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Abstract

Objective To evaluate the performance of a disproportion-

ality design, commonly used for analysis of spontaneous

reports data such as the FDA Adverse Event Reporting System

database, as a potential analytical method for an adverse drug

reaction risk identification system using healthcare data.

Research Design We tested the disproportionality design

in 5 real observational healthcare databases and 6 simu-

lated 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.

Measures We estimate how well the method can be

expected to identify true effects and discriminate from false

findings and explore the statistical properties of the esti-

mates the design generates. The primary measure was the

area under the curve (AUC) of the receiver operating

characteristic (ROC) curve.

Results For each combination of 4 outcomes and 5 dat-

abases, 48 versions of disproportionality analysis (DPA) were

carried out and the AUC computed. The majority of the AUC

values were in the range of 0.35\ AUC \ 0.6, which is

considered to be poor predictive accuracy, since the value

AUC = 0.5 would be expected from mere random assign-

ment. Several DPA versions achieved AUC of about 0.7 for the

outcome Acute Renal Failure within the GE database. The

overall highest DPA version across all 20 outcome-database

combinations was the Bayesian Information Component

method with no stratification by age and gender, using first

occurrence of outcome and with assumed time-at-risk equal to

duration of exposure ? 30d, but none were uniformly opti-

mal. The relative risk estimates for the negative control drug-

event combinations were very often biased either upward or

downward by a factor of 2 or more. Coverage probabilities of

confidence intervals from all methods were far below nominal.

Conclusions The disproportionality methods that we

evaluated did not discriminate true positives from true

negatives using healthcare data as they seem to do using

spontaneous report data.

The OMOP research used data from Truven Health Analytics

(formerly the Health Business of Thomson Reuters), and includes

MarketScan� Research Databases, represented with MarketScan Lab

Supplemental (MSLR, 1.2 m persons), MarketScan Medicare

Supplemental Beneficiaries (MDCR, 4.6 m persons), MarketScan

Multi-State Medicaid (MDCD, 10.8 m persons), MarketScan

Commercial Claims and Encounters (CCAE, 46.5 m persons). Data

also provided by Quintiles� Practice Research Database (formerly

General Electric’s Electronic Health Record, 11.2 m persons)

database. GE is an electronic health record database while the other

four databases contain administrative claims data.
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1 Background

Disproportionality analysis (DPA) methods for drug safety

surveillance represent the primary class of analytic meth-

ods for analyzing data from spontaneous report systems

(SRSs). SRSs receive reports that comprise of one or more

drugs, one or more adverse events (AEs), and possibly

some basic demographic information (in addition to nar-

rative and text data). A report typically contains fields such

as date of report, age and gender of patient, as well as a list

of drugs to which the patient has been recently exposed,

and a list of adverse event names [typically drawn from the

Medical Dictionary for Regulatory Activities (MedDRA)

structured vocabulary] that the patient has experienced.

The number of drugs and the number of events reported

can range from 1 up to dozens, while the total number of

drugs and event names in the search space is of course

many thousands. Disproportionality analysis methods

include the multi-item gamma-Poisson shrinker (MGPS),

proportional reporting ratios (PRR), reporting odds ratios

(ROR), and Bayesian confidence propagation neural net-

work (BCPNN). The methods search SRS databases for

‘‘interesting’’ associations and focus on low-dimensional

projections of the data, specifically 2-dimensional contin-

gency tables. Table 1 shows a typical table.

DPA methods compute a measure of association for each

such table, and also use some threshold value to declare a

‘‘signal’’ if the measure exceeds the threshold. MGPS focu-

ses on the ‘‘reporting ratio’’ (RR). The RR for the drug i—

adverse event j combination (RRij) is the observed number of

occurrences of the combination (20 in the example below)

divided by the expected number of occurrences. MGPS

computes the expected value under a model of independence.

Specifically, in the example above, overall, drug i occurs in

10 % of the reports and adverse event j occurs in 10 % of the

reports. Thus, if drug i and adverse event j are statistically

independent, 0.1*0.1 = 1 % of reports should include both

drug i and AE j, that is 12 reports in this case. Thus the RR for

this example is 20/12 or 1.67; this combination occurred

about 67 % more often than expected.

The common measures of association between drug

i and event j are of the form Nij/Eij, where Nij = a for the

(i, j) version of Table 1 and Eij is a comparator value or

Expected Count intended to represent the null hypothesis of

no association. Definitions of expected counts E and dis-

proportionalities for four measures are shown in Table 2.

