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SUMMARY

Purpose Active surveillance of population-based health networks may improve the timeliness of detection of adverse drug
events (ADEs). Active monitoring requires sequential analysis methods. Our objectives were to (1) evaluate the utility of
automated healthcare claims data for near real-time drug adverse event surveillance and (2) identify key methodological
issues related to the use of healthcare claims data for real-time drug safety surveillance.

Methods We assessed the ability to detect ADEs using historical data from nine health plans involved in the HMO
Research Network’s Center for Education and Research on Therapeutics (CERT). Analyses were performed using a
maximized sequential probability ratio test (maxSPRT). Five drug-event pairs representing known associations with an ADE
and two pairs representing ‘negative controls’ were analyzed.
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USA. E-mail: jeff_brown@harvardpilgrim.org
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Invitational Conference on Drug Safety and Pharmacovigilance.
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Results  Statistically significant (p < 0.05) signals of excess risk were found in four of the five drug-event pairs representing
known associations; no signals were found for the negative controls. Signals were detected between 13 and 39 months after
the start of surveillance. There was substantial variation in the number of exposed and expected events at signal detection.
Conclusions Prospective, periodic evaluation of routinely collected data can provide population-based estimates of
medication-related adverse event rates to support routine, timely post-marketing surveillance for selected ADE:s. Copyright

@© 2007 John Wiley & Sons, Ltd.
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INTRODUCTION

Current prospective post-marketing drug monitoring
in the U.S. relies principally on passive surveillance
via MedWatch reports to the Adverse Event Report
System (AERS).!™? Passive monitoring systems have
well-recognized drawbacks, including underreporting,
reporting bias, incomplete data and limited informa-
tion on the exposed population and a lack of denomina-
tors, thereby making it difficult to know if the spontaneous
reports represent an increase in incidence over base-
line.)* Additionally, passive surveillance systems
cannot provide quantitative information about the
frequency or relative risk of reported reactions. These
problems are particularly troubling for reported
adverse reactions that are also common occurrences
in the absence of the drug exposure.

Active surveillance of health plans’ populations
may improve the timeliness of detection of adverse
drug events (ADEs). To realize the full potential of
prospective surveillance, the accumulated drug expo-
sure and event experience should be evaluated as it
accumulates. Frequent prospective monitoring requires
new capacity for extracting information from health-
care data systems, for aggregating information from
multiple sources and for analyzing this information in
a manner that avoids problems associated with
repeated statistical tests on the same data. The CDC
sponsored Vaccine Safety Datalink (VSD) has
described such a prospective monitoring system for
adverse vaccine reactions, using data from eight health
plans.5 6 Applying this methodology to surveillance
for ADEs is considerably more complicated than it is
for vaccines, in part because many drug exposures are
chronic or intermittent, in contrast to vaccines which
are usually administered only once or twice. In
addition, risk windows for drug exposure may vary
considerably by drug type and length of exposure.

This report describes our application of sequential
analysis within a well-defined population to detect

Copyright 5 2007 John Wiley & Sons, Ltd.

ADE signals. The goals were to use historical data to
(1) evaluate the utility of automated healthcare claims
data for near real-time drug adverse event surveillance
and (2) identify key methodological issues related to
the use of healthcare claims data for real-time drug
safety surveillance.

METHODS
Overview

We assessed the ability of sequential analysis to detect
ADEs using historical data from nine health plans
involved in the HMO Research Network’s Center for
Education and Research on Therapeutics (CERT).7
Multiple drug-event pairs were selected for analysis.
We define a ‘signal’ as a statistically significant
association between a drug and selected diagnosis
codes that requires further attention to determine
causality.® Key findings regarding the performance of
the methodology are reported and key methodological
issues are discussed.

Study population and data source

The study cohort was drawn from health plan
members who were enrolled at any time from
1 January 2000 to 31 December 2005 in one of the
nine health plans involved in the HMO Research
Network CERT. The nine health plans are located in
different geographic regions across the U.S.

Each of the nine participating health plans created
four datasets corresponding to demographic, health
plan enrollment, dispensing and diagnosis information
based on specifications provided by the study
coordinating center for the period 1 January 2000
through 31 December 2005. The demographic file
contained date of birth and sex and the enrollment file
contained start and stop dates for health plan
enrollment and an indicator for whether or not the
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member had drug coverage during the enrollment
period. The dispensing file contained all dispensing
records for the cohorts of interest and included
dispense date, national drug code for the dispensing,
units dispensed, days supplied and generic name. The
diagnosis file contained records for all ambulatory and
inpatient diagnoses recorded on health plan automated
claims, including each ICD-9-CM code recorded, date
of diagnosis and an indicator for whether the care was
provided in an inpatient or outpatient setting.

