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Abstract

Sequential safety monitoring using observational data:

A comparison of methods appropriate for

newly-licensed vaccines in children

Kelly G. Stratton

Chair of the Supervisory Committee:

Sequential safety monitoring of newly-licensed vaccines is a national health priority and

is routinely conducted using observational data. However, applying sequential methods in

observational settings where the adverse events (AEs) being monitored are rare is relatively

new and much is unknown about method performance. In this thesis we use simulations

and an example application to compare four existing group sequential (GS) methods: two

that use regression to control for confounding (GS Generalized Estimating Equations and

GS Lan-DeMets-Regression) and two that use one-to-one matching to control for confound-

ing (GS Likelihood Ratio Test and GS Lan-DeMets-Matching). We simulated five sites

and varied the amount of confounding by site, sample sizes of the sites, and prevalence of

the AE under surveillance. We also applied the methods to data from a recent Vaccine

Safety Datalink study. In the simulations, the matched methods were less powerful, were

slower to detect true safety signals, and experienced more implementation difficulties with

rare AEs compared to the regression methods. Across different confounding by site sce-

narios, differences in power to detect a safety signal depend on how evenly the AEs were

distributed across sites, the amount of statistical information at each site, and the direction

of the relationships between site and exposure or between site and AEs. In the data applica-

tion, both regression methods successfully detected a safety signal under a variety of testing

frequencies, while neither matched method detected a safety signal for any of the testing fre-





quency options we used. The differences in power and time-to-surveillance-end between the

matched and regression methods are largely explained by the reduction in data contributing

to the test statistic for the matched methods (i.e., reduction to discordant matched pairs).

Additionally, lack of newly accrued statistical information between analyses required us to

skip some analysis times for the matched methods. Our results indicate that the choice

of sequential method, particularly the choice of strategy for confounder control, is critical

in rare AE observational safety monitoring settings, and further study is needed to better

understand and optimize method performance.
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Chapter 1

INTRODUCTION

1.1 Importance and setting

Rapid post-licensure safety surveillance has become a national public health priority [1],

and safety monitoring of newly-licensed vaccines is now routinely conducted as part of the

Centers for Disease Control and Prevention’s (CDC’s) multi-site Vaccine Safety Datalink

(VSD) project [15, 21] as well as the Food and Drug Administration’s (FDA’s) Mini-Sentinel

pilot [10]. This type of surveillance aims to quickly identify or rule out what is often called a

“safety signal,” a quantitative indication that recipients of a newly-licensed vaccine have an

increased risk of an adverse event (AE) compared to those who receive an alternative or no

vaccine. Such monitoring within the VSD has prompted changes to national vaccine policy

[30] as well as reassured the public of the safety of particular vaccines [25, 36, 50, 11, 26, 33].

To accomplish rapid detection of safety signals, sequential monitoring methods are used so

that statistical analyses can be performed as new vaccine uptake occurs, instead of waiting

until a pre-specified end of study time point to analyze the data all at once. Post-licensure

safety surveillance is an important component of a vaccine’s development because, while

some safety information is known about a vaccine from clinical trials prior to its licensure,

these trials are limited with respect to the number and diversity of participants, as well as

the duration of follow-up.

In this thesis we compare a selection of sequential statistical methods that were either

designed for prospective observational vaccine safety surveillance or have been used for

sequential monitoring in clinical trials. The general setting for this work is sequential safety

monitoring of newly-licensed vaccines, where the data to be analyzed derive from electronic

health care information that is collected by managed care organizations during routine
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patient medical care visits. There are several key features of this setting to note. First,

vaccine exposure is limited to a single instance, as opposed to medications that are taken

daily or interventions such as pacemakers, where exposure is chronic. Methods appropriate

for safety surveillance in chronic exposure settings are available but not described here.

Second, surveillance is performed in order to detect AEs that are both rare and occur

acutely after vaccination. Third, the data are captured from multiple sites, and patient

privacy is protected by using a distributed data format in which only summarized data

(as opposed to individual-level data) from each site are combined centrally for analysis.

Fourth, the rate of uptake of the newly-licensed vaccine generally increases over time, and

at the beginning of monitoring the number of subjects exposed to the new vaccine can be

small. Last, the data used for surveillance are observational in nature. Specifically, they are

routinely collected for clinical and billing purposes by health care providers and, as such,

not based on an experiment where subjects are randomized to receive the new vaccine or

not. This lack of randomization makes necessary the selection of a comparator group that

minimizes the influence of confounding. Options for comparator groups that have been used

in practice include historical, self, and concurrent controls. Each choice of comparator has

advantages and limitations, requires different methods, and deserves study. In this thesis, we

consider methods designed for concurrent comparators who receive a similar vaccine (that

is already widely used) during the same time period in which uptake of the new vaccine

occurs. Concurrent comparators have been used in both the FDA’s Mini Sentinel pilot and

in the CDC’s VSD safety monitoring.

1.2 Thesis aims

Applying sequential methods in observational settings where outcomes are rare is relatively

new. Hence, there is much to learn about how the available methods perform in this set-

ting, particularly with regard to incorporating confounder control. This work aims to add

to knowledge about currently-available methods for sequential observational safety moni-

toring for rare AEs and increase awareness of their strengths and limitations by conducting

a simulation study to quantify empirical information about their statistical performance

characteristics. Specifically, we:
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1. Compute and compare type I error rates, power, and the time-to-surveillance-end be-

tween sequential methods that use either regression-adjustment or one-to-one exposure

matching to control for confounding.

2. Explore the impact that confounding by health care site has on these performance

characteristics by varying the:

(a) Sample size at each health care site.

(b) Strength of confounding by health care site.

3. Investigate the following practical issues related to method implementation when mon-

itoring for rare AEs:

(a) Performing sequential tests when little statistical information is available.

(b) Matching when AE prevalence is low.

We begin in Chapter 2 by providing a brief overview of sequential monitoring methods

used both in randomized clinical trials (RCTs) and in observational settings. In Chapter

3 we detail the selected sequential monitoring methods implemented in this thesis, which

use either a likelihood ratio test (LRT), a generalized estimating equations (GEE) approach

with a score test, or a standardized normal test statistic compared to a sequential stopping

boundary. We describe, in Chapters 4 and 5, respectively, the methods and results of

the simulations performed to compare these approaches. In Chapter 5 we also apply the

methods to a subset of observational safety monitoring data from the VSD’s surveillance of

a combination diphtheria, tetanus toxoids, acellular pertussis, inactivated poliovirus, and

Haemophilus b conjugate (DTaP-IPV-Hib) vaccine [25]. Finally, in Chapter 6 we discuss the

performance of the methods in the simulations and application, the impact of confounding

by site, the limitations of our approach to evaluate these methods, and potential areas for

future work.
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Chapter 2

OVERVIEW OF SEQUENTIAL MONITORING METHODS

2.1 Sequential monitoring

Sequential monitoring has been used for decades in RCTs as a way to monitor the results

of an intervention as subjects, and therefore data, accrue. This allows investigators to stop

the trial early if, prior to the pre-designated end of the study, there is sufficient confidence

that the intervention is harmful (in which case continuing to administer the intervention

would be unethical), or that the intervention is beneficial (in which case not making the

treatment widely available as quickly as possible would be unethical). In addition to the

ethical motivations for using sequential monitoring, the expected sample size is smaller

with a sequential monitoring procedure than without, so there is an increase in the cost-

effectiveness of trials; less time and money will be dedicated to a trial if it is stopped

early. Sequential monitoring can either be performed after a group of subjects accrues

(group sequential monitoring) or after each individual subject accrues (continuous sequential

monitoring). In RCTs, a group sequential monitoring procedure with one or two interim

analyses and a final analysis at the end of the trial is common. There is an extensive body of

literature as well as comprehensive reviews that describe sequential monitoring methods in

RCTs [3, 28, 49, 23, 24]. Here, we describe the basic use and statistical implications of group

sequential monitoring in RCTs, discuss additional components that must be considered

when using them or adapting them for use in the observational safety setting, and briefly

review the selected methods that are relevant to this thesis.

