excluded from con-

sideration as positive controls if one or more studies pro-

duced conflicting evidence, as defined by a point estimate

of the relative risk B1 (negative literature). Candidate

positive controls based on product labeling and the Tisdale

review for which we did not identify any published studies

in our independent review were not excluded. True pro-

tective effects of products were not eligible as candidates

for positive controls, because only increased risks were

considered. The results section touches upon the consis-

tency of effect estimates among positive controls with

multiple published studies.

The same information sources (product labeling, Tis-

dale review, literature search) were used to define negative

control test cases where there was no available evidence

to suggest a causal effect of the drug on the outcome. We

evaluated all active ingredients from the SPLs as candi-

date negative controls. We eliminated all products with an

occurrence of any condition within the MedDRA high-

level term of the target outcome in any section of any

product label. For example, to be considered a negative

control for ‘acute myocardial infarction’, a product could

not contain any condition related to ‘Ischaemic coronary

artery disorders’, such as ‘acute coronary syndrome’,

‘myocardial ischemia’, ‘chest pain’, and ‘unstable angina’.

We further excluded candidate negative controls if they

were listed as causative agents in the Tisdale reviews for

the outcomes. Finally, we eliminated drugs for which we

identified conflicting evidence in the published literature,

based on one or more randomized trials or population-

based observational studies with point estimate [1 (posi-

tive literature). Case reports were not deemed sufficient

evidence of positive literature to warrant exclusion of a

negative control. Among those drug-outcome pairs meet-

ing all negative control criteria, we sampled those drugs

which were either classified as a positive control for a

different outcome or satisfied the negative control criteria

for at least three outcomes.

We restricted our positive and negative control test cases

to those products that have at least one person exposed in

each of the five observational databases that OMOP

licensed for its experiments: MarketScan� Lab
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Supplemental (MSLR, 1.2 m persons), MarketScan�

Medicare Supplemental Beneficiaries (MDCR, 4.6 m per-

sons), MarketScan� Multi-State Medicaid (MDCD, 10.8 m

persons), MarketScan� Commercial Claims and Encoun-

ters (CCAE, 46.5 m persons), and the General Electric

CentricityTM (GE, 11.2 m persons) database. GE is an

electronic health record (EHR) database, the other four

databases contain administrative claims data. Additional

detail about each database is available elsewhere in this

Supplement [26]. This criterion was imposed simply to

ensure the drug was observable in our databases, that is,

they had an associated NDC and/or HCPCS code that was

current with the reference period for this analysis. All

medical products that were vaccines or were only admin-

istered as ophthalmologic or topical routes of administra-

tion were excluded, along with positive and negative

control drugs for which we could not identify a comparator

drug with the same indication, as defined algorithmically

using the OMOP vocabulary [27].

Once the reference set was constructed, we computed

for each test case and every database the minimum

detectable relative risk (MDRR), that is the smallest rela-

tive risk that can be detected at an alpha of 0.05 and

requiring statistical power of 0.80 [28], and determined the

number of controls with MDRR B1.25. This analysis was

performed to assess how many of the test cases within each

outcome would have sufficient sample size with adequate

power in each database to be able to be studied in our

methodological evaluations. MDRR B1.25 was selected as

a fairly stringent threshold on the basis that the recent

product withdrawal of rosiglitazone was informed by a

meta-analysis whose point estimate for the risk of myo-

cardial infarction was OR = 1.28 [29]. The prevalence of

each outcome within each database is presented as context

for evaluating the MDRR threshold, based on outcome

definitions described elsewhere [30].

3 Results

Table 1 provides the list of all test cases, with associated

published evidence. In total, we identified 165 positive

controls and 234 negative controls. A complete listing of

the test cases is available in Appendix 1 in ESM. In

addition to providing the drug-outcome pair with ground

truth classification of ‘positive’ or ‘negative’, Appendix 1

in ESM includes the URL to the structured product label

that contained warning for positive controls, the level of

evidence assigned by Tisdale et al. [25], attributes about

the drug [including Anatomical Therapeutic Chemical

(ATC) classification system, primary indication, and pri-

mary comparator drug used when evaluating the new user

cohort design], and for each database, provides the number

of exposed patients, average length of exposure, and min-

imum detectable relative risk.

The total number of positive controls and negative con-

trols per outcome is shown in Fig. 2 in the leftmost bars. For

every outcome more than 80 test cases were identified, with

at least 20 positive and negative controls. For all outcomes

except acute liver injury, there were more negative controls

than positive controls. For each database, Fig. 2 also shows

the number of test cases available for use in evaluations

after imposing the restriction that the minimum detectable

relative risk B1.25. A large sample of test cases was pre-

served for most database-outcome scenarios, although when

studying acute renal failure in MSLR and GE we are limited

to fewer than 10 positive and negative controls, thereby

increasing the uncertainty of the evaluation metrics. Table 2

provides prevalence of each of the four outcomes across the

5 database and shows that the acute renal failure is the least

commonly occurring outcome.

