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Abstract

Background Considerable attention now focuses on the

use of large-scale observational healthcare data for under-

standing drug safety. In this context, analysts utilize a

variety of statistical and epidemiological approaches such

as case–control, cohort, and self-controlled methods. The

operating characteristics of these methods are poorly

understood.

Objective Establish the operating characteristics of the

case–control method for large scale observational analysis

in drug safety.

Research Design We empirically evaluated the case–

control approach in 5 real observational healthcare dat-

abases and 6 simulated datasets. We retrospectively studied

the predictive accuracy of the method when applied to a

collection of 165 positive controls and 234 negative controls

across 4 outcomes: acute liver injury, acute myocardial

infarction, acute kidney injury, and upper gastrointestinal

bleeding.

Results In our experiment, the case–control method pro-

vided weak discrimination between positive and negative

controls. Furthermore, the method yielded positively

biased estimates and confidence intervals that had poor

coverage properties.

Conclusions For the four outcomes we examined, the

case–control method may not be the method of choice for

estimating potentially harmful effects of drugs.

1 Background

In 2007, the United States Congress passed the Food and

Drug Administration (FDA) Amendment Act, [1] which

called for the establishment of an ‘‘active postmarket risk

identification and analysis system’’ with access to patient-

level observational data from 100 million lives by 2012 [2].

It is envisioned that such a system would ‘‘use sophisti-

cated statistical methods to actively search for patterns in

prescription, outpatient, and inpatient data systems that

might suggest the occurrence of an adverse event, or safety

signal, related to drug therapy [3].’’ Observational health-

care data, such as administrative claims and electronic

health records, have previously been used to study specific

effects of a particular medical product and subsequent

health outcomes of interest. Recent advances in health

informatics and large-scale analytics have raised the
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potential to expand the use of these same data beyond the

currently reactive and customized one-off investigations of

specific questions to provide a proactive and systematic

process for monitoring all regulated products for a wide

array of health outcomes of interest. To achieve this

objective, several outstanding questions require resolution

before a risk identification and analysis system can be

properly implemented and embedded within safety deci-

sion-making processes, including ‘which analytical meth-

ods to apply?’, ‘which data should be used?’, and ‘how

credible is the evidence from observational analyses?’

Several methods have been proposed for use in a risk

identification system, but little empirical research exists to

inform the expected operating characteristics of these

approaches. For example, how successful are different

methods at discriminating between causal and non-causal

associations? What is the coverage of 95 % confidence

intervals produced by the methods? What level of bias is

typically observed? One such method is the classical case–

control method and the recent medical literature features

many case–control analyses of drug safety issues using

large-scale observational data. We tested the case–control

approach in 5 real observational healthcare databases and 6

simulated datasets, retrospectively studying the predictive

accuracy of the method when applied to a collection of 165

positive controls and 234 negative controls across 4 out-

comes: acute liver injury, acute myocardial infarction,

acute kidney injury, and upper gastrointestinal bleeding.

We estimate how well the methods can be expected to

identify true effects and discriminate between true effects

and true non-effects.

2 Methods

2.1 Overview of the Case–Control Method

The case–control method [2–4] remains one of the most

widely used methods in observational studies of the effects

of drugs. Case–control studies consider the question ‘‘are

persons with a specific condition exposed more frequently

to a specific drug than those without the disease?’’ Thus,

the central idea is to compare ‘‘cases,’’ i.e., individuals that

experience the outcome of interest with (possibly) matched

‘‘controls,’’ i.e., individuals that did not experience the

outcome of interest. The comparison focuses on differential

exposure to the drug of interest in the two groups; greater

exposure amongst the cases than amongst the controls

suggests a possible positive association.

The case–control method was developed in situations

where data on subjects was costly to acquire, and study

budgets did not allow for recruiting and following large

cohorts [5]. Nowadays, case–control studies are typically

nested in a cohort, such as the population in a longitudinal

observational database, where there is little cost in retrieving

data on more subjects. In such databases, the point in time a

case experiences the outcome is referred to as the ‘‘index

date,’’ and exposure is considered on or prior to the index

date. Similarly, the case–control method must select an

index date for each control, and this is typically the same

calendar day as the index date of the corresponding case.