2.1.1 Repeated testing

When the same statistical hypothesis is tested repeatedly, a correction for multiple compar-

isons must be done in order to maintain the overall type I error rate at the desired level.

Consider a scenario where the same hypothesis test is performed T pre-specified times, with
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more data being accrued over time. To maintain the overall type I error rate we could

simply adjust the critical values at each test with a Bonferroni correction or other adjust-

ment for multiple comparisons. Now consider sequential testing, which can be viewed as a

special case of repeated testing. Again we pre-specify T analysis times. In this scenario,

however, we will cancel all remaining tests if, at one of the intermediate analyses, we find

sufficient evidence either for or against the intervention. Here, simply adjusting for multiple

comparisons will not maintain the overall type I error rate because in order to perform the

second test, we must fail to reject the null hypothesis at the first test. In order to perform

the third test, we must fail to reject the null hypothesis at the first and second tests, and

so on. In other words, this multiple testing approach is conditional on not having stopped

the trial at the previous analyses. Conditioning in this way causes the distribution of the

test statistic to be skewed, and this skewness must be accounted for when computing the

rejection boundary in order to correctly control the overall type I error rate.

2.1.2 Specifying a stopping boundary

For each test in a sequentially-monitored study we compare the observed test statistic, which

is computed based on all data accrued up to each analysis time, to a rejection boundary,

called the stopping boundary. Selection of a stopping boundary is guided by scientific, eth-

ical, and statistical criteria, and involves specifying the frequency of testing, the boundary

shape over time, the overall type I error rate to be maintained, and the total sample size,

which is often based on the amount of power desired at the end of the study. The bound-

aries are formulated in advance of testing based on these specifications, although sometimes

adjustments to the stopping boundary values are made at each analysis time if unplanned

circumstances related to the logistics of carrying out the study arise [22]. Various meth-

ods for formulating sequential testing boundaries have been proposed, and two common

approaches are α−spending [32] and unifying family [29]. In the α−spending approach, the

total amount of type I error, or α, to be spent during the study is divided between each of

the pre-specified analysis times. The unifying family literature offers a procedure to gen-

erate a wide spectrum of sequential testing boundaries that are based on the test statistic
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of interest rather than on α−spending. This procedure involves defining the shape of the

boundary on the test statistic scale and then iteratively searching for a boundary until one

that results in the desired overall type I error rate is found. This literature also shows that

stopping rules designed on the standardized test statistic scale are easily transformed to

rules on the α−spending scale.

Different sequential testing boundaries have different properties and thus are considered

appropriate for use in different contexts. In RCTs, common sequential testing designs

involve testing on a bi-annual or quarterly basis using a Pocock boundary [41], an O’Brien-

Fleming boundary [40], or general power family boundary function [23]. For instance, in

a study to detect efficacy, where overall power is of highest priority (since we do not want

an intervention to be incorrectly deemed ineffective), the O’Brien-Fleming boundary may

be desired [40]. In the safety evaluation setting, where detecting a safety signal as quickly

as possible is a primary goal, a Pocock boundary (which is lower at earlier time points

compared to an O’Brien-Fleming boundary) has been frequently used [31, 36]. Another

sequential design characteristic that is often varied depending on the context of the study

is the frequency of testing. A higher testing frequency than is typically used in RCTs (e.g.,

weekly testing) has been used in the safety monitoring setting, particularly for vaccines

[37, 31, 46]. This is considered justified since timeliness, even at the expense of a slight

reduction in statistical power, is a priority in safety monitoring. This allows us to detect

safety signals as quickly as possible and avoid any potential harm to future vaccine recipients,

who often are from vulnerable populations such as healthy infants and children. Moreover,

in observational surveillance it is usually feasible for safety monitoring to continue for a

longer period of time in order to gain more statistical power since the cost of additional

data capture within the health care databases that are commonly used for safety monitoring

is minimal. However, if the reduction in power from more frequent testing is substantial,

then signal detection may actually take longer than it would with less frequent looks. These

power and timeliness trade-offs are important issues to examine when designing a study.

One can think about the choice between the Pocock and O’Brien-Fleming boundaries in

the following context. The Pocock boundary was developed in the α−spending framework,

and has the property that, when plotted on the standardized test statistic scale, it is ap-
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proximately flat over time. If we instead use the unifying family approach for computing the

stopping boundary, we can specify a boundary that we call ‘Pocock-like,’which is exactly

flat over time on the scale of a standardized test statistic. The O’Brien-Fleming boundary

decreases proportionally to the square root of the total amount of statistical information

spent up to time t (i.e., decreases ≈
√

Nt/N where Nt is the sample size up to time t and

N is the final sample size) on the standardized test statistic scale. Thus, the Pocock and

Pocock-like boundaries compared to the O’Brien-Fleming boundary spend more α (relative

to the amount of statistical information) at earlier decision times, and less α at later deci-

sion times. In the safety monitoring setting, where rapid detection of an elevated number of

AEs is often of highest priority, this lack of early conservatism can be a desirable property

as it increases the power to detect a safety signal early in monitoring. The trade-off for this

earlier spending of type I error with a Pocock or Pocock-like boundary is that to achieve

comparable power, a larger maximum sample size is required compared to that when using

an O’Brien-Fleming boundary.

2.2 Observational settings

Sequential monitoring for rare safety outcomes in the observational setting is relatively

new. In this setting, where randomization is absent, sequential monitoring requires addi-

tional consideration in order to ensure valid statistical inference. A primary concern when

conducting sequential monitoring in an observational setting is confounding. A confounder

is a covariate that is associated with both the treatment (in our setting, the newly-licensed

vaccine) and the outcome (a rare AE). In RCTs, the randomization of subjects into treat-

ment groups allows us to assume that the treatment groups do not differ systematically in

the expected values of both the measured and unmeasured baseline covariates. Since obser-

vational studies lack random allocation to treatment groups, some form of adjustment for

the potential differences in measured baseline covariates should be made in order to avoid

confounding bias in the estimated treatment effect. (Note that there is no way to adjust for

unmeasured confounders.)

When conducting pediatric observational vaccine safety surveillance across multiple

health plan databases, it has been common to adjust for age, sex, and site as potential
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confounders. Depending on the health plan site, use of a new vaccine over a pre-existing

vaccine may be more or less likely. For instance, with emerging exposure uptake, initial us-

age of a new vaccine may be lower at larger sites than at smaller sites. In this case children

enrolled at a smaller site would be more likely to receive the new vaccine than children who

visit a larger site, at least during the beginning portion of safety monitoring. In addition,

physicians at different sites may have different AE coding practices; that is, they may differ

in the way that they record AEs using International Classification of Diseases, 9th Revision

(ICD-9) codes. Thus, children enrolled at certain sites may be recorded to have experienced

fewer (or more) fevers, for example, than they experienced in actuality or compared with

children at other sites. These differences in vaccine uptake and in AE coding practices by

site mean that site is often associated with both the probability of exposure to the vaccine

and the probability of outcome, making it a confounder for which statistical analyses must

be adjusted.

In traditional (i.e., non-sequential) observational studies, adjustment for confounders is

standard practice and has generally been accomplished by using one of the following ap-

proaches: regression adjustment for the measured confounders, matching subjects on the

measured confounders or on propensity scores, stratifying subjects into groups defined by

different categories of the measured confounders, or employing inverse probability of treat-

ment weighting where the weights are a function of the measured baseline confounders.