All health plan members who had at least one
membership period with drug coverage of greater than
270 days were included in the analyses. Membership
gaps of 60 days or less were bridged to create
continuous membership periods. For analytic simpli-
city, only the first valid membership period was used.
The study was approved by the human subjects
committees at each health plan.

Drug-event pairs and comparisons

We constructed seven drug-event pairs to assess
the stability and performance characteristics of the
methodology (Table 1). The drug-event pairs were
selected by the authors in 2003 and 2004. Five of
the drug-event pairs were selected as known associ-
ations between a drug and a serious ADE and two were
selected as negative controls for which no association
was expected. There were at least two comparison
cohorts for each drug-event pair: (a) all health plan
members who did not use the drug of interest
{non-users) and (b) all health plan members who
were incident users (defined below) of a pre-selected
comparison drug or drug class. The comparison to
non-users was included because active comparators
are not commonly available in other safety surveil-
lance and data mining activities (e.g., AERS analyses)

Table 1. Listing of all comparisons included in the evaluation
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and it is expected that future active surveillance
studies might involve drugs with no relevant
comparator.

Calculating observed and expected counts

We performed analyses that simulated monthly
prospective surveillance. For each month the maxi-
mized sequential probability ratio test (maxSPRT)
requires information about the number of observed
adverse events during the month and the expected
number under the assumption that the null hypothesis
of no excess risk is correct.

Definition of incident exposure. This study focused
on incident users of the drug of interest or the
comparator agent.® Incident use was defined as a
dispensing for which there was no other dispensing of
the drug of interest or a comparator drug during the
prior 181 days (i.e., 181-day exposure-free period).
Members who failed to meet the incident dispensing
criteria, either due to continuous drug exposure or
insufficient membership time, were excluded from the
relevant comparison drug analyses. Multiple incident
dispensings during the membership period were
allowed as long as the requirement of a 181-day
exposure-free period was satisfied.

Definition of incident outcome. To be considered an
ADE, the diagnosis code of interest was required to be
assigned in an inpatient setting; this need not be a
criterion for use of this technique, but was adopted for
this demonstration to improve the likelihood of
detection of serious occurrences. Additionally, these
events had to meet our incident ADE criteria that we
defined as having no observed inpaticnt or outpatient

Drug of interest Drug comparators

Qutcome

Definition of outcome”

Celecoxib Diclofenac, naproxen
Rofecoxib Diclofenac, naproxen
Valdecoxib Diclofenac, naproxen
Lisinopril ARBs

Cerivastatin Other statins

Fexofenadine and loratadine
Loratadine

Cetirizine™*
Clemastine””

Acute myocardial infarction
Acute myocardial infarction
Acute myocardial infarction
Angioedema

Rhabdomyolysis
Thrombocytopenia
Stevens—Johnson syndrome,
toxic epidermal necrolysis

Acute myocardial infarction: 410.xx
Acute myocardial infarction: 410.xx
Acute myocardial infarction: 410.xx
Angioedema: allergic, any site, with
uticaria: 995.1

Rhabdomyolysis: 728.89
Thrombocytopenia: 287.4 and 287.5
Erythematous conditions: 693.0 toxic
erythema; 695.1 erythema multiforme

*Diagnosis codes based on ICD-9-CM classifications. Based on the study criteria, only inpatient diagnoses were included as adverse events.
**These represent negative controls; no association between the drug and event was expected.

ARBs, angiotensin JI antagonists.
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diagnoses during the 181-day period before the
incident dispensing.

Eligible person-time. For each comparison eligible
person-time began after the first 181-day exposure-
free and diagnosis-free period and ended at the first
occurrence of any of the following events: end of
membership, dispensing of a comparison drug (for
analyses using a comparator drug), the first observed
inpatient diagnosis of interest (e.g., incident diagnosis
of acute myocardial infarction(AMI) or 31 December
2005 (end of the observation period).

Exposed and unexposed person-time. Eligible per-
son-time was classified as exposed or unexposed.
Exposed time began on the day after an incident drug
dispensing and continued as long as the member was
exposed to the drug (based on days supplied in the
pharmacy file) plus 14 days.'®!' Consecutive drug
dispensings were combined based on days supplied;
exposure gaps of 14 days or less were considered to
represent continued medication exposure. Unexposed
person-time was defined as all eligible person-time
without any drug exposure.

