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Abstract
Objective: Study designs involving self-controlled or exposure-matched samples are commonly used to monitor postmarket vaccine
and drug safety, and they use a subset of the available larger cohort. This article overviews group sequential methods designed for obser-
vational data safety monitoring that use the whole exposed and unexposed cohorts by implementing regression adjustment or weighting to
control confounding.

Methods: We summarize what is known about the performance of ‘‘whole cohort’’ methods in multisite health plan data networks such
as the Sentinel System of the Food and Drug Administration, where outcomes are rare, individual-level patient data cannot be pooled across
sites, site heterogeneity is large, and data are dynamically updated over time.

Results: Group sequential estimation and testing methods that use regression or weighting can flexibly handle electronic health care
data’s unpredictability, including an uncertain rate of new product uptake, variable composition of the population over time, and data
changes due to dynamic administrative updates. Regression and weighting methods generally have higher power, faster signal detection,
and fewer practical challenges compared with some design-based confounder adjustment methods.

Conclusion: Group sequential regression adjustment and weighting approaches are feasible and underused in practice. They leverage
more information than designs that involved sampling and increase power to detect rare adverse effects without increasing bias. � 2019
Elsevier Inc. All rights reserved.
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1. Introduction

Group sequential monitoring of clinical trials has been
used for decades to conduct routine evaluations of evidence
over time that can more rapidly detect treatment effects
compared with one end-of-study analysis [1]. Recently,
sequential methods have been modified for observational
safety surveillance using electronic health care record data,
including the Vaccine Safety Datalink [2] and the Food and
Drug Administration’s Sentinel System [3,4]. The goal is
faster identification of rare side effects in the early postap-
proval period as new vaccine or drug uptake occurs. In
nonexperimental settings like these, careful attention to
confounding is needed, and these newer sequential ap-
proaches offer numerous options: self- or historical-
control designs [5e7], exposure matching [7], stratification
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What is new?

Key findings
� Group sequential methods, which involve esti-

mating and testing drug-outcome associations over
time as new drug uptake occurs, can facilitate more
rapid identification of safety concerns compared
with a traditional one-time retrospective analysis.

� Group sequential methods that use regression or
weighting to control confounding use information
from the entire available cohort and can increase
power and speed in detecting rare events compared
with designs that sample a subset of participants.
Estimating a risk difference, instead of a ratio mea-
sure, can yield further efficiency gains in the rare
outcome setting.

What this adds to what was known?
� Group sequential methods from clinical trials have

been adapted for observational drug safety moni-
toring of rare adverse events in multisite, distrib-
uted, electronic health data settings like FDA’s
Sentinel System. These adaptations permit
confounder control, are designed to flexibly
accommodate unpredictability in health plan data,
such as an uncertain or slow new product uptake
rate and unknown composition of the new user
population over time, and have been shown to be
feasible in this new setting.

What is the implication and what should change
now?
� Compared with design-based confounder adjust-

ment methods that involve sampling, strategies
applied at the analysis phase, like regression or
weighting, permit greater analytic flexibility, and
result in fewer practical challenges when applied
sequentially in health plan data settings where data
change over time due to dynamic updating.
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[8], regression [9], and inverse probability weighting [10].
In practice, vaccine surveillance using health care databases
has typically involved self- or historical-control designs
[11e20]. For drugs, cohort designs with propensity score
matching are common [21e24]. Reviews of electronic
health recordebased vaccine surveillance studies that use
sequential methods have been published [25,26], and their
use in drug safety continues to emerge. In a related paper
in this issue (insert in depth paper hyperlink here), Cook
et al. present an in-depth real-world example application
of methodologies outlined in this paper to further demon-
strate and compare their use in practice.
Although a matched cohort design is advantageous for
many safety questions [27], one drawback is that it only
samples a subset of patients and does not use readily avail-
able information from the larger cohort, particularly if 1:1
matching is performed. Similar concern has been noted in
the analysis of matched caseecontrol data nested within a
larger cohort [28]. In postmarketing, assessing rare events
for which statistical power was limited in prelicensure trials
is a particular priority. Thus, excluding data by design may
be especially problematic because (i) new drug uptake can
be small relative to a large comparator population, and so
1:1 sampling could exclude many comparable patients
and (ii) safety outcomes are often rare, and so each lost
event represents a higher fraction of the (already limited)
total available information. Even in large databases, serious
adverse events may be few and a reduction of information
could slow or preclude safety signal detection.