However, most existing sequential methods were developed in the context of RCTs and

thus have not historically focused on incorporating confounder control. Theory suggests

that similar confounding control techniques, such as regression [27], can be used in sequen-

tial settings, but these approaches have not been well studied in observational contexts in

practice or with rare events. Recently, as the framework for rapid post-licensure safety

surveillance has emerged, sequential methods with confounding adjustment have been pro-

posed and applied in observational safety monitoring. A brief history of selected sequential

monitoring methods developed for and used in this setting follows.
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2.3 Methods for sequential monitoring

One approach recently used within the VSD [14, 20, 9] is the maximized sequential probabil-

ity ratio test (MaxSPRT), detailed by Kulldorff [31]. This method uses a generalized LRT

statistic [46] with continuous sequential testing of composite hypotheses and incorporates

adjustment for potential confounders. It was developed as an extension of Wald’s sequential

probability ratio test (SPRT) [47] for continuous testing of a simple null against a simple

alternative hypothesis. MaxSPRT further assumes a flat continuous boundary on the LRT

scale, but incorporates an additional analysis time at the end of the study.

The MaxSPRT method has two versions, which allow for different choices of comparator

groups to control for confounding. The Binomial MaxSPRT is for the two sample setting

(i.e., for independent concurrent controls, who receive a comparable vaccine in the same

time frame as the newly-licensed vaccine is administered) while the Poisson MaxSPRT is

for the one sample setting (i.e., for comparisons to historical controls, from whom expected

AE rates, which are assumed known, are calculated). This thesis focuses on the concurrent

control setting and thus on use of the Binomial MaxSPRT. To control for confounding,

the Binomial MaxSPRT uses exposure matching with a fixed matching ratio. Since the

method involves continuous testing (which is often implemented in practice as weekly test-

ing), matching is conducted among the subset of newly accrued subjects each week. As

a relatively limited number of subjects may accrue between weekly tests, use of fixed ra-

tio matching can be difficult. Matching can be further complicated by the strictness of

the matching criteria on other confounders (e.g., age). This is an example of the “bias-

variance” trade-off, where matching too strictly can result in a loss of subjects and thus a

loss of power, but matching too loosely can introduce bias.

The MaxSPRT approach can be viewed as part of a broader class of sequential general-

ized LRTs that employs continuous testing and has been detailed by Shih [46]. Zhao et. al

[52] also recently described and implemented a similar generalized LRT method on a group

sequential testing basis. This method, which we call a group sequential likelihood ratio test

(GS LRT), has been evaluated for use within the FDA’s Mini-Sentinel pilot [2]. GS LRT is

more broadly applicable than MaxSPRT because, in addition to allowing greater flexibility
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in testing frequency (non-continuous testing is an option), it was designed to accommodate

various boundary shapes over time using a unifying family boundary approach.

Two other methods that were designed specifically for the observational safety moni-

toring setting and offer additional options for confounder control have also been proposed.

One of these is the conditional sequential sampling procedure (CSSP) [34]. CSSP is an

α−spending approach that uses stratification to adjust for confounders and is designed

for chronic exposure and rare AE settings. Another recently developed method, group se-

quential generalized estimating equations (GS GEE) [18], allows analysis-based confounder

adjustment using regression. GS GEE uses estimating equations theory to compute a score

test statistic. This method was designed for use with rare AEs and does not rely on asymp-

totic assumptions for boundary formulation. Instead, it uses a unifying family approach to

compute the stopping boundary. Computing the test statistic and boundary in this way

makes this method robust in the rare event setting, although also more computationally

intensive, relative to other available methods.

A final method worth considering for use in observational sequential safety monitoring

was developed by Lan and DeMets and has primarily been used in RCTs [32]. Lan and

DeMets’ approach compares a standardized test statistic to a stopping boundary that is

formulated using an α−spending approach. Two important assumptions on which this

method relies are the asymptotic normality of the test statistic and the accrual of data in

independent increments. This method was an improvement over existing RCT sequential

testing methods at that time because it did not require prior specification of the number and

timing of the analyses, it involved a relatively simple boundary calculation, and it relied on a

well-defined asymptotic distribution. Although this method was designed for use in RCTs, it

can accommodate confounder control, for instance as shown by Jennison and Turnbull [27].

We refer to the Lan and DeMets method with confounder control as group sequential Lan-

DeMets (GS LD). GS LD is appealing for its simplicity and its flexible confounding control,

but it warrants further investigation in the observational safety setting because monitoring

for rare AEs and highly frequent testing may violate the large sample and independent

increments assumptions on which the method relies.

As evidenced by the methods described in this section, sequential testing for observa-
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tional safety surveillance is relatively new. A variety of approaches with different methods

for confounder adjustment are now available. While there has been some investigation into

the performance of these methods [18, 46, 38, 37, 31, 16], there remains much to be learned

about their comparative performance, both in simulated settings and in practice. In par-

ticular, little is known about how the use of matching to control for confounding compares

to an analysis-based regression adjustment approach and how the strength of confounding

by health plan site affects method performance. In this thesis, we examine the following

group sequential methods for observational safety monitoring of pediatric vaccines: GS LRT

using one-to-one exposure matching to control for confounding; GS GEE using regression

adjustment to control for confounding; GS LD-R using regression adjustment to control for

confounding; and GS LD-M using one-to-one exposure matching to control for confounding.

In the next chapter we more explicitly define each of these approaches.
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Chapter 3

SEQUENTIAL MONITORING METHODS COMPARED IN THIS
WORK

We begin by defining the notation used throughout this thesis, and then we describe each

of the sequential monitoring methods that we compare. The general characteristics of each

method are shown in Table 3.1.

Table 3.1: Overview of the basic characteristics of the four group sequential methods we
compare for use in observational safety monitoring.

Method Type of confounder
control

Boundary formulation
approach

Test statistic

GS LRT 1:1 exposure matching Unifying boundary Likelihood ratio
GS GEE Regression adjustment Unifying boundary Score
GS LD-R Regression adjustment α−spending Score
GS LD-M 1:1 exposure matching α−spending Wald

3.1 Notation

We denote the sequential analysis times by t = 1, 2, . . . , T and the individuals (who receive

either the newly-licensed vaccine or a comparator vaccine) up to time t by i = 1, 2, . . . , nt.

Exposure to the newly-licensed vaccine for subject i is given by Xi = 1 and lack of exposure

by Xi = 0. The AE outcome is denoted Yi = 1 if subject i experienced the pre-specified AE

and Yi = 0 otherwise. Baseline confounders (i.e., confounders that have fixed values, known

prior to vaccination) for subject i are given by Zi. When monitoring vaccine-related safety

outcomes in children using concurrent comparators, three confounders commonly considered

are age, sex, and site, thus Zi = {Zage,i, Zsex,i, Zsite,i}.

The hypothesis of interest in our setting is based on the relative risk (RR) of a pre-

specified AE conditional on Z, comparing a child vaccinated with the newly-licensed vaccine



13

(Xi = 1) to a child not vaccinated with the newly-licensed vaccine (Xi = 0), namely

H0 : RR = 1

HA : RR > 1.

To test this hypothesis, a stopping boundary, c(t), and test statistic, S(t), are computed

according to the sequential monitoring method used. The hypothesis is tested at each

pre-specified analysis time, t, and if S(t) exceeds c(t), then H0 is rejected. Otherwise, we

continue to the subsequent analysis time. This process is repeated until we detect a safety

signal or until we reach the pre-defined end of study. The end of the study can be defined

based on calendar time (e.g., stop monitoring after two calendar years have passed), sample

size (e.g., stop monitoring after accruing 10,000 subjects), or statistical information (e.g.,

stop monitoring after observing a certain number of AEs). The choice of which metric to

use depends largely on the context of the monitoring and the decision-makers involved.