Calculating exposed and unexposed days and diag-
noses. The number of exposed and unexposed days
was summed by strata defined by health plan, month,
sex and age group (5 year groups starting at 0—4 and
going through 86+) separately for each drug of
interest and comparator. The number of incident
diagnoses observed during exposed days and unex-
posed days also was summed separately by strata
-defined by health plan, month, sex and age group.

Calculating expected counts: comparison to non-
users. We calculated the probability of an unexposed
incident ADE within each health plan, sex and age
group stratum by dividing the number of unexposed
incident ADEs by the number of unexposed days. We
then multiplied the probability of an unexposed
incident ADE by the number of exposed days for
the drug of interest within each health plan, sex, age
group and month stratum. This product is the number
of incident ADEs expected in each stratum if members
exposed to the drug of interest had not been exposed.
The number of expected incident ADEs was then
summed to the monthly level to generate the number
of expected incident ADEs per month. This monthly
expected count was compared to the number of
observed incident ADEs.

Copyright © 2007 John Wiley & Sons, Ltd.
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Calculating expected counts: comparison to com-
parator drug users. We calculated the probability of
an incident AE for a person exposed to the comparison
drug by dividing the number of ADE during exposure
to the comparison drug with the number of exposed
days to the comparison drug for each health plan, sex
and age group stratum. We then multiplied the
probability of an incident ADE among the comparison
drug users within each health plan, sex and age group
stratum by the number of days of exposure to the drug
of interest within each stratum. This product is the
number of incident ADEs expected in each stratum if
members exposed to the drug of interest had been
exposed to the comparator. The number of incident
ADEs was then summed across. the strata to the
monthly level to generate the number of expected
incident ADEs per month.

This approach for calculating expected counts is
valid if there is (i) a sufficient number of ADEs when
exposed to the comparator drug and (ii) if there are
considerably more ADE in the comparator group
(including historical data).

For this preliminary work we used data from the
entire 2000 to 2005 period to calculate expected
counts throughout the period. This helped generate
stable expected counts for these preliminary analyses.
Prospective application of this method might use
historical, concurrent or self-controls; all three
methods are either being used or considered for
vaccine safety surveillance.

Analyses

The maximized sequential probability ratio test. Se-
quential analysis'z"4 is used when there are repeated
looks at data over time, on a continuous, daily, weekly
or month basis, adjusting for the multiple testing
inherent in the method. We use a maxSPRT, developed
by VSD researchers for use in vaccine safety sur-
veillance, in this signal detection study.'® This is a
refinement of the classical sequential probability ratio
test'*'* in that it uses a composite alternative
hypothesis of relative risk >1 rather than a single
alternative such as relative risk=2. With the
maxSPRT, a drug adverse event signal is generated
if and when the log likelihood ratio (LLR) reaches a
critical value. The LLR test statistic at time 7 is
calculated as:

R = (=)
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where ¢, is the observed number of adverse events
up until and including time ¢. For this analysis using a
large cohort of historical controls we used a Poisson
distribution to calculate the LLR."”

Critical values. The null hypothesis is rejected the
first time the LLR exceeds a critical value, B (i.e.,
when LLR(?) > B). To establish the critical value, it is
necessary to specify the alpha level, which we chose to
be 0.05, and a pre-specified upper limit on the length
of surveillance defined in terms of the expected
number of observations (events) under the null
hypothesis. For this retrospective analysis of multiple
comparisons, a different upper limit was chosen for
each drug-event pair in such a way that the length of
surveillance would be approximately 72 months, but
with a minimum requirement of five expected events
under the null. The critical values were generated via
simulations and are available from tables provided by
Kulldorff et al.'®

RESULTS

The nine participating health plans extracted data from
administrative and membership records for over 8
million members over the 6 year study period. The
average membership period ranged from approxi-
mately 800 to 1500 days across the sites; 6.1 million
members had a membership of at least 270 days and
therefore qualified for inclusion in the analyses.

Table 2 presents summary data for all study
comparisons. A signal of excess risk of AMI among
celecoxib users compared to naproxen users was
identified in month 25, with 13 observed and about
5 expected AMIs. Excess risk of AMI among rofecoxib
users as compared to naproxen users was identified in
month 34 with 28 observed and 15.6 expected AMIs
(Figure 1). We identified a signal of excess risk of
rhabdomyolysis among cerivastatin users compared to
users of other statins, but the signal appeared after only
I observed ADE. As expected, we did not identify a
signal of excess risk for the two negative control
comparisons (clemastine and cetirizine). Clemastine
had 0 observed and less than 1 expected ADEs and
cetirizine had 6 observed and about 6 expected ADEs
(Figure 2).

