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Abstract

Background Observational healthcare data offer the
potential to enable identification of risks of medical pro-
ducts, but appropriate methodology has not yet been
defined. The self-controlled cohort method, which com-
pares the post-exposure outcome rate with the pre-exposure
rate among an exposed cohort, has been proposed as a
potential approach for risk identification but its perfor-
mance has not been fully assessed.

The OMORP 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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Objectives To evaluate the performance of the self-con-
trolled cohort method as a tool for risk identification in
observational healthcare data.

Research Design The method was applied to 399 drug-
outcome scenarios (165 positive controls and 234 negative
controls across 4 health outcomes of interest) in 5 real
observational databases (4 administrative claims and 1
electronic health record) and in 6 simulated datasets with
no effect and injected relative risks of 1.25, 1.5, 2, 4, and
10, respectively.

Measures Method performance was evaluated through
area under ROC curve (AUC), bias, and coverage
probability.

Results The self-controlled cohort design achieved strong
predictive accuracy across the outcomes and databases
under study, with the top-performing settings exceeding
AUC >0.76 in all scenarios. However, the estimates gen-
erated were observed to be highly biased with low cover-
age probability.

Conclusions If the objective for a risk identification
system is one of discrimination, the self-controlled cohort
method shows promise as a potential tool for risk identi-
fication. However, if a system is intended to generate effect
estimates to quantify the magnitude of potential risks, the
self-controlled cohort method may not be suitable, and
requires substantial calibration to be properly interpreted
under nominal properties.

1 Background
Observational healthcare data, such as administrative
claims and electronic health records, offer the potential to

greatly enhance the understanding of the effects of medical
products. These data sources have already been actively
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used to conduct pharmacoepidemiology studies of specific
hypotheses of the effects of particular medical product
exposure and subsequent health outcomes of interest. In
recent years, there has been interest in exploring whether
these same data resources could also be used to support the
identification of potential risks on a more rapid, proactive
and systematic basis. In 2007, Congress passed the Food
and Drug Administration (FDA) Amendment Act, 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 [1].
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” [2]. Software systems have
already been developed within industry to support these
types of pharmacovigilance analysis [3]Jon observational
data, but the performance of the methods within these
solutions have not been fully evaluated.

In order to appropriately use in a risk identification sys-
tem, the necessary empirical evidence base around the
operating characteristics of the analysis approach needs to be
first established. One analysis approach currently used in
practice is the self-controlled cohort method, which esti-
mates the strength of association by comparing the post-
exposure incidence rate with the pre-exposure incidence rate
among the patients exposed to the target drug of interest [4].
The self-controlled cohort method represents a unique
approach in that is does not use an external active comparator
group like the new user cohort design, and it also does not
restrict its analysis to within-person comparisons among the
subset of patients with both exposure and outcome like the
self-controlled case series design.

In this study, we evaluated the performance of a self-
controlled cohort method as a potential analytical method
for a risk identification system. We tested the self-con-
trolled cohort method in 5 real observational healthcare
databases and 6 simulated datasets, retrospectively study-
ing 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

discriminate from false findings and explore the statistical
properties of the estimates the design generates. With this
empirical basis in place, the self-controlled cohort method
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 Overview of self-controlled cohort method

In the self-controlled cohort design, the only patients used in
the analysis are those patients with at least one exposure to
the target drug. The design is self-controlled in that the
cohort serves as its own control, by comparing unexposed
time among the exposed cohort with the exposed time.
Within this exposed cohort, post-exposure and pre-exposure
incidence rates are calculated. The post-exposure incidence
rate is estimated as the number of outcomes observed during
the post-exposure time-at-risk, divided by the total length of
time-at-risk across the exposed cohort. The pre-exposure
incidence rate is estimated as the number of outcomes
observed during the pre-exposure control period, divided by
the total length of control period across the exposed cohort.
An incidence rate ratio (IRR) is then calculated as the post-
exposure incidence rate, divided by the pre-exposure inci-
dence rate. This is expressed simply as:

(xo0/t0)
(x1/1;)

where tq is post-exposure person time-at-risk, t; is pre-
exposure person-time in the control period, xo is the
number of outcomes observed during the cohort post-
exposure time-at-risk, and x; is the number of outcomes
observed during the cohort pre-exposure control period.
We assume the incidence rate ratio is a ratio of two Poisson
distributed rates, and use the closed form solution by
Graham et al. [5] to calculate the associated confidence
interval (CI), where Z,, is the Z statistic at the desired o is
the type I error rate:

IRR =

2x1x0 + z%z (x1 +x0) £ z%z (1 4+ x0) * (4x1xo + z%z (1 + xo))

t
IRRCI = () « .
o 2x1

myocardial infarction, acute kidney injury, and upper
gastrointestinal bleeding. We estimate how well the
method can be expected to identify true effects and
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The self-controlled cohort method is notably distinct from
the self-controlled series design in two regards: (1) it does
not estimate the effect size by conditioning on individual
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patients, and (2) it uses exposed and unexposed time from 2.
the entire exposed cohort to estimate the incidence rate,
rather than using the restriction that the self-controlled case
series design imposes which limits its analysis to patients
with the event of interest. Whereas the self-controlled case
series design identified cases and each case serves as an
individual control, the self-controlled cohort design pro-
duced estimates for the entire cohort population, with the
cohort serving as its own control. The self-controlled
cohort method is distinguished from the new user cohort
design in its lack of an external comparator group to esti-
mate a baseline rate of events, using the unexposed time
within the exposed cohort in its place.

Several analysis choices are required within the self-
controlled cohort method to enable a fully specific ana-
lysis. Within the open-source software implementation of
the design titled ‘observational screening’, publicly
available at http://omop.org/MethodsLibrary, six analysis
choices are parameterized and were evaluated in this
research. They are illustrated in Fig. 1, and are described
below:

1.

3.

4.

5.

Should the analysis consider only the first period of
persistent exposure, or should all exposures (including
prevalence use) be included?

Should the analysis consider only the first occurrence
of the target outcome of interest (focusing on incident
events), or should all occurrences be counted as
potential outcomes?

Defining post-exposure time-at-risk: what duration of
time relative to the start of exposure should be
considered as a period for which outcomes are
identified? The post-exposure time-at-risk can be a
fixed time window, such as 30 days after exposure
start, or can be defined relative to the length of
exposure, such as using the length of exposure plus an
additional 30 day surveillance window after the end of
exposure, or can be defined as all available observation
time after exposure start.

Should the index date (i.e. start of exposure) be
included as part of the post-exposure time-at-risk?
Defining pre-exposure control period: what duration of
time looking back relative to the start of exposure
should be considered as a period for which outcomes
are identified as background conditions? The pre-
exposure control period can be a fixed time window,
such as 30 days before exposure start or 180 days
before exposure start, or can be defined relative to the
length of exposure, such as using the length of

®

30d priorto exposurestart

Self-controlled design parameters:
1. Exposures to include: All occurrences, First occurrence
2. Outcomes to include: First occurrence, All occurrences

4. Include index date in time-at-risk: No, Yes

5. Control period: Length of exposure + 30d, 30d prior to
prior to exposure start, All time prior to exposure start
6. Include index date in control period: No, Yes

(%)

[
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All time post-exposure start
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- ~—---4 Length of exposure +30d
30d from exposure start
| All time prior to exposure start
Y
Length of exposure+30d ~ —-—-- Y

3. Time-at-risk: Length of exposure + 30d, 30d from exposure start, All time post-exposure start

exposure start, 180d prior to exposure start, 365d

Fig. 1 Parameters within self-controlled cohort design
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exposure plus an additional 30 day surveillance win-
dow and looking back fur that duration prior to
exposure start, or can be defined as all available
observation time prior to exposure start.