Several design choices must be made when performing a

case–control analysis. In order to ascertain exposure prior

to the index date, the case–control analyses require a

minimum period of observation (MPO) such as 180 days

prior to this date. All patients in the database who did not

experience the outcome represent potential controls. To

create a set of controls for a given case set, standard

practice divides all cases into sub-groups defined by

‘‘matching variables’’ such as sex and age. In our imple-

mentation, for each index date, we randomly select controls

from the pool of potential controls with the same values for

the matching variables who were observed on this index

date and with an observation period that extends at least

MPO days prior to the index date. Each selected control

adopts this index-date as a ‘‘control index-date.’’ Analysts

must choose the number of controls to attempt to match to

each case—5 or 10 controls per case is typical.

A drug contributes to the exposed count for a particular

patient in the case group or control group if the index date

(control index date for a control) falls within some interval

of time related to drug usage. For example, an analyst

might decide that a patient contributes to the exposed count

only if the index date is within 30 days from the drug

initiation date. Or, an analyst might consider index dates

that occur anytime during the drug exposure or within

some time period after the end of the drug exposure. These

time windows reflect a priori beliefs about the temporal

relationship between the exposure and the outcome.

Following Rothman et al. [5] denote by A1 the number

of exposed cases and by A0 the number of unexposed cases.

Similarly denote by B1 the number of exposed controls and

by B0 the number of unexposed controls. The case–control

estimate of effect size is given by the odds ratio:

A1=B1

A0=B0

:

Let T1 denote exposed person-time and T0 be unexposed

exposure time. If the controls are selected independently of

exposure, one would expect B1/T1 to be approximately

equal to B0/T0. Then:

A1=B1

A0=B0

¼ A1= B1=T1ð ÞT1

A0= B0=T0ð ÞT0

ffi A1=T1

A0=T0

;

so that the case–control estimate is approximately equal to

the ratio of incidence rates in the source population. In
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practice, analysts often adjust for potential confounders by

using a logistic regression to estimate the odds ratio. Note

however that because subjects may have been exposed to

the target drug earlier than MPO days prior to the index

date, inadvertently adjusting for ‘‘intermediate variables,’’

i.e., variables on the causal pathway between the target

drug and the target outcome, can occur and thus introduce

another source of bias.

2.2 Additional Features

Our publicly available implementation of the case–control

method includes a number of features such as selecting

controls by matching on visit dates, restricting analysis to

the first occurrence of each drug, nesting within an indi-

cation, and using an option for either conditional logistic

regression or Bayesian logistic regression. When logistic

regression is used for analysis, a number of additional

covariates may be included into the model, for example the

number of drugs that the person has taken, the number of

conditions experienced by the patient, the number of visits,

and/or the Charlson comorbidity index, although we do not

explore these possibilities in what follows [6]. See the

technical specification below for the set of parameters that

pertain to each available option.

2.3 Experimental Design

We used five observational healthcare databases to

evaluate the performance of the case–control approach.

Using multiple databases facilitates performance com-

parisons across different populations and data capture

processes. The databases are: MarketScan� Research

Databases including—MarketScan� Lab Supplemental

(MSLR, 1.2 m persons, MarketScan� Medicare Supple-

mental Beneficiaries (MDCR, 4.6 m persons), Market-

Scan� Multi-State Medicaid (MDCD, 10.8 m persons),

MarketScan� Commercial Claims and Encounters

(CCAE, 46.5 m persons), and the General Electric Cen-

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

electronic health record (EHR) database while the other

four databases contain administrative claims data. We

also constructed a 10 million-person simulated dataset

using the OSIM2 simulator [7] to model the MSLR

database, and replicated this 6 times to allow for injec-

tion of signals of known size (relative risks = 1, 1.25,

1.5, 2, 4, 10). We have provided a more detailed

description of the data elsewhere [8].

We executed the case–control method using all 385

parameter combinations against 399 drug–outcome pairs to

generate an effect estimate and standard effort for each

pair-parameter-database combination. These test cases

include 165 ‘positive controls’—active ingredients with

evidence to suspect a positive association with the out-

come—and 234 ‘negative controls’—active ingredients

with no evidence to expect a causal effect with the out-

come, and were limited to four outcomes: acute liver

injury, acute myocardial infarction, acute renal failure, and

upper gastrointestinal bleeding. The full set of test cases

and its construction is described elsewhere [9]. For every

database we restricted the analysis to those drug–outcome

pairs with sufficient power to detect a relative risk of 1.25,

based on the age-by-gender-stratified drug and outcome

prevalence estimates [4].