In this paper, we overview group sequential methods
that have been adapted from clinical trials and use the
entire available exposed and unexposed cohort of interest.
They do so by incorporating confounding control at the
analysis phase using either regression adjustment [9] or in-
verse probability weighting [10]. Regression adjustment is
accomplished using a generalized estimating equations
framework to reduce modeling assumptions. We refer to
these methodologies, respectively, as group sequential
generalized estimating equations (GS GEE) regression
and group sequential inverse probability weighted (GS
IPTW) regression. We summarize what is known about
the performance of these ‘‘whole cohort’’ sequential
methods from both simulation studies and data applications
in the observational safety setting for which they were
developed: multisite, health care data networks like
Sentinel. Key setting features are rare outcomes, a distrib-
uted data environment where individual-level patient data
cannot typically be pooled across health plan sites, large
site heterogeneity, and data that are dynamically updated
over time as new information is captured for health plans’
administrative and clinical purposes.
2. ‘‘Whole cohort’’ group sequential regression
methods

Sequential methods control the overall false positive
(type 1) error rate across all analyses conducted over
time at a prespecified level and permit early rejection
of the null hypothesis (of no exposure-outcome associa-
tion) based on preset signaling rules. The methods re-
viewed herein involve both (1) risk estimation of the
association between an exposure and outcome that ad-
justs for confounders and (2) hypothesis testing, which
constructs a ‘‘safety signal’’ threshold at multiple sur-
veillance time points indicating statistical significance
of the estimated effect. We summarize the methods’
key features (Table 1), advantages and limitations
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(Table 2), performance, and how they fit into a broader
class of methods that one can envision for distributed
observational data settings (Table 3). Detailed method
descriptions have been published previously [9,10], and
the companion paper in this issue provides a detailed
illustration of their implementation in a multisite safety
evaluation of the combination measles-mumps-rubella-
varicella vaccine using the Food and Drug Administra-
tion Sentinel data (insert hyperlink for in-depth example
paper here).

2.1. Group sequential regression adjustment for odds
ratio or relative risk estimation (GS GEE)

As surveillance or study data accrue, GS GEE estimates
an exposure-outcome association using regression adjust-
ment for confounders at multiple sequential time points.
It can accommodate adverse events that occur relatively
quickly (e.g., within weeks) after new exposure initiation
by using logistic regression to estimate an odds ratio. It
can also be used for events that require longer follow-up
by using Poisson regression to estimate a relative risk that
accounts for differences in exposed person-time and
censoring due to loss to follow-up or medication switching
[9]. To protect privacy, the individual-level data at each site
(Appendix Table 1) are first deidentified via aggregation:
the numbers of outcomes and new users (or person-time)
are totaled within groups defined by categories of exposure
and confounders (Appendix Table 2) or categories of a pro-
pensity score. The grouped data are then combined across
sites and used in a single model with flexible regression
adjustment for categories of the confounders or propensity
score and for site. Interactions with site or other con-
founders may be included to address heterogeneity. The
use of a generalized estimating equations framework pro-
vides for robust standard errors [29]. The application paper
in this issue illustrates this logistic regression modeling
approach in Section 2.3.1, modeling the probability of an
acute seizure outcome with adjustment for categories of
age, sex, and site among a pediatric cohort of measles-
mumps-rubella-varicella vaccine recipients (insert in-
depth paper hyperlink here).

2.2. Group sequential inverse probability of treatment
weighting linear regression for risk difference estimation
(GS IPTW)