We use calendar time because this is a common choice used in the VSD. At each analysis

time, more subjects (and potentially more instances of the AE) are available for analysis,

so in theory more statistical information is available as time goes on. The function c(t) is

designed to maintain the overall type I error rate by adjusting for the repeated testing and

accounting for the skewed distribution of the test statistic that arises from conditioning on

whether or not earlier test statistics exceeded the stopping boundary.

In simulations performed in this thesis, we conduct quarterly analyses and hold the shape

of the stopping boundary constant (i.e., flat or nearly flat on the scale of the standardized

test statistic) across all methods. The test statistic, the method used to formulate the

stopping boundary (α−spending or unifying family), and the method of confounder control

all vary according to the sequential monitoring method used (Table 3.1).

3.2 Group sequential likelihood ratio test (GS LRT)

The first method we examine is GS LRT, which is a modification of Binomial MaxSPRT

[31] in several ways. Both GS LRT and Binomial MaxSPRT control for confounding using

fixed ratio exposure matching. However, the likelihood used by GS LRT is the standard
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conditional logistic regression likelihood, which conditions on the matched pairs [12]. This

is a slight modification from the Binomial MaxSPRT, which instead conditions on the total

number of AEs. The Binomial MaxSPRT likelihood is reasonable in the rare AE setting and

is valid under the assumption that only a single AE is observed per matched set. For the

one-to-one matching scenario and the rare AE setting, the two approaches are equivalent.

In GS LRT’s conditional logistic regression likelihood, only the discordant matched sets

(i.e., the pairs with either an unexposed AE or an exposed AE, but not both) contribute

statistical information. In the one-to-one matching scenario this reduces the data at time

t to the kt discordant, or informative, matched pairs. The data structure for the one-to-

one conditional logistic regression approach assumes that kt is the number of informative

matched pairs at time t, Ys,j = 1 if the jth (j = 1, 2) subject belonging to informative

matched pair s experiences the AE and Ys,j = 0 otherwise. Xs,j indicates exposure to the

vaccine. The conditional logistic likelihood is the following

Lc(β(t)) =
kt∏

s=1

exp(
2∑

j=1
Ys,jXs,jβ)

1 + exp(β)
.

Assuming this partial conditional likelihood, the maximum likelihood estimate of β(t) is

ˆβ(t) = log

( ∑kt
s=1 Ys,jXs,j

kt −
∑kt

s=1 Ys,jXs,j

)
,

which is, among discordant pairs, the log of the total number of exposed subjects who

experience the AE divided by the total number of unexposed subjects who experience the

AE.

The second modification of GS LRT from the Binomial MaxSPRT is that GS LRT allows

group sequential monitoring in addition to continuous sequential monitoring. (Note that

continuous sequential monitoring can be thought of as a special case of group sequential

monitoring, where the ‘group’ is an individual.) Finally, GS LRT permits more flexible

boundary options. In this paper, we use a Pocock-like boundary, which is flat on the scale

of the standardized test statistic. Further, we restrict our attention to one-to-one exposure
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matching and do not investigate more flexible matching techniques. The specific matching

procedure we use when implementing GS LRT is described in more detail in Section 3.5, and

descriptions of more general matching approaches (such as one-to-m or m-to-n matching)

are available from Kulldorff [31] and from Cook [18]. We focus on one-to-one matching

because it is simple and commonly used in practice. This straightforward setting allows us

to explore the basic performance characteristics and practicalities of implementing matching,

the latter of which will apply to any matching scheme. The GS LRT test statistic at time t

uses the standard conditional logistic likelihood, assumes a one-sided alternative hypothesis

(HA : RR > 1), and is given by the following:

SLRT (t) =


log
(

Lc( ˆβ(t))
Lc(0)

)
, if

kt∑
s=1

2∑
j=1

Xs,jYs,j > 0.5
kt∑

s=1

2∑
j=1

Ys,j

0, otherwise

.

Defined in this manner, the log likelihood ratio (LLR) test only rejects the null hypothesis

of no difference in AE risk between the exposed and unexposed subjects if we observe more

AEs among those vaccinated with the vaccine of interest than expected. Using a one-to-one

matching ratio, this means that in order to observe a safety signal, at least half of the

observed AEs must be among the exposed.

To formulate the stopping boundary under H0 we use the unifying family approach, a

Pocock-like boundary shape (i.e., a flat boundary c(t) = c where c is constant across all

analysis times), and the following simulation approach:

1. For a given dataset, at each analysis time, t, match the subjects one-to-one and retain

only the discordant matched pairs. This yields an informative matched pairs dataset

(X1,1, Y1,1, X1,2, Y1,2, . . . , Xkt,1, Ykt,1, Xkt,2, Ykt,2).

2. Permute the exposure values within each informative matched pair (Xs,1, Xs,2) to

create (X(p)
s,1 , X

(p)
s,2 ), while fixing the outcomes. This forms a set of P (p = 1, . . . , P )

permuted datasets under the null hypothesis.

3. For each analysis time and each permuted dataset, calculate S
(p)
LRT (t).
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4. Finally, calculate S
(p)
LRT = sup

t
S

(p)
LRT (t). Define the critical value, c, as the (1 − α)th

percentile of these P permuted realizations of SLRT under H0.

This simulation approach holds the overall type I error rate at α by setting c equal to the

value where, at most, (1−α) ∗P permuted datasets reject H0 and signal at any of the time

points. Once this stopping boundary, c, has been computed using these simulation steps,

we can apply it in practice. Specifically, to assess whether the observed data has signaled,

at each analysis time we compare the test statistic, SLRT (t), to c and stop monitoring either

at the earliest t such that SLRT (t) > c, or at the final analysis time.

3.3 Group sequential generalized estimated equations (GS GEE)

GS GEE is another group sequential method that was developed for, and has been used

in, the observational safety surveillance setting [18]. GS GEE is a flexible method that

can be applied to monitor chronic or single time exposures for binary, continuous, or count

outcomes. The general method is described in [18], but in this thesis we focus on the case

with a single point in time exposure and a constant probability of AEs occurring within

an acute risk window following exposure (i.e., the vaccine setting). When defining the

test statistic, this method takes advantage of the theory of generalized estimating equations

[35, 51] and the generalized score statistic [43]. Hence only the mean model must be correctly

specified in order to provide consistent, asymptotically normal estimators of the regression

parameters. We first assume the following mean model under H0:

g(E[Yi(t)]) = g(µi) = β0 + βzZi, (i = 1, . . . , nt),

where g(·) is the logit link function. The marginal variance under H0, which depends on

µi, is given by V ar(Yi|Xi,Zi) = µi(1 − µi). We then specify the family from which the

data come, which is binomial in our binary AE case, and compute the generalized score

statistic [43], SGEE(t). Confounding control is accomplished via regression adjustment for

the individual confounders.

To compute the stopping boundary, we use the same unifying family approach as the

GS LRT. However, the data we use for GS GEE are very different. For this method we
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use the entire dataset at each analysis time, (X1, Y1, · · · , Xnt , Ynt) where nt is the number

of subjects accrued between the (t − 1)th and the tth analysis times (rather than just the

informative matched pairs used by GS LRT). We derive the boundary by permuting the

exposure data across subjects within analysis time points (as opposed to within matched

pairs within analysis times points as for GS LRT), and calculate the generalized score

statistic (instead of the LLR test statistic used in GS LRT). Similarly to GS LRT, we set

c(t) = c to be the value where at most (1− α) ∗ P permuted datasets reject H0 and signal

at any of the time points. At each analysis time, we compare SGEE(t) to c, and continue

monitoring as long as SGEE(t) does not exceed c.