In the Stratified Reporting Ratio, the value of E is

computed separately for each set of reports within a set of

exclusive and exhaustive strata—for example all combi-

nations of 5 age groups, 2 genders, and 10 report year

groupings, giving 100 strata indexed by s, each having its

own Es, which are summed, as recommended for a covar-

iate-adjusted 2 9 2 table analysis by Mantel–Haenszel [1].

Drugs that cause a particular adverse event will typically

receive a higher score than drugs that don’t. Conversely, if an

adverse event and a drug are stochastically independent, all

measures will return the null hypothesis value of 1, subject to

sampling variability. This statistical variability diminishes as

the sample size increases. In the SRS context, however, the

count in the N = a cell is often small, leading to substantial

variability (and hence uncertainty about the true value of the

measure of association) despite the often large numbers of

reports overall. PRR and ROR do not address the variability

issue whereas MGPS and BCPNN adopt a Bayesian approach

to reduce the effect of random noise. MGPS places a prior

distribution on RRs that encapsulates a prior belief that most

RRs are close to the average value of all RR’s (i.e., close to 1).

Only in the face of substantial evidence from the data does

MGPS return an RR estimate that is substantially larger than

one. Thus, for example, an RR of 100 that derives from an

observed count of N = 1 might result in a MGPS RR estimate

(Empirical Bayesian Geometric Mean or EBGM) of 2 (i.e. the

crude RR is shrunk towards a value of 1) whereas an RR of

100 that derives from an observed count of N = 100 might

result in a EBGM RR estimate of 95. The EBGM score is the

geometric mean of the posterior distribution of the true RR.

Other summaries are possible. For example, Almenoff et al.

[2], mentions ‘‘EB05’’, which is equivalent to the quantity

k0.05 in DuMouchel and Pregibon [3]. This is the 5th per-

centile of the posterior distribution—meaning that, according

to the Bayesian analysis, there is a 95 % probability that the

‘‘true’’ RR exceeds the EB05. Since EB05 is always smaller

than EBGM this, in a sense, adds extra shrinkage and repre-

sents a more conservative choice than EBGM.

As shown in the above display, the formula for the

Bayesian Information Component is a very simple modi-

fication of the non-Bayesian version: just add 0.5 to both N

and E. This corresponds to the ‘‘True RR’’ having a

Gamma(1/2, 1/2) prior distribution. The prior distribution

for MGPS is estimated from the database as a whole and

involves more complicated calculations [3, 4, 5].

In this study, we evaluated the performance of a dispro-

portionality design, commonly used for analysis of sponta-

neous reports data such as FDA Adverse Event Reporting

System (FAERS), as a potential analytical method for a risk

identification system using healthcare data. We tested the

Table 1 A fictitious 2-dimensional projection of an SRS database

Report contains Drug i Drug i Total

Yes No

Event j a b 120

Yes 20 100

Event j c d 1,080

No 100 980

Total 120 1,080 1,200

S124 W. DuMouchel et al.



disproportionality design in five 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 four outcomes: acute liver injury, acute myocardial

infarction, acute kidney injury, and upper gastrointestinal

bleeding. We estimate how well the method can be expected

to identify true effects and discriminate from false findings

and explore the statistical properties of the estimates the

design generates. With this empirical basis in place, the dis-

proportionality design can be evaluated to determine whether

it represents a potential alternative tool to be considered in

establishing a risk identification and analysis system to study

the effects of medical products.

2 Methods

2.1 Applying DPA to Longitudinal Data

In the context of spontaneous report systems, some authors

use the term ‘‘signal of disproportionate reporting’’ (SDR)

when discussing associations highlighted by DPA methods

[6, 7]. In reality, most SDRs that emerge from spontaneous

report databases represent non-causal effects because the

reports are associated with treatment indications (i.e., con-

founding by indication), co-prescribing patterns, co-morbid

illnesses, protopathic bias, channeling bias, or other reporting

artifacts, or, the reported adverse events are already labeled or

are medically trivial. In this sense, SDRs generate hypothe-

ses. Furthermore, spontaneous report databases present a

number of well documented limitations such as under-

reporting, over-reporting, and duplicate reporting. They fail

to provide a denominator—how many individuals are actu-

ally consuming the drug, and generally have limited temporal

information with regard to duration of exposure and the time

order of exposure and condition [4, 6, 8]. The richer context of

longitudinal data (such as claims databases or electronic

health records) affords the possibility of more refined analysis

to address some of these artifacts. Nonetheless, given the

wide acceptance of DPA methods in pharmacovigilance,

application of DPA methods to longitudinal data may prove

useful. A key step in the application of DPA methods to any

data is the mapping of the data into drug-condition two-by-

two tables. Our approach to this mapping is to try to mimic

what SRS reports the longitudinal data would generate.