Although a signal was detected for the celecoxib
and rofecoxib versus diclofenac, and lisinopril versus
ARBs comparisons, there were few exposed events
among the comparators (diclofenac and ARBs). This
is inconsistent with the requirement that the data used
to generate expected counts be large enough to

Copyright © 2007 John Wiley & Sons, Ltd.
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generate stable estimates. These results are presented
for illustration and to highlight issues related to
selection of comparators.

When rofecoxib users were compared to non-users,
the signal was detected in month 39, with 39 observed
and 23 expected AMIs (Figure 3). This was 5 months
later than when rofecoxib was compared to naproxen.
The month of signal detection was unchanged for the
other drug-event pairs when the comparison was made
against non-users. As shown in Table 2, each
comparison to non-users was based on hundreds if
not thousands of observed outcomes, thereby provid-
ing stable estimates for the calculation of expected
outcomes.

DISCUSSION

We used health plan automated claims data to conduct
a proof of principle evaluation of a prospective safety
monitoring system under some of the circumstances
that would apply if this method was applied
prospectively. Additional work will be required to
implement this method for active surveillance. In this
dataset, representing approximately 13 million person
years of experience, principally in health plans that are
relatively slow adopters of new medications, a signal
of excess risk was detected in four of the five
comparisons of known drug-event associations; we
did not observe a signal in the two negative controls.
Our findings support the continued investigation of
these data as a potentially important contribution to
drug safety surveillance using sequential methods.

The intent of sequential analysis is to quickly and
efficiently detect signals of excess risk that can then be
thoroughly investigated in clinical trials or by other
available epidemiological methods. Signal detection
using this methodology is not a substitute for
confirmatory studies and is not intended to imply a
causal relationship. Clearly, sequential analysis using
automated healthcare claims data will only be useful if
it has reasonable sensitivity and does not generate an
unacceptable number of false positives. One way to
reduce false positives is to only assess risk for those
signals that are flagged in pre-licensure studies, or are
of particular biologic relevance. Additional research is
needed to investigate the potential for false signaling
and the factors associated with false signaling.

Key implementation decisions include the identi-
fication of exposed health plan members, selection of
comparators, determination and definition of out-
comes and the classification of eligible person-time.
Decisions related to these specifications affect the
number of exposed and unexposed days and events
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infarction. Adjusted for age, sex and health plan

included in the analyses, thereby influencing the
timing of signal detection. For example, shortening
the exposure and diagnosis-free interval will include
more people in the analyses at the expense of incor-
porating less of their prior exposure and diagnosis
experience.

Signal detection using sequential analysis is closely
tied to population size; in general the more people

Observed and expected outcomes for rofecoxib users compared to naproxen users: 2000-2005. Outcome: acute myocardial

included the faster a signal will be detected or the
surveillance will be stopped. For example, all things
being equal, doubling the population should halve the
time to signal detection. Specification decisions also
impact cohort size and those decisions therefore must
balance the desire to include as many people in the
analyses as possible with the potential for confounding
and bias by comparing disparate groups.
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Observed and expected outcomes for cetirizine users compared to non-users: 2000-2005. Outcome: thrombocytopenia. Adjusted
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Figure 3. Observed and expected outcomes for rofecoxib users compared to non-users: 2000-2005. Outcome: acute myocardial infarction.

Adjusted for age, sex and health plan

Identification of an exposed population

We focused on incident users who had no exposure to
the drug of interest or any comparator drugs for the
6 months before the incident dispensing. Our decision
to include only incident users was meant to approxi-
mate the intended application of the methodology—
the prospective monitoring of a newly marketed
product. Although excluding prevalent users helped
avoid some biases (e.g., survivor bias),9 it is an open
question as to whether prevalent users could also be
used for this type of analysis. Our choice of a 6-month
exposure-free period is likely conservative and other
periods could be reasonable based on drug-specific or
other factors. In addition, we did not stratify by
dosage; we believe that this level of precision will be
important in confirmatory studies but less so in signal
detection. '

Selection of comparators

We compared the users of each drug of interest to an
active comparator cohort of health plan members
exposed to a drug or drug class used to treat similar
conditions as well as a group that comprises all non-
users of the drug of interest. Although we controlled
for age, sex and health plan variation, we did not
specifically control for treatment selection bias,

Copyright © 2007 John Wiley & Sons, Ltd.

including confounding by indication, or co-morbidities,
incorporating an active comparator was intended to
address these issues and should be considered when-
ever possible. However, the selection of the compara-
tor may introduce other treatment selection biases that
must be considered. For this reason, it may be
desirable to perform simultaneous evaluation of
different comparator groups to help interpret signals.
In any event, additional adjustment for confounding is
likely to be a useful refinement of this method.