3.4 Group sequential Lan-DeMets (GS LD)

Lan and DeMets’ α−spending group sequential approaches [32] have primarily been used

in RCTs, but here we adapt a specific α−spending procedure for use in observational safety

monitoring, as done previously by Cook [18]. In particular, we incorporate control for con-

founding in the methods we call GS LD-R, which uses regression to control for confounding,

and GS LD-M, which uses one-to-one exposure matching to control for confounding. In

these approaches, the test statistics are directly formulated (either via regression or match-

ing) to control for confounding. In GS LD-R we use the same generalized score statistic as

in GS GEE, so that these two methods may be compared fairly. In GS LD-M we use the

same conditional logistic regression model as in GS LRT, but instead of using a LRT we use

the more commonly used Wald test statistic, SLD−M (t) = βx√
V ar(βx)

, from the conditional

logistic regression model where βx and V ar(βx) are estimated using standard maximum

likelihood estimation techniques. Note that for both GS LD-R and GS LD-M, the test

statistics are standardized.

To specify the shape of the stopping boundary, we use an α−spending approach. At

sequential testing time point t, the cumulative type I error rate is given by the monotonic

increasing function α(t), where

α(t) = cumulative type I error spent at the tth analysis time, and

0 < α(1) = . . . = α(t) = . . . = α(T ) = α,
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where α is the total type I error we wish to spend over the course of the study. Any

function that preserves the family-wise error rate can be used, and common choices include

the Pocock boundary function, α(t) = α
T log(1 + (e − 1) ∗ t), and the O’Brien-Fleming

boundary function, α(t) = 2− 2φ
(

z1−α/2√
t

)
. We use a Pocock boundary, which is nearly flat

on the scale of the standardized test statistic. Based on a given error spending function, Lan

and DeMets [32] developed a method that constructs a conditional (on not having stopped

yet) asymptotic stopping boundary to which a standardized normal test statistic, in our

case SLD−R(t) or SLD−M (t), can be compared. To compute the stopping boundary, we use

the ldbounds package [13] in R. The boundary values, c(t), for this method only vary with

the number of looks (the fewer the looks the lower the boundary values); thus GS LD-R

and GS LD-M use the same stopping boundary as long as the same number of analyses are

performed. If SLD(t) exceeds c(t) monitoring is stopped, otherwise data collection continues

until the next analysis time or the pre-specified end of study.

3.5 Propensity score matching

When matching in the rare AE setting, estimation can be especially difficult if there are

many confounders requiring control. One way to proceed in this situation is to summarize

the confounders with a single score, such as the propensity score (PS), and to use that

score to control for all of the confounders. In light of this motivation for using the PS, and

given its recent popularity for confounding control [19, 6, 45, 4, 5], we implement one-to-one

exposure matching on the PS in both the GS LRT and GS LD-M methods. To estimate

the PS, a standard approach is to fit a logistic regression model, logit(P (Xi|Zi)) = βx,zZi,

and define the estimated PS as the predicted probabilities from the model. In our case, the

observed covariates used to obtain the estimated PS are the observed confounder values zi,

yielding

P̂S(zi) =
exp(β̂x,zzi)

1 + exp(β̂x,zzi)
.

While there are various ways to use the PS to control for the measured confounders, in-

cluding as an adjustment variable in a regression model or as inverse probability of treatment

weights [18], we focus on one-to-one matching based on the PS. Controlling for confounding
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via PS matching instead of jointly matching on individual covariates is advantageous be-

cause the use of the PS allows many confounding variables to be summarized into a single

variable upon which matches can be formed. Particularly with multiple confounders, it can

be difficult to form matches based on the covariate values, which can lead to discarding

much of the data (due to the inability to find matches for some subjects). For instance, the

total number of strata formed by two sexes, two age groups, and five sites is 20. In the rare

AE setting it is likely that some of these strata will not contain subjects who experience an

AE, and the loss of subjects (for any reason) is especially troublesome when AEs are rare.

When matching, any strata not containing subjects who experienced an AE are excluded

from the analysis because these strata do not contain any statistical information. Thus, the

fewer individual covariates we match on, the less statistical information we stand to lose.

The downside to matching on fewer individual covariates is that confounding control may

not be as tight. Another issue is that PS matching may match subjects who are dissimilar

in terms of their actual baseline covariates; for instance a match may form between a 6 week

old male and an 18 month old female if they have a similar propensity to be vaccinated.

When deciding to match on the PS, we must weigh all these considerations.

In our implementation of PS matching, at each analysis time we estimate the PS only

for the new subjects who have just entered the study and then match these newly exposed

subjects to newly unexposed subjects from the same site. There are innumerable ways

to form matches based on the PS, and we implement a matching scheme that aligns with

recent published studies [4]. Namely, we match exposed to unexposed subjects enrolled

at the same health plan site whose PSs are within 0.025 of each other [8]. For simplicity,

we match without replacement because matching with replacement means that the same

unexposed subject could be matched to multiple exposed subjects, and when this occurs, it

is necessary to account for the lack of independence between the pairs [5]. The R package

Matching [44] is used to form matches within the data. In order to implement the matched

methods to their best ability and to follow good statistical practice of analysis following

design, we account for the matching in our analyses for both GS LRT and GS LD-M by

conditioning on the matched pairs when computing the test statistic via conditional logistic

regression. For GS LRT we further incorporate matching when calculating the sequential
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testing boundaries by permuting exposures within matched pairs.
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Chapter 4

SIMULATION STUDY METHODS

We performed a simulation study to compare the performance characteristics of the four

sequential methods (GS LRT, GS GEE, GS LD-R, and GS LD-M) described in Chapter 3 in

settings varying the exposure prevalence, AE prevalence, amount of confounding by site, and

sample size at each site. Our primary aim was to compare the methods that use matching to

control for confounding to the regression-based adjustment methods. Matched methods are

being used in this setting in practice but they have not been systematically evaluated for use

in sequential observational safety surveillance where the AEs being monitored are often rare.

We compare the methods based on type I error rate, power, and time-to-surveillance-end.

For a given simulation setting we performed 1,000 simulations and used the same data across

the methods. The type I error rate for a simulation set was computed as the mean number of

simulations that stopped monitoring early under the null hypothesis. Time-to-surveillance-

end was defined across the 1,000 simulations as the average number of days until we either

detected a safety signal or reached the pre-defined end of study, whichever occurred first.

Power was computed as the mean number of simulations under the alternative hypothesis

that stopped monitoring early. Simulations were performed using R 2.14.2 [42].