6. Should the index date be included as part of the pre-
exposure control period?

In this study, 38 unique analyses comprising combina-
tions of the 6 analysis choices were evaluated.

2.2 Experiment Design

The study was conducted against five observational
healthcare databases to allow evaluation of performance
across different populations and data capture processes:
MarketScan® Lab Supplemental (MSLR, 1.2 m persons),
MarketScan®  Medicare  Supplemental  Beneficiaries
(MDCR, 4.6 m persons), MarketScan Multi-State Medic-
aid (MDCD, 10.8 m persons), MarketScan® Commercial
Claims and Encounters (CCAE, 46.5 m persons), and the
General Electric Centricity™ (GE, 11.2 m persons) data-
base. GE is an electronic health record (EHR) database; the
other four databases contain administrative claims data. A
10 m-person simulated dataset was also constructed using
the OSIM2 simulator [6] 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 [7].

The method was executed using all 38 analyses against
399 drug-outcome pairs to generate an effect estimate and
standard effort for each pair and combination of analysis
choices. These test cases include 165 ‘positive controls’—
active ingredients with evidence to suspect a positive
association with the outcome—and 234 ‘negative con-
trols’—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 [8]. For every database we restricted the eval-
uation to those drug-outcome pairs with sufficient power
to detect a relative risk of RR <1.25, based on the age-by-
gender-stratified drug and outcome prevalence estimates

[9].

2.3 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 distin-
guish between positive and negative controls the IRR
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estimates were used to compute the Area Under the
receiver operator characteristics Curve (AUC), a measure
of predictive accuracy [10]: an AUC of 1 indicates a per-
fect 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 confidence interval esti-
mation we would expect the coverage probability to be
95 %.

Lastly, we are interest in to what extend 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 2 highlights the predictive accuracy, as measured by
AUC, of all self-controlled cohort analyses across the 4
outcomes and 5 databases. For each outcome-database
scenario we identified analysis choices that yielded the
highest AUC, as listed in Table 1. An optimal analysis
(OS: 403002) had the highest predictive accuracy for dis-
criminating test cases for acute liver injury in CCAE
(AUC = 0.79), acute myocardial infarction in MSLR
(AUC = 0.80), and GI bleeding in MSLR (AUC = 0.83).
A different analysis (OS: 408013) used only first occur-
rences of both exposure and outcome and defined the
comparison as all-time post-exposure vs. all-time pre-
exposure, and yielded the highest AUC in 4 outcome-
database scenarios: acute myocardial infarction in CCAE
(AUC = 0.85), acute myocardial infarction in GE
(AUC = 0.86), GI bleed in GE (AUC = 0.82), and acute
renal failure in MDCD (AUC = 0.82).

The optimal analyses in the GE database all involved
focus on first exposure and first occurrence of the outcome,
but other databases did not follow the same pattern. The
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Fig. 2 Area under ROC curve (AUC) for self-controlled cohort
parameters, by outcome and database. MSLR MarketScan Lab
Supplemental, MDCD MarketScan Multi-state Medicaid, MDCR
MarketScan Medicare Supplemental Beneficiaries, CCAE Market-
Scan Commercial Claims and Encounters, GE GE Centricity. Each

dashed and dotted lines in Fig. 2 indicate the performance
of these top-performing setting across databases for the
same outcome, showing that the optimal setting for one
database can sometimes perform poorly when used in
another database for the same outcome.

3.2 Overall Optimal Settings

The analysis with the best average performance across the
20 outcome-database scenarios is highlighted in the shaded
grey line, and represents analysis OS:403002. OS:403002
is the unique identifier that reflects the parameter combi-
nation which uses all occurrences of drug exposure and all
occurrences of the outcome, defined both the time-at-risk
and the control period as the length of exposure 430 days,
and classified events occurring on the index exposure date
as within the time-at-risk. This analysis was observed to
have high predictive accuracy across all scenarios, with an
average AUC = 0.83 and having AUC >0.70 in all sce-
narios. In the remainder of this paper we will use
0S:403002 as the representative settings for the self-con-
trolled cohort method.