2.4 Metrics

The estimates and associated standard errors for all of the

analyses are available for download at: http://omop.org/

Research. To gain insight into the ability of a method to

distinguish between positive and negative controls, we

computed the area under the receiver operating character-

istic curve (AUC), a measure of predictive accuracy [6], for

every analysis. An AUC of 1 indicates a perfect prediction

of which test cases are positive, and which are not. An

AUC of 0.5 is equivalent to random guessing.

Often we are not only interested in whether there is an

effect or not, but would also like to know the magnitude of

the effect. However, in order to evaluate whether a method

produces correct relative risk estimates, we must know the

true effect size. In real data, this true effect size is never

known with great accuracy for positive controls, and we

must restrict our analysis to the negative controls where we

assume that the true relative risk is 1. Fortunately, in the

simulated data sets we do know the true relative risk for all

injected signals. Using both the negative controls in real

data, and injected signals in the simulated data, we com-

pute the coverage probability: the percentage of confidence

intervals that contain the true relative risk. In case of an

unbiased estimator with accurate 95 % confidence interval

estimation we would expect the coverage probability to be

95 %.

Lastly, we are interested in the extent to which each

parameter can influence the estimated relative risk. For

every parameter, we evaluated how much the estimated

relative risk changed as a consequence of changing a single

parameter while keeping all other parameters constant.

3 Results

3.1 Predictive Accuracy of All Settings

Figure 1 shows the predictive accuracy, as measured by

AUC, of all case–control analysis choices across the four

outcomes and five databases. Overall, the case–control

Empirical Performance of the Case–Control Method S75

http://omop.org/Research
http://omop.org/Research


method often has poor performance, with AUCs around or

below 0.5, the equivalent of random guessing. However,

for certain outcome-database combinations, there exist

parameter settings for which the AUC performance

approaches 0.70. These include all acute liver failure and

acute renal failure in GE, AMI and Upper GI bleeding in

MDCR, AMI, acute renal failure and Upper GI bleeding in

MDCD, and acute renal failure in MSLR.

For each outcome-database scenario Table 1 provides

the parameter settings that yielded the highest AUC.

Remarkably, 17 different settings proved optimal and three

scenarios proved optimal in more than one scenario.

Analysis 2000225 proved optimal for both acute liver

injury and acute kidney injury in MDCD, Analysis

2000321 was optimal for upper GI bleeding in MDCD and

acute kidney injury in MDCR, and Analysis 2000219 was

optimal for acute liver injury in MDCR and MSLR.

None of the optimal settings included the index date in

the time at risk and almost all computed the target odds

ratio with Mantel–Haenszel adjustment. The dashed and

dotted lines in Fig. 2 indicate the performance of these top-

performing setting across databases within the same out-

come, showing that the optimal setting for one database

can sometimes perform poorly when used for another

database in the same outcome.

3.2 Overall Optimal Settings

The parameter setting with the best average performance

across the 20 outcome-database scenarios is highlighted in

the shaded grey line in Fig. 1, and represents analysis

2000031. The analyses settings corresponding to 2000031

use up to 100 controls per case, require a 30-day obser-

vation period prior to outcome, define the at-risk period as

30-days from exposure start, and include the index date in

this time-at-risk, use age and sex to match controls, nest

within indication, and compute the effect estimate using

Mantel–Haenszel adjustment for age and sex. This setting

performed well for some outcomes in some databases

although it was never the optimal analysis for any one

database-outcome combination. In the remainder of this

paper we will use 2000031 as the representative setting for

the case–control method.

The Appendix contains the effect estimates for all test

cases across the five databases using this optimal parameter

setting (2000031). To illustrate patterns in these findings,

we discuss four specific test cases, as shown in Fig. 2.

Naproxen is a non-steroidal anti-inflammatory drug

(NSAID), and is known to be associated with upper GI

bleeding [10]. An increased risk was therefore correctly

identified in all five of the databases, although this effect

Fig. 1 Area under ROC curve (AUC) for case–control parameters,

by outcome and database. Each dot represents one of the unique

parameter combination of the case–control method. The solid grey

line highlights the parameter that had the highest average AUC across

all 20 outcome-database scenarios. The dashed lines identify setting

with the highest AUC in at least one database within each

outcome.AUC area under ROC curve, MSLR MarketScan Lab

Supplemental, MDCD MarketScan Multi-state Medicaid, MDCR

MarketScan Medicare Supplemental Beneficiaries, CCAE Market-

Scan Commercial Claims and Encounters, GE GE Centricity
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Table 1 Optimal analysis choices for the case–control method, by database and outcome