This ‘‘whole cohort’’ sequential method estimates a
multivariable adjusted risk difference and uses inverse
probability of treatment weighting based on a propensity
score to adjust for confounding [10]. It extends the nonse-
quential methodology proposed by Lunceford and Davidian
[30] and adapts it to a distributed data setting. Like sequen-
tial logistic regression, it applies when adverse events occur
relatively quickly after new exposure initiation. To estimate
a risk difference, linear regression is implemented with a
binary outcome. Instead of grouping data centrally across
sites, the inverse probability of treatment weighting regres-
sion approach uses meta-analysis. Individual-level data at
each site are used to fit separate propensity score models
and propensity scoreeweighted linear regression models
for risk differences. Only the site-specific risk differences
and their standard errors are combined centrally
(Appendix Table 3) using Mantel-Haenszel methods to
compute an overall site-stratified risk difference estimate.
Robust standard errors are computed to avoid using incor-
rect model-based estimates (i.e., to avoid a normal or bino-
mial assumption) of the variability. Standard errors are also
computed to correctly propagate the uncertainty associated
with estimating the propensity score, which can differ by
site especially when site sample sizes vary widely [10].
The exact formulation of the variance estimator is detailed
by Lunceford and Davidian [30]. Section 2.3.2 of the appli-
cation paper in this issue specifies how propensity score
models are fit and how GS IPTW is applied using data from
multiple Sentinel sites to sequentially evaluate the associa-
tion between receipt of measles-mumps-rubella-varicella
vaccine and seizure risk (insert in-depth paper hyperlink
here).
2.3. Hypothesis testing

Customary test statistics are computed for both methods:
a generalized score statistic for sequential regression
adjustment using GS GEE [27] and a standardized Wald
statistic (risk difference/sqrt(variance[risk difference]) for
GS IPTW regression. Exact permutation testing is used to
account for rare events and avoid incorrect large sample
normality assumptions. A unifying family of sequential de-
signs from group sequential randomized trials is used to
compute the signaling threshold at each analysis time point
and maintain the overall desired type 1 error [31]. This
methodology gives investigators flexibility to choose the
testing frequency (e.g., equally spaced over time or not),
a calendar-time (e.g., monthly) versus information-time
scale (e.g., number of new users since the previous anal-
ysis), and the signal threshold level at each analysis (e.g.,
constant over time [32] or higher at early versus later ana-
lyses [33]) based on scientific rationale specific to the
safety question [34]. Planned sequential thresholds can also
be modified over time to correctly control type 1 error
while accounting for unpredictable changes in the data
[35]. For instance, the unifying family approach can use
the most up-to-date data on drug uptake and population
characteristics at each analysis and correct the thresholds
accordingly. Finally, unlike alpha-spending methods that
define thresholds based on type 1 error, unifying family
thresholds are on the scale of the risk measure (e.g., the
relative risk) [36], which facilitates making design deci-
sions about what threshold value should constitute a con-
cerning level of excess risk using the interpretable



Table 1. Key features of the ‘‘whole cohort’’ sequential methods that implement either regression adjustment (for odds ratio and relative risk
estimation) or inverse probability of treatment weighted linear regression (for risk difference estimation)

Method Confounding adjustment Target of inference Data setting How privacy is preserved

GS GEE (logistic model) Regression adjustment for
categorical levels of a
propensity score or for
categorical levels of
individual confounders

Odds ratio (OR) Binary outcome and
exposure

Aggregate individual-level data
at each health plan site and
combine aggregated data for
central analysisGS GEE (Poisson model) Relative risk (RR) Person-time outcome

and exposure

GS IPTW (weighted linear
model)

Inverse probability of treatment
weighting (IPTW) with
weights based on a
propensity score

Risk difference (RD) Binary outcome and
exposure

Only the RD and its standard
error from each health plan
site is combined centrally.
Meta-analytic Mantel
Haenszel methods are used
to form a combined site-
stratified estimate.

Linear regression with binary outcomes for risk difference (RD) estimation is possible but has not been developed due to potential model
instability. Weighted regression methods that estimate relative quantities (e.g., odds ratio or relative risk) using inverse probability of treatment
weighting are also possible but not included for similar reasons.

80 J.C. Nelson et al. / Journal of Clinical Epidemiology 112 (2019) 77e86
quantity of interest [37]. Sequential design planning deci-
sions, their rationale, and hypothesis testing details are
considered in the context of the measles-mumps-rubella-
varicella vaccine safety example in Section 2.2 of the
related application paper in this issue (insert in depth paper
hyperlink here).