The Appendix contains the effect estimates for all test
cases across the 5 databases using this optimal analysis

dot represents one of the 38 unique parameter combinations of the
self-controlled design. The solid grey line highlights the parameter
that had the highest average area under ROC curve (AUC) across all
20 outcome-database scenarios. The dashed lines identify each setting
with the highest AUC in at least one database within each outcome

(OS: 403002). To illustrate patterns in these findings, we
discuss four specific test cases for acute liver injury, as
shown in Fig. 3. One drug known to be a causative agent is
isoniazid [11], which was used as a positive control. The
association between isoniazid and acute liver injury was
consistently one of the largest effects observed using the
self-controlled cohort design, with all 5 databases which
generating IRR >2 that was statistically significant at
conventional p < 0.05. In contrast, erythromycin is another
drug thought to be associated with acute liver injury and
used as a positive control [12], but the IRR estimates for
erythromycin-acute liver injury were near IRR = 1 in all
databases except GE. That is, the rate of acute liver injury
prior to erythromycin is similar to the rate of acute liver
injury during the period of exposure. So while isoniazid
illustrates the opportunity for use of this method in a risk
identification and would likely be classified as a ‘true
positive’ under most decision thresholds based either on
effect size or statistical significance, erythromycin dem-
onstrates the risk of a ‘false negative’ finding. Erythro-
mycin is an antibiotic used to treat serious infections that
frequently require hospitalization and are often associated
with hepatic issues, so a potential explanation for this ‘false
negative’ finding is that the background rate of acute livery
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Table 1 Optimal parameter settings for self-controlled cohort design, by outcome and database

Data Acute liver injury Acute kidney injury Acute myocardial infarction GI bleed

source

CCAE AUC = 0.79 (OS: 403002) AUC = 0.89 (0S: 404002) AUC = 0.85 (OS: 408013) AUC = 0.81 (0S: 407002)
1: All occurrences 1: All occurrences 1: First occurrence 1: All occurrences
2: All occurrences 2: All occurrences 2: First occurrence after exposure  2: First occurrence
3: Length of exposure + 30 days 3: Length of exposure + 30 days  3: All time post- exposure start 3: Length of exposure + 30 days
4: Yes 4: No 4: No 4: No
5: Length of exposure + 30 days 5: Length of exposure + 30 days  5: All time prior to exposure start ~5: Length of exposure + 30 days
6: No 6: Yes 6: No 6: No

MDCD AUC = 0.77 (OS: 409013) AUC = 0.82 (0S: 408013) AUC = 0.80 (OS: 407004) AUC = 0.87 (OS: 401004)
1: First occurrence 1: First occurrence 1: All occurrences 1: All occurrences
2: First occurrence 2: First occurrence after exposure  2: First occurrence 2: All occurrences
3: All time post-exposure start 3: All time post-exposure start 3: Length of exposure 4+ 30 days  3: Length of exposure + 30 days
4: No 4: No 4: No 4: No
5: All time prior to exposure start 5: All time prior to exposure start ~ 5: 365 days prior to exposure start 5: 365 days prior to exposure start
6: No 6: No 6: No 6: No

MDCR AUC = 0.76 (OS: 401002) AUC = 0.92 (0S: 401002) AUC = 0.84 (0S: 407002) AUC = 0.86 (OS: 402002)
1: All occurrences 1: All occurrences 1: All occurrences 1: All occurrences
2: All occurrences 2: All occurrences 2: First occurrence 2: All occurrences
3: Length of exposure + 30 days 3: Length of exposure + 30 days  3: Length of exposure + 30 days  3: Length of exposure + 30 days
4: No 4: No 4: No 4: Yes
5: Length of exposure + 30 days 5: Length of exposure 4+ 30 days  5: Length of exposure + 30 days  5: Length of exposure + 30 days
6: No 6: No 6: No 6: Yes