Table 3 shows the level of evidence identified by Tisdale.

While acute liver injury had the largest total number of

positive controls, it had the fewest number of test cases

supported by evidence from randomized trials. Sixty-nine

percent of test cases for acute liver injury were only sup-

ported by case reports or case series. In contrast, the majority

of test cases for acute kidney injury (13/24) and upper GI

bleeding (15/24) were supported by randomized trials. This

is largely due to the prevalence of trial evidence around non-

steroidal anti-inflammatory drugs (NSAIDs), which account

for many of the test cases for these two outcomes.

Figure 3 highlights the range of effect estimates observed

from publications identified for a test case in each outcome.

The full list of estimates extracted from the literature is

available in Appendix 2 in ESM. For erythromycin and its

relation to acute liver injury, we identified three published

studies; de Abajo et al. [31] and Carson et al. [32] provided

estimates from case-control studies that were largely con-

sistent, but with wide confidence intervals suggesting the

effect could only be bound between RR = 1.5 and RR = 20.

Sabate et al. [33] published a cohort study that suggested the

effect size could be even larger, but also with substantial

uncertainty around the estimate. Three studies of the effect of

indomethacin and acute myocardial infarction suggest the

effect estimate is likely less than RR = 2 [34–36]. Three

case-control studies that assessed the effect of naproxen on

acute kidney injury showed substantial heterogeneity, with

Griffen et al. [37], suggesting essentially no effect, Schneider

et al. [38] highlighting a significant effect with RR\3, and

Huerta et al. [39] producing a non-significant estimated

effect with RR [3. Multiple studies highlighted a positive

and statistically significant association between sertraline

and upper GI bleeding but a published meta-analysis could

only bound the purported effect between RR = 1.44 and

RR = 3.85 [40].

S40 P. B. Ryan et al.



Fig. 2 Number of positive and negative controls. MDRR minimum

detectable relative risk, MSLR MarketScan Lab Supplemental, MDCD

MarketScan Multi-state Medicaid, MDCR MarketScan Medicare

Supplemental Beneficiaries, CCAE MarketScan Commercial Claims

and Encounters, GE GE centricity

Table 2 Prevalence of four outcomes across five databases

Condition group
name

CCAE MSLR MDCD MDCR GE

Persons
with event

Prev
(%)

Persons
with event

Prev
(%)

Persons
with event

Prev
(%)

Persons
with event

Prev
(%)

Persons
with event

Prev
(%)

Acute kidney

injury

114,472 0.2 7,403 0.6 97,910 0.9 201,769 4.4 12,553 0.1

Acute liver injury 1,235,711 2.7 63,505 5.2 274,723 2.5 264,122 5.8 186,677 1.7

Acute myocardial

infarction

731,792 1.6 39,767 3.2 221,926 2.1 665,396 14.6 140,335 1.3

Upper GI bleeding 782,127 1.7 32,935 2.7 206,906 1.9 342,937 7.5 108,882 1.0

Prev prevalence, MSLR MarketScan Lab Supplemental, MDCD MarketScan Multi-state Medicaid, MDCR MarketScan Medicare Supplemental

Beneficiaries, CCAE MarketScan Commercial Claims and Encounters, GE GE centricity

Table 3 Level of evidence for

positive control test cases
Tisdale level of evidence Acute

liver
injury

Acute
kidney
injury

Acute
myocardial
Infarction

Upper
gastrointestinal
bleeding

Total

A: evidence from one or more

randomized controlled clinical trials

6 13 16 18 53

B: support from nonrandomized clinical

trials, prospective observational studies,

cohort studies, retrospective studies,

case-control studies, meta-analyses,

and/or postmarketing surveillance

studies

19 8 0 5 32

C: evidence from one or more published

case reports or case series

56 3 20 1 80

Total 81 24 36 24 165
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4 Discussion

Proper evaluation of drug safety questions requires scien-

tific evidence to form the basis for medical and regulatory

decision-making. In order to interpret emerging evidence

about safety concerns where beliefs about the potential

causal effect are not fully established, it is important to first

understand the expected accuracy of the information

source. Most researchers have a qualitative notion of a

hierarchy of evidence, with randomized trials representing

the highest quality of information, case reports providing

the weakest objective evidence, and population-based

observational studies falling somewhere in between.

However, there is no formal quantitative assessment of the

hierarchy of evidence that provides clear empirical guid-

ance on the degree to which complementary data sources

can accurately inform decision-making. Such a quantitative

summary would require measuring the performance of

study designs by comparing estimated effects with some

pre-defined ‘gold standard’ benchmark.