Expected counts of events were generated using a
comparison group identified during the same period as
users of the drug of interest (i.e., concurrent controls).
Prospective application of this methodology may limit
the size of a concurrent control group, especially if the
control group is based on an infrequently used
product. Therefore, it will be important to carefully
balance the benefits of a concurrent control group with
the benefits of generating stable expected counts using
historical exposure and event data. It also may prove
desirable to use the self-control case series method for
some drugs with brief exposure intervals.'®"

Derermination and definition of outcomes

Selection of an appropriate ovtcome is an important
aspect of study implementation. Clinically well-
defined outcomes are those that can be identified in
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medical claims data with a high level of certainty and
little potential for misclassification. To maximize
specificity, we selected outcomes that were clinically
serious and that required treatment in an inpatient
setting.® We specified that each ADE was a ‘new’
event, defined as not having the same event in the
6 months before the incident dispensing. These
outcome decisions must be carefully considered to
balance the speed of signal detection with the
possibility of false signals. For this demonstration
work, we did not confirm diagnoses by review of
medical records, and there is likely some misclassi-
fication because of this. We anticipate that, in practice,
it will be necessary to confirm many of the outcomes
identified through diagnosis or procedure codes by
review of full text medical records or other means.

Eligible person-time

Classification of eligible person-time into exposed and
unexposed categories is substantially more compli-
cated for medications than for vaccines.® Drug expo-
sure may be continuous or intermittent over long
periods, and may include exposure to multiple agents
either in sequence or concomitantly. Assigning days as
exposed, unexposed or non-contributed for the
sequential analyses requires substantial clinical and
methodological consideration to balance the inclusion
of more patients versus the potential for confounding
and bias; additional work 1s needed to more
thoroughly understand these considerations.

Prospective evaluation of accumulating experience
of defined cohorts complements the passive safety
surveijllance because it addresses the main limitations
of spontaneous reporting, that is, no denominator.
Whereas spontaneous reporting systems often lack
information on the exposed population, our system
uses a known population with detailed exposure infor-
mation, thereby allowing calculation of relative risk
among various population cohorts. To the extent that
the relevant outcomes are reported within claims-
based systems, this method avoids the shortfalls
associated with both underreporting and reporting
bias.

Key benefits of the methodology relate to its use of
routinely collected health plan encounter and dispen-
sing data that are commonly used in epidemiological
research, minimal data requirements in terms of
needed data elements, the ability to simultaneously
apply the methodology within numerous data systems
and the use of highly summarized data structure
for aggregation across systems and analysis. Most
public and private health insurers in the U.S. have data

ht © 2007 John Wiley & Sons, Ltd.
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that could support sequential analyses. Because only
highly summarized data are needed for analysis, con-
cerns over sharing confidential data and patient
confidentiality are minimized. Expanding the avail-
able population to publicly funded systems like the
Veterans Administration, TRICARE, Medicare and
Medicaid and to private health insurers would
substantially improve the performance of the meth-
odology by increasing the sample size. This would be
especially important for monitoring newly marketed
products or those that have limited use.

An important study limitation was the limited
number of observed events for most comparisons,
including the negative controls and the active
comparators. Other limitations relate to the relatively
complicated set of decisions that need to be made for
implementation, pre-specification of the number of
expected events to continue surveillance, reliance on
the quality and timely availability of the underlying
health plan claims data, the need for enough historical
or concurrent comparator data to generate stable expec-
ted counts and the need for frequent data updates.
Additionally, there is limited practical experience with
implementation, analysis and reporting of results.
Guidelines will be needed to help investigators
establish methodological criteria to address issues
of exposure, events and setting a minimum number of
observations before accepting a signal. Additional
methodologic work that will enhance our under-
standing of the utility and limitations of this method
include assessment of the impact of assessing multiple
outcomes for each new drug on the likelihood of
identifying a signal, reporting confidence intervals for
the relative risk, better delineation of sensitivity and
specificity through simulation and comparison of
maxSPRT to other sequential methods.

The present study supports the use of a more fully
developed version of this method for actively moni-
toring drug safety. Active surveillance is an important
complement to passive safety surveillance as it holds

KEY POINTS

* Sequential analysis of near ‘real-time’ health
plan network data may be useful for drug safety
surveillance.

e There are a number of methodological issues
associated with drug safety surveillance in
health plan networks that must be addressed.

e The automated data needed to conduct near
real-time drug safety signal detection are
routinely collected by health plans.
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the potential to rapidly investigate the drug exposure
and safety experience within large, well-defined and
diverse populations.
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