We illustrate our approach using the example of Fig. 1a.

Figure 1a shows three patients. Patient 1 consumed drug A

during two separate drug eras. The patient experienced

condition X three times during these eras, twice during the

first era and once during the second. Patient 2 also had three

drug eras but with three separate drugs, A, B, and C. Finally

Patient 3 had two overlapping drug eras, one with drug B

and one with drug C. The patient experienced condition O

while taking both B and C, and conditions O and X after the

drug eras. Note we treat conditions as if they occur at distinct

moments in time. In fact the data may contain condition

‘‘eras’’ and what we are utilizing is the timestamp of the

beginning of the era. Drug eras, on the other hand, play an

important role in our approach. A drug era represents a

continuous period of drug usage, possibly augmented with

an additional off drug period. We refer to the optional off-

drug period as a surveillance window and discuss this fur-

ther below. In practice, defining the on-drug portion of the

drug era itself requires design decisions. For example,

should two 30-day prescriptions with a one-day gap between

the two prescriptions be considered one drug era or two?

Consider how to construct the 2 9 2 table for drug A

and condition X. N = a is the number of distinct X con-

ditions that occur during drug A eras. c is the number of

distinct non-X conditions that occur during drug A eras.

b is the number of distinct X conditions that occur during

non-A drug eras. d is the number of distinct non-X con-

ditions that occur during non-A drug eras. Thus, for the

example of Fig. 1a, a = 3 (A ? X1, A ? X2, A ? X3),

c = 0, b = 1 (B ? X5), and d = 2 (B ? O1,C ? O1).

Table 2 Expected value definitions used by various disproportion-

ality statistics

Comparison or

expected value E

Disproportionality statistics

based on this definition of E

(a ? b)(a ? c)/(a ? b ? c ? d) RR = N/E

IC = log2(RR)

BIC = log2

[(N ? 0.5)/(E ? 0.5)]

Rs(as ? bs)(as ? cs)/

(as ? bs ? cs ? ds)

SRR = N/E

b(a ? c)/(b ? d) PRR = N/E

bc/d ROR = N/E

RR reporting ratio, IC information component, BIC Bayesian infor-

mation component, SRR stratified reporting ratio, PRR proportional

reporting ratio, ROR reporting odds ratio

Fig. 1 a A longitudinal dataset with three patients, three distinct

drugs (A, B, and C) and two distinct conditions (X and O). b A

longitudinal dataset with three patients, three distinct drugs (A, B, and

C) and two distinct conditions (X and O). Incident conditions only

Disproportionality Methods S125



Our application of DPA to longitudinal data also makes a

distinction between incident and prevalent conditions. The

incident case only considers the first occurrence of each event,

whereas the prevalent case (considered in the above example)

considers all occurrences. Thus, for the example above, the

incident analysis would proceed as above but only consider the

first event of each type. Figure 1b illustrates the modified

dataset used in an incident analysis. (Note that our use of the

term ‘‘incident’’ does not necessarily coincide with standard

use in epidemiological practice. In particular, we do not require

an event-free ‘‘clean’’ period prior to first condition occur-

rence.) In Fig. 1b, the 2 9 2 table would be constructed as

a = 1 (A ? X1), c = 0, b = 0, and d = 2 (B ? O1,C ? O1).

There are other possible ways of constructing 2 9 2 tables,

but preliminary results suggest that the method described above

works at least as well as others we have tried [9]. Note that even

within the SRS world more than one counting method has been

used. If we consider Patient 3 in the above figures, a question

arises as to whether the two drug-event pairs (B ? O1),

(C ? O1) should count as d = 2 or d = 1, since they refer to a

single patient experiencing a single event. According to the

GPS method in DuMouchel [4] and PRR described in Evans

et al. [10], d = 2, but using the methods of BCPNN [11] and

MGPS [3], d = 1. As stated above, for this paper we will count

all drug-event combinations and thus use d = 2.