4.1 Generating data

For each simulation, we generated a dataset with n = 10, 000 subjects and included three

confounders: age group (0-1 year or >1 year), sex, and site, which was generated from

a multinomial distribution. Table 4.1 shows the precise distributions and definitions for

each of these confounders. We specified T = 8 equally-spaced analyses conducted over a

two year period, held the type I error rate at 0.05, and used a stopping boundary that

was flat or nearly flat on the standardized test statistic scale (i.e., Pocock-like or Pocock

boundaries). We define Z̄ as the average confounder distribution across all confounders.
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The average probability of an AE for the unexposed subjects given the average confounder

distribution for the entire population (both exposed and unexposed subjects), P (Y |X =

0, Z̄), was set either to 0.05 or 0.01. For the simulations where P (Y |X = 0, Z̄) = 0.05, we

set the RR(Y |X,Z) = 1.3 and for the simulations where P (Y |X = 0, Z̄) = 0.01, we set the

RR(Y |X,Z) = 2. We used different RRs for the settings where P (Y |X = 0, Z̄) = 0.05 versus

0.01 so that we would achieve and be able to evaluate power in a desirable range (0.80 - 0.90)

for both settings. Finally, we set the average probability of exposure, P (X), to 0.25. This

meant that subjects within some sites or age groups may have had an exposure prevalence

greater or less than 0.25, but that the average exposure prevalence across all confounders

was 0.25. This value was chosen because (1) it is realistic in practice for a newly-licensed

vaccine in the initial stages of uptake in a population, (2) using a larger value when doing

exposure matching could result in the loss of some of the exposed individuals (since some

strata could have an exposure prevalence of greater than 50%), and (3) using a smaller value

would result in a smaller matched sample because we are matching one exposed individual

to one unexposed individual. A smaller matched sample would be problematic because this

would likely mean fewer informative matches and thus a reduction in power, and we did not

want to penalize the matched methods in this way. In choosing P (X) = 0.25, our primary

goal was to design a simulated data set that was realistic based on previous observational

safety monitoring studies, but also fair when considering the resulting size of the matched

sample. We expected to see a loss of power for the matched methods, and so wanted to

make them as powerful as possible, given realistic practical constraints, when comparing

them with the regression methods.

For each subject, the categorical confounders Zi = [Zage,i, Zsex,i, Zsite1,i, Zsite2,i, Zsite3,i,

Zsite4,i, Zsite5,i] were defined according to the distributional assumptions shown in Table

4.1. For each simulation, all subjects had the same RRs of exposure and AE given sex and

age. Technically, sex was generated as a precision variable and not a confounder because

we set the RR for exposure comparing boys to girls to be one. This is reasonable to

assume because exposure to a new vaccine is typically not differential between boys and

girls within the same health care site. However, adjustment for sex is common in this

type of monitoring, and so we included it in our work to reflect this practice. The RR
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of AE may plausibly differ by sex, thus we chose a modestly elevated RR(Y |X, Zsex = 1)

of 1.2 among vaccinated boys. We specified the risk of exposure to be higher for children

between 0-1 year of age than for children older than one year, RR(X|Zage) = 0.5, because

many infant vaccines are given as part of a series, with three doses administered prior to

one year of age and a single booster after one year. We also specified a higher risk of AE

for older children, RR(Y |X, Zage) = 1.5 since children who have already received several

vaccinations often have increased reactogenicity to later doses of the same vaccine because

their bodies recognize some of the vaccine agents as foreign (i.e., immune memory after

primary vaccination).

Confounding and heterogeneity by site can be complex in observational safety mon-

itoring settings like the VSD. Thus, a key goal of our simulation study was to explore

method performance under a variety of site sample size and confounding scenarios. Specifi-

cally, we conducted simulations with five health care sites because this was computationally

tractable and a reasonable number based on previous VSD studies. We performed three

sets of simulations with equal-sized sites (e.g., the sites had approximately equal sample

sizes) where all the sites had equal exposure prevalence. However, since the health care

sites involved in safety monitoring often vary dramatically in terms of size, we focused most

of our simulation scenarios on unequal-sized sites (two large and three small sites). For

site, Zsite = {Zsite1, Zsite2, Zsite3, Zsite4, Zsite5} different combinations of RR(X|Zsite) and

RR(Y |X,Zsite) were used for different simulation sets. For a given simulation set we se-

lected, from Table 4.1, a set of RRs from the exposure column for site and a set of RRs

from the AE column for site, and we describe this in detail below. We used RRs of magni-

tude 0.5 or 2 depending on the direction of the relationship (lower or higher prevalence of

AE compared to the reference site, respectively) to keep the magnitude of the confounding

consistent across scenarios.

The exposure model used in the simulations was the following:

log[P (Xi|Zi)] = β0,X + RR(X|Zsex)Zsex,i + RR(X|Zage)Zage,i + RR(X|Zsite2)Zsite2,i

+ RR(X|Zsite3)Zsite3,i + RR(X|Zsite4)Zsite4,i + RR(X|Zsite5)Zsite5,i,
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Table 4.1: Distributions and RRs for the confounders in the simulation study

Strength of association between confounder and:
Exposure AE

Confounder definition (Z) RR(X|Z) RR(Y |X,Z)

Sexa: male or female 1 1.2
P(male) ∼ Bernoulli(.5)

Age: 0-1 yrs or > 1 yr 0.5 1.5
P(> 1 yr) ∼ Bernoulli(.25)

5 equal-sized sites
Mb(.2, .2, .2, .2, .2)

Equal exposure
prevalence at all sites

Large sites have lower
AE prevalence

Site 1 (reference) Site 1 (reference) Site 1 (reference)
Site 2 = 0 or 1 Site 2: 1 Site 2: 1
Site 3 = 0 or 1 Site 3: 1 Site 3: 2
Site 4 = 0 or 1 Site 4: 1 Site 4: 2
Site 5 = 0 or 1 Site 5: 1 Site 5: 2

2 large and 3 small sites
M(.425, .425, .05, .05, .05)

Large sites have lower
exposure prevalence

Large sites have higher
AE prevalence

Site 1 (reference) Site 1 (reference) Site 1 (reference)
Site 2 = 0 or 1 Site 2: 1 Site 2: 1
Site 3 = 0 or 1 Site 3: 2 Site 3: .5
Site 4 = 0 or 1 Site 4: 2 Site 4: .5
Site 5 = 0 or 1 Site 5: 2 Site 5: .5

1 large site has higher
exposure prevalence

1 large site has lower
AE prevalence

Site 1 (reference) Site 1 (reference)
Site 2: 2 Site 2: .5
Site 3: 1 Site 3: 1
Site 4: 1 Site 4: 1
Site 5: 1 Site 5: 1

1 large site has lower
exposure prevalence

Site 1 (reference)
Site 2: .5
Site 3: 1
Site 4: 1
Site 5: 1

aSex is not a confounder because it is not related to both exposure and outcome, however we adjust for
sex in our analyses because this is common practice in observational safety monitoring.

bMultinomial
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where β0,X was defined to hold the overall prevalence of X at 0.25 for the average con-

founder distribution (e.g. Zsex,i=Z̄sex is the proportion of males and similarly for the other

confounders). The outcome model was:

log[P (Yi|Xi,Zi)] = β0,Y + RR(Y |Zsex)Zsex,i + RR(Y |Zage)Zage,i + RR(Y |Zsite2)Zsite2,i

+ RR(Y |Zsite3)Zsite3,i + RR(Y |Zsite4)Zsite4,i + RR(Y |Zsite5)Zsite5,i

+ βXXi,

where β0,Y was defined to hold the AE prevalence among the unexposed subjects, for the av-

erage confounder distribution, at either 0.01 or 0.05 depending upon the outcome prevalence

of interest.