MSLR AUC = 0.84 (OS: 406002) AUC = 0.95 (0OS: 405004) AUC = 0.80 (OS: 403002) AUC = 0.83 (OS: 403002)
1: All occurrences 1: First occurrence 1: All occurrences 1: All occurrences
2: First occurrence after exposure 2: All occurrences 2: All occurrences 2: All occurrences
3: Length of exposure + 30 days 3: Length of exposure 4+ 30 days  3: Length of exposure 4+ 30 days  3: Length of exposure + 30 days
4: No 4: No 4: Yes 4: Yes
5: Length of exposure + 30 days 5: 365 days prior to exposure start 5: Length of exposure + 30 days  5: Length of exposure + 30 days
6: No 6: No 6: No 6: No

GE AUC = 0.77 (OS: 409002) AUC = 0.94 (OS: 409002) AUC = 0.86 (OS: 408013) AUC = 0.82 (0OS: 408013)

1: First occurrence

1: First occurrence

2: First occurrence 2: First occurrence

3: Length of exposure + 30 days 3: Length of exposure 4 30 days
4: No 4: No

5: Length of exposure + 30 days 5: Length of exposure + 30 days
6: No 6: No

1: First occurrence

: First occurrence after exposure

: All time post-exposure start

No

: All time prior to exposure start

No

: First occurrence
: First occurrence after exposure

: All time post-exposure start

No

: All time prior to exposure start

No

AUC area under ROC curve; database abbreviations: MSLR MarketScan Lab Supplemental, MDCD MarketScan Multi-state Medicaid, MDCR MarketScan
Medicare Supplemental Beneficiaries, CCAE MarketScan Commercial Claims and Encounters, GE GE Centricity. Parameter settings: 1. Exposures to
include; 2. Outcomes to include; 3. Time-at-risk; 4. Include index date in time-at-risk; 5. Control period; 6. Include index date in control period

MSLR MDCD MDCR CCAE GE
sitagliptin .
Primidone e ht * * -
Erythromycin *
isoniazid - * o . o b
051 2 468 051 2 468 051 2 468 051 2 468 051 2 468

Fig. 3 IRR and 95 % confidence interval for 4 example drugs and
acute liver injury, across databases, using the overall optimal settings.
MSLR MarketScan Lab Supplemental, MDCD MarketScan Multi-
state Medicaid, MDCR MarketScan Medicare Supplemental
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Beneficiaries, CCAE MarketScan Commercial Claims and Encoun-
ters, 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
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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 Benefi-
ciaries, CCAE MarketScan Commercial Claims and Encounters, GE
GE Centricity

injury pre-exposure is high, thereby masking the potential
drug effect. Just as we would anticipate that positive con-
trols should yield large and statistically significant findings,
we desire negative controls to 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 association with acute liver
injury; across all 5 databases, the self-controlled cohort
design generates non-significant estimates near IRR = 1,
thereby likely classifying sitagliptin as a ‘true negative’.
Another negative control, primidone, is an anticonvulsant
that has not previously been associated with acute liver
injury. In all 5 database, the estimated association of pri-
midone and acute liver injury was highly significant with
IRR >1.5. A plausible explanation for this ‘false positive’
finding is that primidone is commonly co-prescribed with
other anticonvulsant therapies, including carbamazapine
and valproate, which are known to be associated with acute

Fig. 5 Coverage probability of

Acute Liver Failure

liver injury. The self-controlled cohort method does not
adjust for confounding by co-therapy, and events observed
during concomitant use may be inappropriately attributed
to post-exposure time-at-risk, which would elevate the rate
ratio.

3.3 Bias

Figure 4 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 self-controlled cohort method is positively
biased, that is the expected value for the method when
applied to a negative control is greater than 1. The degree
of bias and variability around this bias varies considerably
by database. Most notably, the most substantial positive
bias is observed within the GE database, and is consistent
across all four outcomes, where the expected IRR is
near 2.0.