2.2 Experimental Design

The study was conducted against five observational health-

care databases to allow evaluation of performance across

different populations and data capture processes: Market-

ScanTM Lab Supplemental (MSLR, 1.2 million (m) persons),

MarketScanTM Medicare Supplemental Beneficiaries

(MDCR, 4.6 m persons), MarketScanTM Multi-State Med-

icaid (MDCD, 10.8 m persons), Truven MarketScanTM

Commercial Claims and Encounters (CCAE, 46.5 m per-

sons), and the GE CentricityTM (GE, 11.2 m persons) data-

base. GE is an EHR database; the other four databases

contain administrative claims data. A 10 m-person simu-

lated dataset was also constructed using the OSIM2 simu-

lator [12] to model the MSLR database, and replicated 6

times to allow for injection of signals of known size (relative

risk = 1, 1.25, 1.5, 2, 4, 10). The data used is described in

more detail elsewhere [12, 13]. The method was executed

using 48 parameter combinations against 399 drug-outcome

pairs to generate an effect estimate and standard error for

each pair and parameter combination. The 48 parameter sets

are all combinations of the following factors:

• Outcomes to include: First (incident) only, all occurrences

• Disproportionality metric: BCPNN (Bayesian Informa-

tion Component), MGPS (Empirical Bayes Geometric

Mean), Proportional Reporting Ratio (PRR)

• Stratification: no stratification, stratified by age and gender

• Time at risk: start of exposure up to 30 days, all observed

time after start of exposure, exposed time plus up to

30 days after, exposed time plus up to 60 days after

The test cases include 165 ‘positive controls’—active

ingredients with evidence to suspect a positive association

with the outcome—and 234 ‘negative controls’—active

ingredients with no evidence to expect a causal effect with

the outcome, 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 [14]. 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. There are 234 negative controls and

165 positive controls. The estimates and associated stan-

dard errors for all of the analyses are available for down-

load at: http://omop.org/Research.

2.3 Metrics

To gain insight into the ability of a method to distinguish

between positive and negative controls the IRR estimates

were used to compute the Area Under the receiver operator

characteristics Curve (AUC), a measure of predictive accu-

racy [15]: 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 inter-

ested 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 compute the coverage probability: the percentage of con-

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

unbiased estimator with accurate confidence interval estima-

tion we would expect the coverage probability to be 95%.

3 Results

3.1 Predictive Accuracy of All Settings

Figure 2 highlights the predictive accuracy, as measured by

AUC, of the 48 disproportionality design parameters that

were used for each of the 4 outcomes and 5 databases. For

S126 W. DuMouchel et al.
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each outcome-database scenario we identified the parameter

settings that yielded the highest AUC, as listed in Table 3. An

optimal setting (labeled DP: 101009 in Table 3) had the

highest predictive accuracy for discriminating test cases for

acute kidney injury in MDCR. (AUC = 0.42) Note that none

of the DP variations was able to even rise to the level of

random guessing for the two outcomes Acute Liver Failure or

Acute Renal Failure on the MDCR database. But the

parameter settings that did the best for Acute Renal Failure on

that database was also the one that had the best average AUC

across all 20 outcome-database combinations. Its description

is shown in italics in Table 3, namely (a) first occurrence of

outcome only, (b) BCPNN/BIC metric, (c) no age-sex strat-

ification, (d) time-at-risk equals length of exposure ? 30d.

The performance of these parameter settings on all 20 out-

come-database applications is indicated by the solid lines on

Fig. 2. They show that these settings are among the best

performing on perhaps half of the 20 combinations, but are

only in the middle range of accuracy on many of the other

database-outcome combinations.

Perhaps the most striking aspect of Fig. 2 is how poorly

all the disproportionality variations perform across these

outcome-database combinations. For 5 of the 20 combi-

nations, no DP method even approaches the random-

guessing level of AUC = 0.5, and in only 3 of the

combinations can even the highest-scoring DP method

surpass AUC = 0.61. Only the Acute Renal Failure-GE

data combination has a respectably high cluster of AUC

scores, ranging from about 0.62 to 0.77.

The dashed and dotted lines in Fig. 2 indicate the per-

formance of the best-scoring setting across outcomes

within the same database, showing that the optimal setting

for one outcome often performs poorly when used for

another outcome in the same database.