Data Acute liver injury Acute renal failure Acute myocardial infarction Upper GI bleeding

CCAE AUC = 0.53 (CC: 2000027) AUC = 0.5 (CC: 2000037) AUC = 0.61 (CC: 2000195) AUC = 0.62 (CC: 2000314)

Up to 10 controls per case Up to 10 controls per case Up to 10 controls per case Up to 10 controls per case

Min. time before outcome:

30 days

Min. time before outcome:

30 days

Min. time before outcome:

30 days

Min. time before outcome:

30 days

Time-at-risk: 30 days from

exp. start

Time-at-risk: 30 days from

exp. start

Time-at-risk: 30 days from exp.

start

Time-at-risk:

exposure ? 30 days

Index date in time-at-risk: no Index date in time-at-risk: no Index date in time-at-risk: no Index date in time-at-risk: no

Match on age and sex Match on age, sex and visit

(30 days)

Match on age and sex Match on age and sex

Nesting within indication: yes Nesting within indication: yes Nesting within indication: no Nesting within indication: yes

First exposure only First exposure only First exposure only All exposures

OR adjusted for age and sex OR adjusted for age and sex OR adjusted for age and sex Unadjusted odds ratio (OR)

GE AUC = 0.73 (CC: 2000032) AUC = 0.67 (CC: 2000291) AUC = 0.63 (CC: 2000007) AUC = 0.61 (CC: 2000313)

Up to 100 controls per case Up to 10 controls per case Up to 100 controls per case Up to 10 controls per case

Min. time before outcome:

30 days

Min. time before outcome:

180 days

Min. time before outcome:

30 days

Min. time before outcome:

180 days

Time-at-risk: 30 days from

exp. start

Time-at-risk:

exposure ? 30 days

Time-at-risk: 30 days from exp.

start

Time-at-risk:

exposure ? 30 days

Index date in time-at-risk: no Index date in time-at-risk: no Index date in time-at-risk: no Index date in time-at-risk: no

Match on age and sex Match on age and sex Match on age and sex Match on age and sex

Nesting within indication: yes Nesting within indication: yes Nesting within indication: no Nesting within indication: yes

First exposure only First exposure only First exposure only All exposures

Unadjusted odds ratio (OR) OR adjusted for age and sex OR adjusted for age and sex OR adjusted for age and sex

MDCD AUC = 0.59 (CC: 2000225) AUC = 0.67 (CC: 2000225) AUC = 0.70 (CC: 2000039) AUC = 0.67 (CC: 2000321)

Up to 10 controls per case Up to 10 controls per case Up to 10 controls per case Up to 10 controls per case

Min. time before outcome:

180 days

Min. time before outcome:

180 days

Min. time before outcome:

30 days

Min. time before outcome:

180 days

Time-at-risk: 30 days from

exp. start

Time-at-risk: 30 days from

exp. start

Time-at-risk: 30 days from exp.

start

Time-at-risk:

exposure ? 30 days

Index date in time-at-risk: no Index date in time-at-risk: no Index date in time-at-risk: no Index date in time-at-risk: no

Match on age, sex and visit

(30 days)

Match on age, sex and visit

(30 days)

Match on age, sex and visit

(180 days)

Match on age, sex and visit

(30 days)

Nesting within indication: yes Nesting within indication: yes Nesting within indication: yes Nesting within indication: yes

All exposures All exposures First exposure only All exposures

OR adjusted for age and sex OR adjusted for age and sex OR adjusted for age and sex OR adjusted for age and sex

MDCR AUC = 0.54 (CC: 2000219) AUC = 0.59 (CC: 2000321) AUC = 0.68 (CC: 2000111) AUC = 0.76 (CC: 2000326)

Up to 10 controls per case Up to 10 controls per case Up to 10 controls per case Up to 10 controls per case

Min. time before outcome:

180 days

Min. time before outcome:

180 days

Min. time before outcome:

30 days

Min. time before outcome:

180 days

Time-at-risk: 30 days from

exp. start

Time-at-risk:

exposure ? 30 days

Time-at-risk:

exposure ? 30 days

Time-at-risk:

exposure ? 30 days

Index date in time-at-risk: no Index date in time-at-risk: no Index date in time-at-risk: no Index date in time-at-risk: no