2.4. Summary

Observational safety surveillance using health care data-
bases raises a unique combination of challenges for sequen-
tial multivariable exposure-outcome estimation and testing:
confounding, distributed data, rare events, dynamic data,
and site heterogeneity. Both the sequential regression
adjustment using GS GEE and sequential weighting
methods using GS IPTW have been tailored to address
these issues: (1) they employ analysis-based confounder
control methods that facilitate use of the entire cohort, (2)
they use deidentified data because individual-level data
cannot generally be pooled across sites, (3) they perform
exact testing to handle rare outcomes, (4) they adapt a
sequential boundary methodology from clinical trials that
allows flexible corrections over time to respond to dynam-
ically updated outcome, exposure, and confounder data as it
is captured by the health plan systems, and (5) they address
heterogeneity across sites. It is also useful to note how these
existing methods fit into a broader framework (Table 3) and
can be easily extended. For instance, GS IPTW regression
could be applied using aggregated data combined across
sites (Appendix Table 2) if centralized analyses are
preferred or if there are not enough data at some sites to
fit site-specific risk difference models required for meta-
analyses.
3. Performance of ‘‘whole cohort’’ group sequential
regression methods

Because sequential methods have been primarily used in
trials, relatively little is known about the sequential applica-
tion and performance of regression adjustment using GS
GEE and weighting using GS IPTW regression methods
in an observational health care database safety setting like
Sentinel. In this section, we summarize the current knowl-
edge from simulation studies and data applications con-
ducted sequentially in this setting.
3.1. Performance of testing approaches used by the
whole cohort sequential regression methods

The two fundamental components of both the GS GEE
regression and GS IPTW regression approaches are exact
testing and a unifying family approach to compute sequen-
tial thresholds. Zhao et al. used a simulation evaluation and
a vaccine data example to provide the first proof-of-concept
combining these tools [38]. Nelson et al. demonstrated their
flexibility in an unpredictable observational setting by
applying them within the Vaccine Safety Datalink’s dy-
namic distributed network [19]. This 2008e2011 study pro-
spectively monitored the safety of a new vaccine among
149,337 children and addressed many unanticipated cir-
cumstances that can commonly occur when using elec-
tronic health care record data for safety surveillance [35].
For example, there was unanticipated differential vaccine
uptake by age group and site. Furthermore, an unexpectedly
large amount of previously missing data accrued at one
time point due to an unforeseen data quality issue at one
site that was later corrected, which resulted in one planned



How site heterogeneity is
addressed Test statistic Approach for rare events Sequential threshold Dynamic data updating

Health plan site is included as
confounder in the model.
Interactions between site
and exposure or site and
confounders can be included
as needed.

Score test Exact methods, using
permutation testing

Unifying family, with
thresholds computed via
simulation. This flexible
framework allows an
investigator to choose the
desired testing frequency
and the signal threshold
level at each time point from
a wide range of options and
based on scientific, ethical,
and statistical factors.

Estimation: Regression models
simply utilize the updated
outcome, exposure, and
confounder data in the
regression model.

A separate RD model is fit at
each site allowing the
exposure effect to vary
flexibly by site. The
combined RD estimate is
site stratified and accounts
for differences in propensity
score variability by site (e.g.,
due to sample size
differences by site)

Wald test
Testing: Sequential thresholds

can be updated over time to
reflect unexpected
differences between planned
and actual sequential testing
assumptions

Table 1 (Continued)
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analysis being skipped. Nelson et al. showed that the unify-
ing family sequential testing framework could successfully
address these unpredictable real-world data challenges
while maintaining the desired type 1 error by recomputing
the sequential thresholds at each analysis time point [19]
using the most up-to-date observed vaccine uptake and con-
founders at each analysis [35].
3.2. Performance of regression adjustment using GS
GEE for odds ratio and relative risk estimation and
testing

The first studies to examine the performance of sequential
regression adjustment method using GS GEE were done in
Mini-Sentinel [9,39,40]. One was a proof-of-concept for im-
plementing sequential Poisson regression using simulated
data that emulated a chronically used drug with long-term
event follow-up and censoring [39]. GS GEE using Poisson
regression adjustment with exact testing and unifying family
thresholds was compared to key existing methods: (1) the
conditional sequential sampling procedure, which uses strat-
ification to control confounding, exact testing, and alpha-
spending [8] and (2) Poisson regression adjustment using es-
tablished randomized trial testing methods: a large sample
Wald test and alpha-spending [36]. All methods successfully
detected a simulated true relative risk of two using data from
five sites with rare events (i.e., 5%outcome prevalence) at the
second analysis time point [39].