3.2 Overall Optimal Settings

As mentioned above, the overall best scoring DP method

used: (a) first occurrence of outcome only, (b) BCPNN/BIC

metric, (c) no age-sex stratification, and d) time-at-risk

equal length of exposure ? 30d. In the remainder of this

paper we will use these as the representative settings for the

disproportionality method.

‘‘Appendix’’ contains the effect estimates for all test

cases across the 5 databases using this optimal parameter

setting (DP: 101009). To illustrate patterns in these find-

ings, we discuss four specific test cases for acute liver

injury, as shown in Fig. 3.

One drug known to be causative agent is isoniazid, which

was used as a positive control. The association between iso-

niazid and acute liver injury was consistently one of the

largest effects observed using the disproportionality design,

with all 5 databases generating IRR between 3 and 5 with very

tight confidence intervals, as shown in Fig. 3. In contrast,

Fig. 2 Area under ROC Curve (AUC) for disproportionality param-

eters, by outcome and database. Each dot represents one of the 48

parameter combinations of the disproportionality method. Dot colors:

blue: PRR, red: BCPNN, green: MGPS. The solid grey line highlights

the parameter that had the highest average AUC across all 20 outcome-

database scenarios. The dashed lines identify each setting with the

highest AUC for each database within each outcome. MSLR Market-

Scan Lab Supplemental, MDCD MarketScan Multi-state Medicaid,

MDCR MarketScan Medicare Supplemental Beneficiaries, CCAE

MarketScan Commercial Claims and Encounters, GE GE centricity

Disproportionality Methods S127



erythromycin is another drug thought to be associated with

acute liver injury and used as a positive control, but the IRR

estimates for erythromycin-acute liver injury were signifi-

cantly less than IRR = 1 in all 5 databases. The

disproportionalities for erythromycin seem to be biased sig-

nificantly downward, as shown in Fig. 3. Just as we would

anticipate that positive controls should yield large and sta-

tistically significant findings, we desire negative controls to

Table 3 Optimal disproportionality parameter settings for each outcome and database. Italic indicates the setting with the highest average AUC

across all outcomes and databases

Source Acute liver injury Acute kidney injury Acute myocardial infarction Upper GI bleeding

CCAE AUC = 0.60 DP: 103008) AUC = 0.54 (DP: 101008) AUC = 0.57 (DP: 101008) AUC = 0.47 (DP: 103003)

Outcomes to include: first

occurrence

Outcomes to include: first

occurrence

Outcomes to include: first

occurrence

Outcomes to include: all

occurrences

Metric: PRR Metric: PRR Metric: PRR Metric: MGPS

Stratify by age: no Stratify by age: no Stratify by age: no Stratify by age: no

Stratify by gender: no Stratify by gender: no Stratify by gender: no Stratify by gender: no

Stratify by year: no Stratify by year: no Stratify by year: no Stratify by year: no

Time-at-risk: all time post-

exposure start

Time-at-risk: length of

exposure ? 30d

Time-at-risk: length of

exposure ? 30d

Time-at-risk: all time post-

exposure start

GE AUC = 0.64 (DP: 103001) AUC = 0.77 (DP: 103001) AUC = 0.60 (DP: 107003) AUC = 0.44 (DP: 103008)

Outcomes to include: all

occurrences

Outcomes to include: all

occurrences

Outcomes to include: all

occurrences

Outcomes to include: first

occurrence

Metric: PRR Metric: PRR Metric: MGPS Metric: PRR

Stratify by age: no Stratify by age: no Stratify by age: yes Stratify by age: no

Stratify by gender: no Stratify by gender: no Stratify by gender: yes Stratify by gender: no

Stratify by year: no Stratify by year: no Stratify by year: no Stratify by year: no

Time-at-risk: all time post-

exposure start

Time-at-risk: all time post-

exposure start

Time-at-risk: All time post-

exposure start

Time-at-risk: All time post-

exposure start

MDCD AUC = 0.57 (DP: 103009) AUC = 0.59 (DP: 101010) AUC = 0.63 (DP: 105008) AUC = 0.51 (DP: 101001)

Outcomes to include: first

occurrence

Outcomes to include: first

occurrence

Outcomes to include: first

occurrence

Outcomes to include: all

occurrences

Metric: BCPNN Metric: MGPS Metric: PRR Metric: PRR

Stratify by age: no Stratify by age: no Stratify by age: yes Stratify by age: no

Stratify by gender: no Stratify by gender: no Stratify by gender: yes Stratify by gender: no

Stratify by year: no Stratify by year: no Stratify by year: no Stratify by year: no