3.4 Coverage Probability

Figure 5 shows the coverage probabilities on simulated
data. Here, the method had substantially lower coverage
probability across all four outcomes, and 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 >60 %. For acute liver injury, when
the true effect size is RR = 1 (that is, no signals injected),
the coverage probability = 45 %, with the remaining 55 %
of positive controls evenly distributed below and above the
estimated intervals. When we injected signals for the acute
liver injury positive controls at RR = 2, the coverage
probability decreased to 35 %, with half of intervals esti-
mated with upper bounds <2. When the true effect size was
increased to RR = 10, the coverage probability was mea-
sured at 9 %.

Acute Myocardial Infarction

self-controlled cohort design at 10 b I
different levels of true effect 4 W 2% I b
size, by outcome 2l 35 N B s I—
s 1SHEE 4 N H 7
S 12 M 4% N BN 4% N coverage
g 1NN 4 N EE s e . Below CI
® i i s
5 - Acute Renal Failure Upper Gl Bleeding Within CI
g ') Do o— — ] A C
= 2 55% I EO——
1S5 4% EEE 1 sz
12 +% BN 1 s
1 s I N 58% [ —
Coverage
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Table 2 Parameter sensitivity within the self-controlled cohort
design

Parameter ql0 q50 q90
delta delta delta
Surveillance window (time-at- 1.04 1.28 2.08
risk + control period)
Data source 1.03 1.23 2.19
Exposures to include 1.01 1.09 1.44
Outcomes to include 1.00 1.04 1.25
Include index date in time-at-risk 1.00 1.03 1.71
Include index date in control period 1.00 1.02 1.58

Q10/50/90 delta—10/50/90th percentile on the absolute change in
point estimate observed across all outcome/database scenarios by
holding all other parameters constant and changing the target
parameter to an alternative value

3.5 Analysis Choice Sensitivity

Table 2 shows how sensitive effect estimates were to the
various analysis choices. The median change in effect
estimates when changing the surveillance windows (the
combination of the time-at-risk and control periods) is
28 %. In other words, when holding all other analysis
choices constant, there is a 50 % chance that the observed
IRR when using one surveillance window will change by
>28 % either positively or negatively when changing the
surveillance window. There is a 10 % chance that the
impact of changing the surveillance window will be
>108 %, or either a doubly or halving of the risk. On
expectation, the two most sensitive analysis choices were
the choice of surveillance window and the choice of
database. However, all analysis choices demonstrated that
effect estimates could change by at least 25 % in at least
10 % of situations.

4 Discussion

In this paper, we evaluate the absolute performance of the
self-controlled cohort method in terms of predictive accu-
racy, bias, and coverage probability. The relative perfor-
mance of the self-controlled cohort method compared with
other types of designs, such as new user cohort, case—
control and self-controlled case series, is described else-
where [13]. The self-controlled cohort design borrows key
concepts from both the new user cohort approach and the
self-controlled case series design to provide a comparison
of post-exposure event rate with pre-exposure event rates.
The self-controlled cohort design applies a cohort approach
for defining the exposed population of interest and defining
time-at-risk by looking forward from the index date of first
exposure, but it is similar in intent to the self-controlled
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case series design in that it the same exposed patients’
time pre-exposure time as the referent comparator.
Whereas the self-controlled case series maximizes a
likelihood at an individual level after conditioning on the
number of events for each person to estimate the effect of
exposure on outcome, the self-controlled cohort method
uses population-level rates across the same set of patients
to produce its effect estimate. Even without the patient-
level conditioning, because the post-exposure and pre-
exposure times arise from the same population, the self-
controlled cohort design explicitly addresses between-
person time-invariant confounding factors, such as gender,
age, and genetic attributes. However, it does not address
time-varying confounders, such as concomitant treatment
or onset of acute illnesses. Further, the design may be
limited by unobserved confounders associated with dif-
ferential healthcare utilization before and after the time of
exposure. Moreover, there are scenarios where the self-
controlled cohort design would not be appropriate, such as
for studying death; since patients would be censored at the
time of the event and only patients with exposure are used
in the analysis, only events post-exposure could be iden-
tified meaning that the pre-exposure time would be subject
to immortal time bias [14]. The self-controlled cohort
design would be subject to many of the limitations of a
self-controlled case series, in that both assume indepen-
dent Poisson process for occurrence of events, such that
the risk of recurrent events are the same as incident
events.