This paper describes the steps taken in the OMOP

research program to establish a reference set of positive

controls and negative controls that can serve as that

benchmark. Our work complements the efforts of others to

construct reference sets to facilitate methodological

research, but is unique in attempting to provide a com-

prehensive positive control set for specific outcomes of

interest in conjunction with a large set of negative controls.

The 399 test cases developed in this effort represent the

largest known reference set for evaluating methods devel-

opment for studying. This large reference set should enable

broad evaluation across outcomes, as well as in-depth

investigations of performance within specific events, and

should yield additional insights about specific circum-

stances of interest.

While our motivating objective was comprehensiveness,

we applied highly restrictive criteria to selecting positive

controls and negative controls in an attempt to minimize

the risk of misclassification amongst the test cases. Mis-

classification may still exist, as evidence supporting the

assertion of a positive control could be incorrect. It has

been shown that product labeling can be inconsistent across

manufacturers within the same product [41]. Moreover,

while we eliminated all test cases where we observed any

conflicting evidence in the literature that was contrary to

the product label, it is possible that test cases that had

consistent support for a positive effect was the manifesta-

tion of a common bias across the evidence sources. We did

not independently grade the quality of evidence available

for all test cases, instead relying on the systematic review

previously conducted by Tisdale. Given that the motivation

for creating the reference set is to study the performance

characteristics of observational studies which are not yet

fully understood, it is possible that the conflicting evidence

we identified is based on poor quality studies which are

unnecessarily limiting our sample of positive and negative

controls. Moreover, absence of evidence for a negative

control cannot be interpreted as definitive evidence of

Fig. 3 Published estimates from selected positive controls
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absence. The wide evidentiary separation using this ‘all or

nothing’ approach to selecting positive and negative con-

trols may in fact result in methods evaluations that are

optimistically biased, since the test cases do not include as

many drug-outcome pairs with smaller effects or those

which are more ambiguous with conflicting evidence from

multiple sources.

In the ideal world, a reference set for drug safety would

not only provide a binary indication of positive effect or no

effect, but would also provide a measure of the true effect

size. Having a true effect size would broaden the available

approaches that could be taken to evaluate methods per-

formance, where methods estimate the effect through

measures of association. With a binary classification of

ground truth, methods evaluation is limited to measures of

discrimination, such as area under receiver operating

characteristic curve [42]. With a true effect size, methods

evaluation can be expanded to include measures of accu-

racy, such as bias and mean squared error, and calibration,

such as coverage probability. The results of our literature

review illustrate that for the positive controls, while we

may safely assume that the true effect is positive, we

cannot assign a specific ‘true RR’ value. The literature

shows how the variability in the estimates for the same

positive controls, and how much uncertainty exists around

each estimate. For negative controls, because there is no

evidence suggesting an effect, we can only assume the true

RR = 1 with the acknowledgment we cannot validate the

accuracy of this assumption. These practical challenges in

defining a reference set highlight the value of comple-

menting methods evaluations in real-world databases with

studies in simulated dataset where reference sets can be

artificially constructed with known effect sizes.

Underlying the use of a reference set for methods

evaluation is the assumption that negative controls are

exchangeable with positive controls. When measuring a

method’s ability to distinguish between positive and neg-

ative controls, we want the only differentiation between the

test cases to be their true effect size, much in the same way

that we measure the efficacy of a treatment based on ran-

domization of patients such that the only differentiation

between the treatment groups is the exposure status. In

practice, we observe asymmetry between positive and

negative controls. For example, drugs identified as positive

controls tend to be more commonly used, have a longer

average duration of exposure, and are used to treat more

serious diseases than the drugs identified as negative con-

trols. This imbalance is due in part to the non-random

process used to select test cases, as evidence to support

positive controls is more likely to be identified among

prevalent drugs with large public health impact which are

more likely to be studied by the broader research

community. It also can be attributed to the inherent benefit-

risk tradeoffs associated with medical treatments; drugs that

are suspected to cause serious harms—such as myocardial

infarction, renal impairment, or hepatic damage—need to

demonstrate sufficient clinical benefits for important indi-

cated diseases to offset those risks, while treatments for

less severe diseases are more likely to be well tolerated

with fewer side effects. Any of these differences between

positive and negative controls may influence the degree of

confounding differentially observed among the test cases,

and could potentially bias the measure of discrimination

used in methods evaluation. In methodological experi-

ments, one way to attenuate this potential bias is to restrict

the test cases to those pairs with sufficient sample size. In

Fig. 2, we highlighted the database-specific consequences

of limiting test case to those with MDRR B1.25. This

threshold should not imply that effect estimates of that

magnitude should be necessarily deemed as credible, but

merely that sample size should not present a major con-

sideration or limitation when assessing the performance of

methods. Eliminating the potential source of error due to

insufficient sample within each drug-outcome pair comes

with the reduced precision of the performance measure-

ment, due to smaller sample of test cases used in the

evaluation. Another limitation of restricting test cases on

MDRR is that the results of a methodological evaluation

may not be as generalizable to situations where drugs are

less commonly prescribed or for newly marketed products

where exposures have not yet accumulated. Other thresh-

olds, such as MDRR B2.0 may be considered as some form

of compromise in this regard, but may result in observing

lower predictive accuracy due to data size limitations.