Time-at-risk: all time post-

exposure start

Time-at-risk: length of

exposure ? 30d

Time-at-risk: length of

exposure ? 30d

Time-at-risk: length of

exposure ? 30d

MDCR AUC = 0.41 (DP: 104003) AUC = 0.42 (DP: 101009) AUC = 0.58 (DP: 105008) AUC = 0.59 (DP: 101010)

Outcomes to include: all

occurrences

Outcomes to include: first

occurrence

Outcomes to include: first

occurrence

Outcomes to include: first

occurrence

Metric: MGPS Metric: BCPNN Metric: PRR Metric: MGPS

Stratify by age: no Stratify by age: no Stratify by age: yes Stratify by age: no

Stratify by gender: no Stratify by gender: no Stratify by gender: yes Stratify by gender: no

Stratify by year: no Stratify by year: no Stratify by year: no Stratify by year: no

Time-at-risk: 30d from

exposure start

Time-at-risk: length of

exposure ? 30d

Time-at-risk: length of

exposure ? 30d

Time-at-risk: length of

exposure ? 30d

MSLR AUC = 0.58 (DP: 101010) AUC = 0.52 (DP: 104008) AUC = 0.61 (DP: 101008) AUC = 0.46 (DP: 107001)

Outcomes to include: first

occurrence

Outcomes to include: first

occurrence

Outcomes to include: first

occurrence

Outcomes to include: all

occurrences

Metric: MGPS Metric: PRR Metric: PRR Metric: PRR

Stratify by age: no Stratify by age: no Stratify by age: no Stratify by age: yes

Stratify by gender: no Stratify by gender: no Stratify by gender: no Stratify by gender: yes

Stratify by year: no Stratify by year: no Stratify by year: no Stratify by year: no

Time-at-risk: length of

exposure ? 30d

Time-at-risk: 30d from exposure

start

Time-at-risk: length of

exposure ? 30d

Time-at-risk: all time post-

exposure start

AUC area under the receiver operator characteristics curve, MSLR MarketScan Lab Supplemental, MDCD MarketScan Multi-state Medicaid, MDCR

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

S128 W. DuMouchel et al.



produce non-significant findings near the null value of

IRR = 1. Sitagliptin is an anti-diabetic medication classified

as a negative control due to lack of evidence of any associa-

tion with acute liver injury. Unfortunately, Fig. 3 shows that

the sitagliptin estimates are consistently between 1 and 2,

with very tight confidence intervals that exclude the no-effect

value of 1. The disproportionality estimates seem to have a

positive bias for acute liver injury in all 5 databases. Another

negative control, primidone, is an anticonvulsant that has not

previously been associated with acute liver injury. Figure 3

shows that in this case all 5 disproportionality estimates are

dead on the presumably correct value of 1.

So for these 4 drugs, the estimation of association with

acute liver failure seems to be correct for 2 and incorrect

for the other 2. Discouragingly, for the two drugs with

incorrect estimates (sitagliptin and erythromycin) the dis-

proportionality method had very tight confidence inter-

vals—it was very sure of the wrong answer—which only

confirms the low values of AUC shown in Fig. 2.

3.3 Bias

Figure 4 shows the magnitude of bias observed for the

disproportionality method across the estimates for the

negative control test cases in the five real databases. There

are 20 scatter plots in Fig. 4, showing the distribution of

point estimates in each of the 20 HOI-database combina-

tions. From Fig. 4, estimates for Acute Liver Failure and

Upper GI Bleeding seem to be unbiased across all negative

control drugs, since the distributions are fairly well cen-

tered on top of the no-effect value of 1. (Although the point

estimates seem well centered about 1, many of the indi-

vidual drug CIs still fail to cover 1). The spread of point

estimates is not so well centered for Acute Renal Failure

and Myocardial Infarction. Probably the DP point estimates

for negative control drugs are negatively biased for these

two HOIs. The scatter plots in Fig. 4 show that the point

estimates for negative controls are all over the map, bely-

ing their claimed tight confidence intervals. Results from

Fig. 3 Relative reporting rate and 95 % confidence interval for 4

example drugs and acute liver injury, across databases, using the overall

optimal disproportionality settings. MSLR MarketScan Lab Supple-

mental, MDCD MarketScan Multi-state Medicaid, MDCR MarketScan

Medicare Supplemental Beneficiaries, CCAE MarketScan Commercial

Claims and Encounters, GE GE centricity. Blue negative controls,

orange positive controls, each line represents point estimate and 95 %

confidence interval for the drug-outcome pair in a particular database

Fig. 4 Bias 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

Fig.5 Coverage probability of

disproportionality analysis (IC)

at different levels of true effect

size, by outcome
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simulations (see Fig. 5) indicate that, when the null

hypothesis is true, excessive variance is more of a problem

than bias, and contrary to Fig. 4, it is Upper GI Bleed that

shows the greatest negative bias.