In practice, we observed the self-controlled cohort
method achieved strong predictive accuracy across the four
outcomes and five databases under study. In all 20 out-
come-database scenarios, when using IRR as the rank-
order statistic, the optimal analysis achieved AUC >0.76.
In 16 of those scenarios, the AUC was larger than 0.80, and
in 8 scenarios, the AUC exceeded 0.85. When studying
acute renal failure, 3 databases achieved AUC >0.90. To
put that into context, if the objective of a risk identification
system was to achieve 50 % sensitivity—that is, set a
threshold such that half of true effects would be identi-
fied—then the lowest performing scenario (studying acute
liver injury in MDCR, AUC = 0.76) would yield a speci-
ficity of 89 % and require a IRR threshold of 1.50. The
highest performance scenario (studying acute renal failure
in MSLR, AUC = 0.95) would achieve 50 % sensitivity at
95 % specificity using an IRR threshold = 2.80. Alterna-
tive thresholds could be set to change the tradeoff between
the rate of false positive and false negative findings.
Clearly, all stakeholders desire a system that efficiently
finds all drug safety issues without raising any false alarms
that can require significant resources to mitigate, but such
an ideal system would require perfect predictive accuracy.
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Instead, we should likely anticipate that a system can
provide highly informative, but not definitive, evidence
about the effects of products, and decision thresholds for
how to act on that evidence will be based on stakeholder
preference for the relative compromise between types of
errors.

The review of specific effect estimates demonstrate
both the promise and challenges faced with using the self-
controlled cohort method. While the method successfully
discriminated between the acute liver injury positive
control of isoniazid and the negative control of sitagliptin,
most decision thresholds would likely falsely identify
primidone and fail to find erythromycin. Similar examples
can be found for the other outcomes. Some of the mis-
classification can be explained post-hoc by thinking about
the clinical situation and positing how the design may fail
to address underlying bias, but hypothesizing explanations
is not sufficient unless a solution to overcome the mis-
classification can be implemented and evaluated to dem-
onstrate improved predictive accuracy. Further research in
methods enhancement can use the current performance as
a benchmark to evaluate how much progress is being
made.

While the self-controlled cohort method demonstrated
strong predictive accuracy across all 4 outcomes and 5
databases, the actual estimates generated were observed to
be biased and require calibration to be properly inter-
preted under nominal properties [15]. The error distribu-
tions generated from the negative controls for each
outcome highlight that the self-controlled cohort method
is, on expectation, positively biased. While we expect the
null distribution for an effect estimator to be centered
around IRR = 1, we observed empirically the distribution
to be centered closer to IRR = 1.5. As a result, the raw
estimate that comes from the method cannot be inter-
preted directly as the magnitude of increased risk;
IRR = 1.5 should not be read as demonstrating a 50 %
increased risk, since that 50 % may in fact be attributable
to bias. Due to this positive bias, much larger estimates
are required to yield a posterior probability that demon-
strates strong confidence that there either is or is not an
effect. We also observed that the confidence intervals
computed within the self-controlled cohort method are
overly narrow and increasingly under represent true
effects as the effect size increases. These findings suggest
that the standard error estimates from the design, which
focuses on sampling variability from the Poisson rates, do
not account for all potential sources of variability (such as
bias) that give rise to increased uncertainty around the
point estimate. The residual error in estimating the vari-
ance, in conjunction with the positive bias observed in the
point estimate, results in 95 % confidence intervals having