A follow-up simulation study more comprehensively
evaluated sequential regression using GS GEE compared
with these same alternative methods, with logistic instead
of Poisson regression and varying outcome prevalence
(1%, 5%, 10%), exposure prevalence (10%, 50%), and con-
founding strength (four scenarios with increasing con-
founding complexity) [9]. All three methods maintained
the prespecified type 1 error, but the conditional sequential
sampling procedure had lower power and slower signal
detection times. In a reanalysis of 19,264 recipients of a
pentavalent combination diphtheria and tetanus toxoids
and acellular pertussis adsorbed, inactivated poliovirus,
and Haemophilus b conjugate vaccine and 248,923 compar-
ators from a multisite Vaccine Safety Datalink study [19],
all three methods successfully detected the previously sug-
gested fever signal (odds ratio 5 |2), but the conditional
sequential sampling procedure P was slower to signal
(month 31) than both GS GEE regression with exact testing
and unifying family thresholds (month 18) and the alpha-
spending regression method (month 20) [9].

One additional study assessed the performance of GS
GEE using sequential logistic regression in a multisite,
observational rare event setting compared with exposure
matching [41]. The matching approach used 1:1 propensity
score matching, conditional logistic regression and, like
sequential regression adjustment using GS GEE, it used
exact testing (with a likelihood ratio test) and a unifying
family boundary. Two trial-based alpha-spending ap-
proaches were also compared, one that used the whole
cohort with regression adjustment and one that used a
matched design. In simulations with quarterly tests, all
methods had acceptable type I error. But, on average,
regression adjustment using either GS GEE or trial-based
alpha-spending was 10% more powerful, about 2 months
faster at detecting true safety signals, and less prone to im-
plementation difficulties than both matching methods.



Table 2. Advantages and limitations of ‘‘whole cohort’’ sequential methods that implement either regression adjustment (for odds ratio and relative
risk estimation) or inverse probability of treatment weighted linear regression (for risk difference estimation)

Method Advantages Limitations

GS GEE (logistic or Poisson regression model
to estimate a relative measure: odds ratio
[OR] or relative risk [RR])

� Uses adverse event data from all eligible
cohort members (i.e., from all exposed and
comparators), maximizing power

� Estimates an RR or OR, quantities well
understood by epidemiologists

� A flexible adjustment method that
- Can adjust for individual confounders or
for a summary score (e.g., categories or
smooth function of the propensity score
or disease risk score)

- can assess heterogeneity by including
interactions (e.g., with health plan site)

- can easily conduct subgroup analyses
� Is broadly applicable for short-term
(binary) outcomes and exposures as well as
chronic medication use and long-term
(person-time) outcomes, which is a
common setting for most drugs

� Easy to include dynamic data updates over
time. Modest updates to exposure and
confounder data should yield modest
changes to estimates/tests (since such
updates don’t alter who is in the cohort or
what outcomes are informative)

� Requires an adequate number of events in
exposed and unexposed groups, which are
often rare (for the outcome model)

� If adjustment for individual confounders is
desired,
- Number of confounders is limited if
events are rare

- Number of confounders is limited by the
need to ensure deidentified aggregated
data

� Need to remove/exclude outlying observa-
tions (analogous process to trimming for
propensity score matching and weighting
approaches)

� Current methods have not explored direct
modeling of an RD measure for binary
outcomes using linear regression

GS IPTW (inverse probability of treatment
weighted linear regression to estimate a
risk difference [RD])

� Uses adverse event data from all eligible
cohort members, maximizing power

� Estimates a risk difference (RD) quantity
that is often of interest to policy-makers

� A flexible adjustment method that
- can easily conduct subgroup analyses
- can adjust for a large number of con-
founders, even with rare events

- strongly controls for site heterogeneity
via a meta-analytic approach that allows
exposure effects to vary by site

� Directly accounts for differences in pro-
pensity score variability across sites

� Uses an RD, which may be more stable and
powerful than methods that make relative
comparisons of risk

� Easy to include dynamic data updates over
time. Modest updates to exposure and
confounder data should yield modest
changes to estimates/tests (since such
updates don’t alter who is in the cohort or
what outcomes are informative)

� Requires an adequate number of exposed
and unexposed patients (for propensity
score estimation)