Coloma et al. [43] and Reich et al. [44] provide thoughtful

discussion about why sample size requires further consid-

eration when developing an risk identification system.

The utility of evidence from methods evaluation using a

reference set rests with the belief that the drug-outcome

scenarios represented by the sample of positive and nega-

tive controls used in retrospective evaluation can be gen-

eralized to the future drug-outcome association of interest.

This reference set is limited to its focus on four outcomes.

It can be used to study the performance within these out-

comes, but results may not generalize to other outcomes of

interest. Since becoming available, this reference set has

been applied to study the performance of alternative

methods for risk identification in observational healthcare

data [45–52] as well as in a systematic evaluation of dis-

proportionality analysis methods applied to a spontaneous

adverse advent reporting database by Harpaz et al. [53]. In

both bodies of work, substantial differences in methodo-

logical performance was observed across outcomes. This

may not be unexpected given the inherent differences in the
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biological and clinical presentations of the outcomes

themselves and the differential challenges in identify drug-

induced events through the medical product development

lifecycle. It may also point to inconsistent confidence in the

classification of test cases across the outcomes based on the

variable quantity and quality of evidence available for

defining positive and negative controls. Despite these

limitations, the process followed to generate the test cases

for these four outcomes may be able to be replicated to

additional outcomes of interest. For example, Tisdale et al.

[25], offers systematic literature reviews for 11 additional

events of importance: convulsions, extrapyramidal disor-

ders, depression, pancreatitis, thrombocytopenia, neutro-

penia, aplastic anemia, venous thromboembolism,

anaphylaxis, peripheral neuropathy, and Stevens Johnson

Syndrome. The use of NLP to extract adverse events from

structure product label could easily be extended to other

outcomes once definitions were established. Thus, the

reference set provided could be regarded as the starting

point within an evolving landscape to expand our evidence

base for drug safety research.

5 Conclusions

Establishing a comprehensive reference set, across a large

array of health outcomes, would be a tremendous public

utility that could provide a strong foundation and stimulate

expanded research and development within the methodol-

ogy community for years to come.
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4. Lindquist M, Ståhl M, Bate A, Edwards IR, Meyboom RH. A

retrospective evaluation of a data mining approach to aid finding

new adverse drug reaction signals in the WHO international

database. Drug Safety. 2000;23(6):533–42.

5. Hauben M, Reich L. Safety related drug-labelling changes:

findings from two data mining algorithms. Drug Safety.

2004;27(10):735–44.

6. Hochberg AM, Hauben M, Pearson RK, O’Hara DJ, Reisinger SJ,

Goldsmith DI, et al. An evaluation of three signal-detection

algorithms using a highly inclusive reference event database.

Drug Safety. 2009;32(6):509–25.

7. Ray WA. Evaluating medication effects outside of clinical trials:

new-user designs. Am J Epidemiol. 2003;158(9):915–20.

8. Schneeweiss S, Rassen JA, Glynn RJ, Avorn J, Mogun H,

Brookhart MA. High-dimensional propensity score adjustment in

studies of treatment effects using health care claims data. Epi-

demiology. 2009;20(4):512–22.

9. Woodward M. Epidemiology study design and data analysis.

London: Chapman & Hall/CRC; 1999.

10. Whitaker H. The self controlled case series method. BMJ

2008;337:a1069. http://dx.doi.org/10.1136/bmj.a1069.

11. Norén N, Hopstadius J, Bate A, Star K, Edwards IR. Temporal

pattern discovery in longitudinal electronic patient records. Data

Min Knowl Discov. 2010;20(3):361–87.

12. Schuemie MJ. Methods for drug safety signal detection in lon-

gitudinal observational databases: LGPS and LEOPARD. Phar-

macoepidemiol Drug Saf. 2011;20(3):292–9.

13. Ryan PB, Powell GE, Pattishall EN, Beach KJ. Performance of

screening multiple observational databases for active drug safety

surveillance. Poster presented at the 25 annual meeting of the

International Society of Pharmacoepidemiology, Providence,

Rhode Island, 16–19 August 2009.

14. Schuemie MJ, Coloma PM, Straatman H, Herings RM, Trifirò G,
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