Match on age and sex Match on age, sex and visit

(30 days)

Match on age, sex and visit

(180 days)

Match on age, sex and visit

(30 days)

Nesting within indication: yes Nesting within indication: yes Nesting within indication: no Nesting within indication: yes

First exposure only All exposures First exposure only First exposure only

OR adjusted for age and sex OR adjusted for age and sex OR adjusted for age and sex Unadjusted odds ratio (OR)
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was statistically significant in only four of the five dat-

abases. Valdecoxib is another NSAID that is assumed to

have a lower risk of GI bleed than naproxen [11]. However,

only three of the five databases yield an estimated effect

size that is statistically significant, but not in the other two.

This may be due to gastro-protective strategies such as co-

prescribing with proton-pump inhibitors, although why this

might happen in two of the five databases and not the other

three is unclear. All five databases yield a positive estimate

of the association between salmeterol and acute myocardial

infarction; the estimated risk is close to two and statisti-

cally significant in three of the five databases. No previous

evidence suggests a causal association in this context.

Since salmeterol is indicated for chronic asthma and

chronic obstructive pulmonary disease, perhaps uncon-

trolled protopathic bias explains the findings. Darbepoetin

alfa shows a positive statistically significant relationship

with acute renal failure across all five databases, despite the

fact that this drug–outcome pair is also one of our negative

controls. Since darbepoetin alfa is used for the treatment of

anemia in patients with chronic renal failure, presumably

this is another example of protopathic bias.

3.3 Bias

Figure 3 shows the magnitude of bias observed across the

estimates for the negative control test cases in the five real

databases. We see across all four outcomes and all 5 dat-

abases that the case–control method is positively biased,

that is, the expected value for the method when applied to a

negative control is greater than 1.

Fig. 2 Odds ratio and 95 % confidence interval for 4 example drugs

and upper GI bleeding or acute renal failure across databases, using

the overall optimal settings. OR odds ratio, MSLR MarketScan Lab

Supplemental, MDCD MarketScan Multi-state Medicaid, MDCR

MarketScan Medicare Supplemental Beneficiaries, CCAE Market-

Scan Commercial Claims and Encounters, GE GE Centricity

Fig. 3 Estimates for the negative control drugs, where the assumed

true relative risk is one, using those settings that achieved the highest

AUC averaged over all databases and outcomes. Red indicates

relative risks that are statistically significant different from 1. MSLR

MarketScan Lab Supplemental, MDCD MarketScan Multi-state

Medicaid, MDCR MarketScan Medicare Supplemental Beneficiaries,

CCAE MarketScan Commercial Claims and Encounters, GE GE

Centricity

Table 1 continued

Data Acute liver injury Acute renal failure Acute myocardial infarction Upper GI bleeding

MSLR AUC = 0.54 (CC: 2000219) AUC = 0.68 (CC: 2000003) AUC = 0.63 (CC: 2000316) AUC = 0.53 (CC: 2000325)

Up to 10 controls per case Up to 10 controls per case Up to 10 controls per case Up to 10 controls per case

Min. time before outcome:

180 days

Min. time before outcome:

30 days

Min. time before outcome:

180 days

Min. time before outcome:

180 days

Time-at-risk: 30 days from

exp. start

Time-at-risk: 30 days from

exp. start

Time-at-risk:

exposure ? 30 days

Time-at-risk:

exposure ? 30 days

Index date in time-at-risk: no Index date in time-at-risk: no Index date in time-at-risk: no Index date in time-at-risk: no

Match on age and sex Match on age and sex Match on age and sex Match on age, sex and visit

(30 days)

Nesting within indication: yes Nesting within indication: no Nesting within indication: yes Nesting within indication: yes

First exposure only First exposure only First exposure only First exposure only

OR adjusted for age and sex OR adjusted for age and sex Unadjusted odds ratio (OR) OR adjusted for age and sex

AUC area under ROC curve, OR odds ratio, MSLR MarketScan Lab Supplemental, MDCD MarketScan Multi-state Medicaid, MDCR Mar-

ketScan Medicare Supplemental Beneficiaries, CCAE MarketScan Commercial Claims and Encounters, GE GE Centricity
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3.4 Coverage Probability

Figure 4 shows the coverage probabilities on simulated

data. In general, the coverage is low, with the true effect

size often falling below the estimated confidence interval.