3.4 Coverage Probability

Figure 5 shows the coverage probabilities for 95 % confi-

dence intervals based on the highest-average-AUC dis-

proportionality method on simulated data. As the figure

shows, the degree of coverage falls woefully below 95 %

for all four outcomes and across the full range of true

relative risk. The degree of coverage decreased as the true

effect size increased, with an increasing proportion of true

effects falling above the upper bound. In no scenarios did

the method achieve a coverage probability [42 %. Except

for the Upper GI Bleeding outcome, the errors are roughly

symmetric (equally positive and negative) for low true

relative risk, but the estimates rapidly become underesti-

mates for all outcomes as the true relative risk increases. At

true RR = 10, 100 % of estimated upper 95 % limits fall

below the true value.

4 Discussion and Conclusion

The results presented above seem to show that adapting

disproportionality methods, designed for analysis of spon-

taneous report databases, and applying them to longitudinal

healthcare data may be unfruitful. Our implementation of

such a strategy has been singularly unimpressive, at least

for the purpose of detecting true associations from among

our nearly 400 drug-event OMOP ‘‘gold standard’’ asso-

ciations. Figure 2 is a telling summary of how poorly the

disproportionality methodology works, at least as imple-

mented here. The four health outcomes of interest crossed

with the 5 databases provide 20 separate test beds. In only

one, acute renal failure within the GE data, was there a

reasonably powerful detection capability (AUC about 0.7).

Perhaps six or so other HOI-Database combinations

approached AUC about 0.6, depending on which variation

of disproportionality methodology was used. But the

majority of such test beds could hardly exceed chance in

their discriminatory power. Based on the disproportionality

methods, Figs. 4 and 5 show that relative risk estimates and

confidence limits are highly variable and unreliable.

How to explain these results? When applied to sponta-

neous reports databases such as FAERS, these and similar

methods work well [16–21], routinely achieving AUC

values from 0.7 up to 0.85 or so [22]. The EU-ADR project

[23] also applies several DPA methods to a different set of

databases using a different set of ‘‘gold standard’’ drug-

event combinations. Their values of AUC averaged about

0.7 for the 4 versions of DPA that they report, whereas

they report larger values, from 0.73 to 0.79, for other

methods based on cohort analyses, case-control, or self-

controlled case studies. This our results agree with theirs

that DPA methods seem to be inferior when longitudinal

health records are available. The values of AUC in our

Fig. 2 are often even less than the by-chance value of 0.5,

a surprising result that the EU-ADR did not observe, and

for which we have no ready explanation. One possible

explanation for why DPA methods work well for sponta-

neous report databases is that a spontaneous report of a

suspected drug-ADR association has the benefit of a

focused interpretation by the reporter, whereas the data in a

healthcare database, being collected for a different purpose

such as insurance billing, may tend to be subject to many

more random sources of noise and bias. Since spontaneous

report data lacks measures of total exposure to serve as a

denominator for drug-ADR counts, the disproportionality

methods designed for such data cannot take advantage of

the fact that longitudinal health data does have such

exposure measures (perhaps not perfectly ascertained). So

we should not be surprised if other statistical estimation

methods designed for healthcare databases provide

improved power. Note that this critique of DPA methods is

not a criticism of the particular mathematical algorithms

applied to 2 9 2 tables like Table 1. Rather, the problem is

that those tables only use numerator data (event counts)

without being adjusted for exposure measures. At any rate,

we do not recommend these disproportionality methods for

analysis of drug-ADR associations in longitudinal health-

care data.
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Appendix

Disproportionality estimates for all test cases, by database. MSLR

MarketScan Lab Supplemental, MDCD MarketScan Multi-state

Medicaid, MDCR MarketScan Medicare Supplemental Beneficiaries,

CCAE MarketScan Commercial Claims and Encounters, GE GE

centricity. Blue negative controls, Orange positive controls; each line

represents point estimate and 95 %
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