� Less well known compared to other
confounder adjustment methods

� Is currently designed for short-term
exposure and acutely occurring outcomes
(i.e., is not applicable for chronic drugs
and long-term follow-up)

� Need to trim or restrict the cohort to avoid
including patients very unlikely or likely to
receive exposure (i.e., those with large
propensity score weights that can unduly
inflate the variance)
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Implementation difficulties were defined to occur when a
planned analysis had to be skipped because of lack of
accrual of informative new outcome data since the previous
test. This problem intensified for matching methods as the
frequency of testing increased because inherently fewer
new users were available for matching at each new analysis
(e.g., 15 out of 75 weekly analyses were skipped in one sce-
nario). When reanalyzing data from the Vaccine Safety Da-
talink combination diphtheria and tetanus toxoids and
acellular pertussis adsorbed, inactivated poliovirus, and
Haemophilus b conjugate safety study [19], the GS GEE
regression method successfully signaled (week 86), but
the matching methods failed to signal before the end of sur-
veillance (week 125). Estimated odds ratios also varied
across the methods, with the adjusted odds ratios from
GS GEE regression analyses stabilizing after week 71
(1.6e1.8) and the conditional odds ratios from matched an-
alyses steadily decreasing (from 1.6 to 1.2) [41].
3.3. Performance of weighting using GS IPTW
regression for risk difference estimation and testing

GS IPTW regression has been evaluated in simulation
studies and data examples within Mini-Sentinel’s



Table 3. General framework defining a class of methods for multivariable inference in a distributed observational setting

Use of information Confounder adjustment strategy Distributed data method

Target of inference

Odds ratio Relative risk Risk difference Hazard ratio

Whole cohort Regression Data aggregation GS GEE GS GEE

Meta-analysis

Inverse weighting Data aggregation

Meta-analysis GS IPTW

Stratification Data aggregation

Meta-analysis

Subcohort Matching Data aggregation

Meta-analysis
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distributed network, including the application paper pre-
sented in this issue (insert in depth paper hyperlink)
[10,42,43]. In the original report introducing this meta-
analytic, stratified, inverse probability of treatment weight-
ing approach, its performance was compared with two
‘‘gold standard’’ methods that allow individual-level data
to be pooled across sites [10]: (1) a single, pooled data
linear regression model adjusting for individual con-
founders and using robust standard errors and (2) a single,
pooled data propensity scoreeweighted linear regression
model with site included in the propensity score (i.e., non-
stratified inverse probability of treatment weighting). Pool-
ing is not typically feasible in a distributed data setting, but
it should theoretically yield ‘‘gold standard’’ estimates
because it can leverage the most granular level of informa-
tion. A simulation study assessed method performance un-
der a wide variety of scenarios for outcome prevalence
(0.1%, 1%, 5%), exposure prevalence (25%, 50%), site
sample sizes (equal vs. unequal), and strength of confound-
ing by site. The somewhat surprising main finding was that
GS IPTW (i.e., a stratified inverse probability of treatment
weighted estimate) was just as powerful as nonstratified in-
verse probability of treatment weighting, even when no
confounding by site was present and one would expect a
nonstratified estimate to do better [10]. In an analysis of
data from a prior Vaccine Safety Datalink study of the
measles-mumps-rubella-varicella combination vaccine and
seizure, both the stratified GS IPTW and nonstratified in-
verse probability of treatment weighting method identified
the known signal at the second analysis after 6,944
measles-mumps-rubella-varicella vaccine doses. Regres-
sion adjustment for individual confounders did not signal
until the 8th analysis and 47,831 measles-mumps-rubella-
varicella vaccine doses [10].

In the companion application paper in this issue
(insert in depth paper hyperlink) and in two more exhaus-
tive Mini-Sentinel technical reports [42,43], exposure-
outcome pairs with known positive associations were
used to compare the performance of GS IPTW regression
for risk difference estimation with estimation of a rela-
tive measure of risk (i.e., odds ratio or relative risk) using
GS GEE regression adjustment. The paper in this issue
presents results (in Section 3) from a sequential reanaly-
sis of the association between the measles-mumps-
rubella-varicella vaccine and seizure risk using data from
four Mini-Sentinel data partners from February 2006 to
July 2008 [42]. Both methods successfully detected the
known safety signal, but GS IPTW method signaled at
the fourth planned analysis after 1.75 years and 17,376
doses of measles-mumps-rubella-varicella vaccine while
GS GEE logistic regression did not signal until the eighth
analysis after 2.75 years and 48,233 doses. A similar re-
analysis of the known positive association between the
use of angiotensin-converting-enzyme inhibitors and
the risk of angioedema was conducted using four data
partners from June 2008 to December 2012 [43].
Although comparisons were limited by differences in
the data availability at each site, the GS IPTW risk differ-
ence method signaled after 43,636 new users were
observed while GS GEE logistic regression signaled after
111,329. In both examples, the risk difference approach
needed considerably less (35%e40%) information to
detect the known signal.
3.4. Summary