As the true effect size increased, more often the true effect

size was below the confidence interval, but in no scenarios

did the case–control method achieve a coverage probability

greater than 76 %. Coverage probabilities generally tren-

ded lower as the true injected relative risk increased—for a

relative risk of 10, the coverage probabilities for the four

outcomes ranged from 18 to 36 %.

3.5 Sensitivity to Analysis Choices

Table 2 shows how sensitive effect estimates were to the

analysis choices. Nesting the study in the population of

patients that have the primary indication of the drug has the

largest effect on the estimates when compared to using the

whole population: The median change in effect estimates is

32 %. In other words, when holding all other analysis

choices constant, there is a 50 % chance that the observed

odds ratio will change at least 32 % either positively or

negatively when switching from the general population to

that part of the population that has the indication. Perhaps

this is to be expected given that nesting within indication is

one of the primary devices analysts use to address con-

founding by indication. There is a 10 % chance that the

impact of nesting on the odds ratio will be 131 % or more.

The estimates were less sensitive to other analysis choices.

4 Discussion

This paper presents a large-scale empirical evaluation of

the case–control method for estimating the effects of drugs

on large observational databases. Our findings indicate that

in an absolute sense the case–control method generally

performs poorly in terms of its ability to discriminate

between positive and negative controls. Our work also

provides insight into the impact of different analysis

choices within the case–control method.

The level of heterogeneity due to analysis choices

focuses attention on the need to make such choices care-

fully. The diversity of the optimal choices suggests that the

task is not simple, presumably depending on subtle issues

related to biological mechanism, selection bias, and data

quality to name a few. Future methods research needs to

focus on approaches that are less sensitive (or what Tukey

called ‘‘resistant’’) to analyst choices [12]. We note that

some authors have pointed out that case–control and cohort

analyses ought to arrive at similar conclusions [13, 14].

While they may be correct conceptually, due to issues of

covariate construction, time windows, matching strategy,

etc., in practice, the designs can yield very different effect

estimates and warrant evaluation separately.

Our work has a number of limitations. The value of our

experimental findings depends on the correctness of the

‘‘positive’’ and ‘‘negative’’ labels we assigned to the

Fig. 4 Coverage probability of

case–control method at different

levels of true effect size, by

outcome

Table 2 Sensitivity to analysis choices, showing the distribution of

how much the effect estimate changes when changing a single ana-

lysis choice whilst keeping all others constant

Analysis choice q10

delta

q50

delta

q90

delta

Nesting within indicated population? 1.05 1.32 2.31

Require control to have a visit on the index

date

1.03 1.3 2.11

Data source 1.04 1.26 1.96

Risk window definition 1.02 1.17 1.76

Controls per case (10 or 100) 1.02 1.11 1.39

Required observation time prior to

outcome (30 or 180 days)

1.01 1.07 1.34

Exposures to include: first or all 1.01 1.07 1.4

Correct for age and sex 1.01 1.06 1.29

Maximum number of days between visit

and case index date

1 1.03 1.21
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control drug–outcome pairs [9]. The range of analytic

choices we included in our experiment represent typical

choices seen in the literature but certainly do not include all

possible choices. While our experiments did include four

administrative claims databases, we only included one

EHR database. Experimental results may be different on

other databases. Similarly we only included four outcomes;

performance results on other outcomes may be different.

5 Conclusion

The performance of the case control method is sensitive to

specific implementation choices with some settings per-

forming quite well for one outcome in one database but the

same settings performing poorly for the same outcome in a

different database or for a different outcome in the same

database. Secondly, the case–control method exhibits posi-

tive bias across all outcomes and all databases. For negative

controls specifically, exposure is more common amongst

cases than controls, indicating the inability of the matching

criteria to control for morbidity and possibly other exposure-

related factors. Since we utilized the kinds of matching

criteria commonly seen in the literature, presumably this

positive bias bedevils many published case–control studies.

Finally, standard case–control confidence intervals exhibit

poor coverage. We believe this is the first evaluation of its

kind and our hope is that empirical evaluation becomes a

routine practice in observational epidemiology.
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Appendix

The effect estimates for all test cases across the five databases using

the optimal analysis choice setting (2000031). MSLR MarketScan

Lab Supplemental, MDCD MarketScan Multi-state Medicaid, MDCR

MarketScan Medicare Supplemental Beneficiaries, CCAE Market-

Scan Commercial Claims and Encounters, GE GE Centricity
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