markedly less coverage than 95 %. Further work is nee-
ded to calibrate the self-controlled cohort estimates,
shifting the point estimate and increasing the variance, to
regain the nominal properties expected from the confi-
dence interval. These data suggest that learning from the
self-controlled cohort method requires interpreting the
estimates in the context of what has been observed from
prior positive and negative controls, and cannot be based
on conventional interpretation of relative risk, confidence
intervals, and p values as if they represent an unbiased
estimator.

These intuitively inconsistent results—that the self-
controlled cohort method can have strong predictive
accuracy but poor calibration of estimates—underscores a
basic challenge in methodological research and highlights
the need for evaluating multiple metrics in any methods
assessment. We have measured discrimination using AUC,
with is a rank-order statistic that does not use the magni-
tude of the effect estimate in its calculation. In an ideal
situation, a method would have perfect predictive accuracy
and no error. In practice, it is possible for a method to be
severely biased but have perfect discrimination; imagine
the situation where a method produced the correct estimate
for all drug-outcome pairs but then added a constant value
to all relative risks, in this case, the AUC = 1 but the
method would be biased by the constant. In contrast, if a
method has weak predictive accuracy (e.g. AUC = 0.50),
it is not possible for the method to have a small amount of
error, because small error among positive and negative
controls would dictate that the rank-ordering of estimates
would have some degree of discrimination. Neither
predictive accuracy nor error are sufficient metrics for
evaluation, but instead each provide complementary per-
spectives regarding a method’s potential utility and both
yield information required to put study results into proper
context. The self-controlled cohort method results suggest
potential utility for the task of discrimination but concern
for its use in effect estimation unless some calibration is
first applied.

This study evaluated the performance of the self-con-
trolled cohort method on four outcomes that have been
highlighted to be important events for monitoring in a risk
identification system [16]. The study is limited by the
integrity of classification of the positive and negative
controls, and the applicability of the drugs used in each
outcome to represent the distribution of expected scenarios
for those outcomes. While the method showed robust
predictive accuracy across these four outcomes, we also
observed that optimal parameterization and level of per-
formance could differ by outcome and database. As a
result, we caution against generalizing these results to other
outcomes or other data sources. For example, studying an
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outcome that results in a large proportion of fatalities is
likely to fail subject to the immortal time bias described
earlier, and therefore would not be expected to perform at
the levels observed for these four outcomes. Instead, we
encourage applying a similar empirical evaluation prior to
applying methods to new outcomes, whereby the method is
benchmarked against a set of known positive and negative
controls to gauge the expected predictive accuracy and
estimate bias and coverage probability.

5 Conclusions

The self-controlled cohort design is one of several methods
under consideration for use in a risk identification system,
but the empirical evidence around its performance suggests
that results need to carefully situated for its intended pur-
pose. If the objective for a risk identification system is
simply to discriminate between positive effects and nega-
tive effects as a means of prioritization, then the self-
controlled cohort method shows promise as a potential tool
with consistently strong measures of predictive accuracy
observed across the four outcomes and five databases
studied. However, if a system is intended to generate effect
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estimates which are to be used quantify the magnitude of
potential risks, then the self-controlled cohort method may
not be suitable, and requires substantial calibration to be
properly interpreted under nominal properties.
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Appendix Self-controlled cohort design estimates for all test cases,
by database. MSLR MarketScan Lab Supplemental, MDCD Market-
Scan Multi-state Medicaid, MDCR MarketScan Medicare Supple-
mental Beneficiaries, CCAE MarketScan Commercial Claims and

M&

" b

Encounters, GE GE Centricity. Blue negative controls, orange posi-
tive controls, each line represents point estimate and 95 % confidence

interval for the drug—outcome pair in a particular database
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