Sequential regression adjustment using GS GEE and
sequential weighting using GS IPTW regression methods
have performed well compared with other available methods
that might be selected for use in sequential, rare event, obser-
vational surveillance [9,10,39e43]. With respect to power
and signal detection speed, sequential regression adjustment
using GS GEE typically outperformed approaches that used
design-based confounder adjustment strategies (i.e., expo-
sure matching and the conditional sequential sampling pro-
cedure with stratification) and performed similarly to or
slightly better than established trial-based methods that make
large sample assumptions and use alpha-spending. GS IPTW
regression estimation of a risk difference has been shown to
be equally strong or stronger than ‘‘gold standard’’ risk dif-
ference estimation approaches that leverage pooled individ-
ual level data. And, it was found to be more powerful and
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yield substantially faster signal detection than sequential
regression adjustment using GS GEE that estimates a relative
measure of risk (i.e., odds ratio or relative risk).
4. Conclusions

We summarized existing knowledge about group
sequential methods for safety surveillance that use the
‘‘whole cohort’’ by incorporating confounding control us-
ing regression adjustment [9] or inverse probability of treat-
ment weighting [10]. Early studies of their performance
show strong promise for their use, but gaps remain. More
prospective implementation experience in distributed sys-
tems is needed to fully understand the impact of dynamic
data updating on these approaches. Simulation studies are
needed that provide clearer practical guidance on when,
based on outcome prevalence, it is important to use the
more computationally expensive exact sequential methods
to ensure valid inference as opposed to using trial-based
large sample techniques, which are simpler to implement
but make incorrect assumptions when events are rare. In
addition, there has not been a comprehensive simulation
evaluation to assess site heterogeneity, propensity score
model misspecification, or outcome misclassification.
Finally, gaining a more comprehensive understanding of
sequential analyses that directly monitor for safety signals
on the risk difference scale would be particularly useful
because policy-makers can more readily use a risk differ-
ence to compare risk and benefit, and the risk difference
is also less variable to estimate (than relative measures)
when events are rare, yielding higher power and faster
signal detection.

This literature suggests some caution when using
matching to control confounding in this setting. Practi-
cally, as the frequency of sequential testing is increased,
there are inherently fewer new users available to be
matched at each new analysis time point, which can
reduce the number and/or quality of matches. If condi-
tional models are used to account for the matching (i.e.,
where only discordant matched sets contribute informa-
tion), as testing frequency increases more planned sequen-
tial analyses must be skipped because of a lack of new
informative outcome data. Design-based confounder
adjustment strategies like propensity score matching can
also constrain downstream analysis options, for example,
making subgroup analyses by age or gender less straight-
forward. And, estimates from an exposure matched design
generalize to the population with a covariate distribution
that is similar to the exposed group, which is a moving
target and not a stable quantity over time. Regression
(or stratification) methods avoid many of these implemen-
tation issues and can also increase power.

Several enhancements to these existing sequential
regression approaches are worth pursuing. More flexible
survival regression methods, such as Cox models designed
for distributed data settings using regression or
stratification, are needed to assess longer-term event
follow-up. Sequential survival methods that estimate mea-
sures other than hazard ratios (e.g., survival curves) should
also be pursued because relative measures can be unstable
with rare events and proportional hazards assumptions may
be too restrictive. It may also be useful to explore sequen-
tial methods that focus more heavily on estimation than
testing, ‘‘signaling’’ when the effect estimate stabilizes to
a prespecified degree (indicating that further surveillance
would likely not yield additional information) as opposed
to when it exceeds a predefined threshold of concern. Some
of this work is currently being pursued [44].
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