Since we held the average prevalence of exposure constant at 0.25, increasing the expo-

sure to the vaccine at one site necessarily decreased the exposure to the vaccine at other

sites. For the simulations with equal-sized sites, we assumed that there was an equal proba-

bility of exposure to the newly-licensed vaccine at each site, RR(X|Zsite) = 1 for sites 2, 3,

4, and 5 compared to site 1. For the RR of AE given exposure and site, RR(Y |X,Zsite), in

these equal-sized site settings we chose from three site-AE scenarios based on trends seen in

previous VSD studies, where: two sites have lower AE prevalence than the other three sites;

two sites have higher AE prevalence than the other three sites; and, one site has lower AE

prevalence than the 4 other sites. Since site was not related to vaccine exposure in these

three simulation sets, it was not a confounder and therefore adjustment for it could hinder

the performance of the methods. For the simulations with two large and three small sites,

we considered three different site-exposure scenarios and three different site-AE scenarios

based on trends seen in previous VSD studies. The site-exposure scenarios included: both

large sites have lower exposure prevalence than the small sites; one large site has higher

exposure prevalence than the other four sites; and, one large site has lower exposure preva-

lence than the other four sites. The site-AE scenarios included: both large sites have lower

AE prevalence than the small sites; both large sites have higher AE prevalence than the

small sites; and, one large site has lower AE prevalence than the 4 other sites.
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4.2 Impact of rare AEs on implementation of regression methods

Application of all the methods in the rare AE setting was sometimes complicated by lack

of observed AEs. In order to compute the test statistics for GS GEE and GS LD-R, we

needed to observe some minimum number of AEs to have enough statistical information.

Since at each analysis time we computed the test statistic based on all data accrued up

to that time, if there were enough AEs at the first scheduled analysis time, then there

were enough AEs at all remaining analysis times. When AEs were rarer, for instance when

P (Y |X = 0, Z̄) = 0.01, there were not always enough observed AEs at the first analysis time

to compute the test statistic. One way to handle this situation is to delay the first analysis

until an adequate amount of statistical information accrues [37], and this is the approach

we took in our simulations. The procedure was implemented as follows: After the data

are generated for a given simulation data set, make sure there is at least one exposed and

one unexposed AE case at the first analysis time. If not, then postpone the first analysis

time until the second scheduled analysis time. If the combined data from the originally

planned first two analysis times do not contain at least one exposed and one unexposed AE

case, then postpone again, and so on. Since adjusting the analysis times in this way meant

that we performed fewer tests than originally planned, we re-computed the critical values

to reflect the new reduced number of tests performed under this implementation scheme

that skipped analyses if there was insufficient statistical information. Analyzing the data

fewer times lowers the resulting stopping boundary, since with fewer tests there are fewer

occasions to make a type I error. Once this initial data check has been performed and

satisfied, the regression methods can then be applied.

4.3 Impact of rare AEs on implementation of matched methods

Additional complications arose when we matched the data. For GS LRT and GS LD-M,

the data first went through the same procedure, described in Section 4.2, as the regression

approaches. Next, the data were matched as described in Section 3.5. When using one-to-

one matching for confounder adjustment, statistical information corresponds to informative

pairs (e.g., pairs with either an unexposed AE or an exposed AE, but not both). These
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informative pairs are the data used to compute the test statistic at each analysis time.

Thus, if no additional informative pairs have accrued at a particular analysis time since the

prior analysis, then computing a test statistic does not make sense (since it will have the

same value as the test statistic from the previous analysis time). To handle this situation,

after matching the data at a given analysis time, we checked to make sure that the new

data at that analysis time contained at least one new informative pair. If not, then we

skipped that test. Thus, we sometimes skipped an analysis in the middle of monitoring.

For instance, even if there were informative pairs at the first planned analysis, if no new

informative pairs accrued between the first analysis time and the second planned analysis

time, then we skipped the second planned analysis and checked again for informative pairs

at the third planned analysis time.

For both GS LRT, and GS LD-M we adjusted the critical boundary to reflect any skipped

analyses (due to either of the reasons described in this section or Section 4.2). Since we are

in the rare event setting and anticipated that some analyses would need to be skipped due

to matching, we tracked this metric.



28

Chapter 5

RESULTS

To assess the performance characteristics of GS GEE, GS LD-R, GS LRT, and GS LD-M,

we performed a simulation study where we varied the exposure prevalence, AE prevalence,

amount of confounding by site, and the sample size at each site. In addition, we applied the

four methods to a subset of data from the VSD’s monitoring of a DTaP-IPV-Hib vaccine,

and varied the frequency of the group sequential testing. Specifically, we used quarterly,

monthly, and weekly testing schedules where the first test was delayed for 12 months.

5.1 Simulation Study Results

5.1.1 Practical issues related to method implementation

As one comparison metric of the regression versus matched methods, we considered the

number of subjects contributing information to each of the test statistics. For the regression

methods, all 10,000 simulated subjects were used to compute the test statistics for each

simulation. For the matched methods, we computed the average number of subjects matched

(nmatched) and the average number of subjects belonging to informative matches (ninform).

Since only the informative matches were used to compute the test statistics for the matched

methods, these values provided insight into the performance of GS LRT and GS LD-M.

Table 5.1 shows the number of subjects matched and the number of subjects belonging

to informative matches under the alternative hypotheses for both P (Y |X = 0, Z̄) = 0.05

and P (Y |X = 0, Z̄) = 0.01. As expected, when the probability of an AE was lower, there

were fewer informative matches, despite the fact that the total number of subjects matched

was similar for the two AE settings. Specifically, when P (Y |X = 0, Z̄) = 0.05, 11% of

the matched subjects belonged to informative matches, and when P (Y |X = 0, Z̄) = 0.01,

only 3% of matched subjects belonged to informative matches. The percentages of subjects

belonging to informative matches reflect the overall exposure prevalence and P (Y |X = 0, Z̄).
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Table 5.1: The average number of subjects matched (nmatched) and average number of
subjects belonging to informative matches (ninform) among n=10,000 simulated subjects,
where P (Y |X = 0, Z̄) = 0.05 (left two columns) and P (Y |X = 0, Z̄) = 0.01 (right two
columns), under their respective alternative hypotheses, HA : RR(Y |X = 1,Z) = 1.3 and
HA : RR(Y |X = 1,Z) = 2.

P (Y |X = 0, Z̄) = 0.05 P (Y |X = 0, Z̄) = 0.01
Exposure
scenario

AE scenarios nmatched
a ninform

b nmatched ninform

Equal
exposure
prevalence

2 sites have lower AE
prevalence

5202.0 573.2 5197.3 157.4

2 sites have higher AE
prevalence

5200.9 574.3 5202.0 158.8

1 site has lower AE
prevalence

5205.7 564.5 5205.9 154.1

Large sites
have lower
exposure
prevalence

Large sites have lower
AE prevalence

5139.4 592.3 5134.3 163.6

Large sites have higher
AE prevalence

5134.5 534.6c 5136.6 146.1

1 large site has lower
prevalence AEs

5137.7 581.1 5140.5 160.6

1 large site
has higher
exposure
prevalence

Large sites have lower
AE prevalence

5517.6 578.3 5511.6 157.4

Large sites have higher
AE prevalence

5518.1 608.5 5520.1 167.2

1 large site has lower
prevalence AEs

5514.4 545.4 5512.9 149.6

1 large site
has lower
exposure
prevalence

Large sites have lower
AE prevalence

5472.0 611.5 5479.3 168.2

Large sites have higher
AE prevalence

5469.6 580.3 5478.5 157.7

1 large site has lower
AE prevalence

5475.9 659.1 5470.3 182.2

aNumber of subjects matched

bNumber of subjects belonging to informative matches

cBold numbers highlight the fewest and most subjects, on average, that belonged to informative matched
pairs



30

There were no clear trends across site-exposure or site-AE scenarios in terms of the

number of subjects belonging to informative matches. The fewest subjects belonging to

informative matches (shown in bold in Table 5.1: ninform = 534.61 when P (Y |X = 0, Z̄) =

0.05 and ninform = 146.05 when P (Y |X = 0, Z̄) = 0.01), were found in the simulation

setting where the large sites had lower exposure prevalence and higher AE prevalence.

The maximum number of subjects belonging to informative matches (shown in bold in

Table 5.1: ninform = 659.14 when P (Y |X = 0, Z̄) = 0.05 and ninform = 182.182 when

P (Y |X = 0, Z̄) = 0.01), were found in the simulation setting where one large site had both

lower exposure prevalence and lower AE prevalence.

As described in Sections 4.2 and 4.3, lack of enough statistical information at the first

analysis or the lack of enough new statistical information at subsequent analyses resulted

in one or more of the pre-specified tests being skipped. In the setting where P (Y |X =

0, Z̄) = 0.05, no analysis times were skipped (for either the regression or the matched

methods) because there was enough statistical information at each analysis time in all the

simulations to compute the test statistics. For simulations wither lower AE prevalence

where P (Y |X = 0, Z̄) = 0.01, Table 5.2 shows the number of simulations under the null

hypothesis where at least one analysis time was skipped, as well as the average number of

analyses skipped. For the simulations under the alternative hypothesis, fewer analysis times

were skipped (not shown) because there were more observed AEs and thus more informative

matches in each simulation. In general, there were fewer simulations that had to skip analysis

times for regression methods than for the matched methods, which was expected since the

regression methods only skipped at the outset while the matched methods could also skip

intermediate analyses.

There were no clear trends across site-exposure or site-AE scenarios in terms of the

number of simulations that skipped for either the regression or matched methods. In fact,

the simulation settings with the most and least skipped analyses overall (shown in bold

in Table 5.2) were from the same site-exposure scenario, where the large sites had lower

exposure prevalence. When the large sites had lower AE prevalence, the fewest simulations

skipped analyses, 12, and when the large sites had higher AE prevalence the, the most

simulations skipped analyses, 44.



31

Table 5.2: For simulations where P (Y |X = 0, Z̄) = 0.01, the number of simulations under
the null hypothesis in which it was necessary to skip at least one analysis time, and the
average number of analysis times skipped given that at least one was skipped.

Regression methods Matched methods

Exposure
scenario

AE scenario

# of sim-
ulations
with ≥ 1

skip

Mean #
of skipped
analyses

# of sim-
ulations
with ≥ 1

skip

Mean #
of skipped
analyses

Equal
exposure
prevalence

2 sites have lower AE
prevalence

36 1.08 42 1.10

2 sites have higher AE
prevalence

26 1.04 29 1.03

1 site has lower AE
prevalence

43 1.00 57 1.00

Large sites
have lower
exposure
prevalence

Large sites have lower
AE prevalence

12a 1.00 20 1.00

Large sites have higher
AE prevalence

44 1.02 64 1.02

1 large site has lower
AE prevalence

20 1.00 24 1.04

1 large site
has higher
exposure
prevalence

Large sites have lower
AE prevalence

27 1.00 36 1.03

Large sites have higher
AE prevalence

31 1.03 36 1.03

1 large site has lower
prevalence AEs

39 1.05 49 1.04

1 large site
has lower
exposure
prevalence

Large sites have lower
AE prevalence

23 1.04 29 1.03

Large sites have higher
AE prevalence

25 1.04 31 1.03

1 large site has lower
AE prevalence

20 1.10 22 1.09

aBold number highlight the simulations with the most and least skipped analyses overall
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5.1.2 Method performance

Tables 5.3 and 5.4 show the type I error rates for the simulations with equal- and unequal-

sized sites, respectively. In general, all methods held the overall type I error rate close to

the desired 0.05 level. We note that across all simulation scenarios, the type I error rate

ranged from 0.017 to 0.065 for all methods. In general, GS LD-R was the most conservative

(e.g., had the lowest type I error rate), followed by GS LD-M, GS LRT, and GS GEE. For

some simulations, the type I error rate varied more across the methods, such as for the

simulations with unequal-sized sites and P (Y |X = 0, Z̄) = 0.01 where both large sites had

lower exposure prevalence and lower AE prevalence than the small sites (shown in bold in

Table 5.4). In this scenario the type I error rates ranged from 0.031 for GS LD-R to 0.059

for GS GEE.
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Tables 5.5 and 5.6 show the power and time-to-surveillance-end for the simulations with

equal-sized sites where P (Y |X = 0, Z̄) = 0.05 and P (Y |X = 0, Z̄) = 0.01, respectively.

When P (Y |X = 0, Z̄) = 0.05, power to detect a RR of 1.3 ranged from 0.638 to 0.831

across methods and site scenarios. When P (Y |X = 0, Z̄) = 0.01, power to detect a RR

of 2 was relatively high and ranged from 0.816 to 0.965 across methods and site scenarios.

Tables 5.7 and 5.8 show the power and time-to-surveillance-end for the simulations with

unequal sized sites (i.e., two large and three small sites) where P (Y |X = 0, Z̄) = 0.05 and

P (Y |X = 0, Z̄) = 0.01, respectively. When P (Y |X = 0, Z̄) = 0.05, power to detect a RR of

1.3 ranged from 0.624 to 0.847. When P (Y |X = 0, Z̄) = 0.01, power to detect a RR of 2

was again relatively high and ranged from 0.820 to 0.976.

The regression methods were consistently and substantially more powerful than the

matched methods, about 0.08 to 0.20 times more powerful, depending on how rare the

AE prevalence was and on the site-exposure and site-AE scenario. In both AE prevalence

settings, the two regression methods had similar power, although GS GEE showed slightly

higher power compared to GS LD-R. Similarly, the two matched methods had comparable

power, although GS LD-M was slightly higher in power than GS LRT. In general across

all simulation sets, GS GEE was the most powerful method, followed by GS LD-R, GS

LD-M, and GS LRT. Across all methods and all simulation scenarios, time-to-surveillance-

end ranged from 312 days to 525 days. Time-to-surveillance-end was shortest for GS GEE,

followed by GS LD-R, GS LRT, and GS LD-M.

Among the four exposure scenarios, the highest power was generally observed when

either one or both large sites had lower exposure prevalence. Lowest power was observed

when one large site had high exposure prevalence. Perhaps surprisingly, power was not the

highest for the scenarios with equal-sized sites, although in these simulations adjustment

for site was made even though it was not a confounder. Power across site-AE scenarios was

generally quite similar. In all cases, the site-AE scenario where the large sites had higher

AE prevalence (middle rows for each set of site-AE scenarios, shown in bold in Tables 5.5,

5.6, 5.7, and 5.8) differed compared to the other two site-AE scenarios (top and bottom

rows for each set of site-AE scenarios). For instance, in Table 5.8, when one large site

had higher exposure prevalence and the large sites had higher AE prevalence, GS LD-M
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had power of 0.872, whereas for the other two site-AE scenarios, this method had power

of 0.839 and 0.844. We also see this trend in Table 5.7 for GS GEE, when the large sites

had lower exposure prevalence. Here, the power for the site-AE scenario where the large

sites had higher AE prevalence was 0.796, compared with 0.847 and 0.835 for the other

two site-AE scenarios. We also note that in both Tables 5.7 and 5.8, the most powerful

site-AE scenarios within each site-exposure scenario where those that had AE prevalence in

the same direction as the exposure prevalence. For instance, in Table 5.7, when large sites

had lower exposure prevalence (top site-exposure scenario), the highest power was achieved

by all methods when the large sites also had lower AE prevalence. Similarly, when one large

site had lower exposure prevalence (bottom site-exposure scenario), the highest power was

achieved when the large sites had lower AE prevalence. We note that in some cases, power

was relatively high (> 90%) and this made it more difficult to determine which methods or

scenarios were the most powerful.
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5.2 Application of the methods to DTaP-IPV-Hib vaccine data

To further illustrate and compare the sequential methods described in this work, we applied

them to data from a prior VSD study of the safety of a combination DTaP-IPV-Hib vaccine

(trade name Pentacel; Sanofi Pasteur, Swiftwater, Pennsylvania) [25, 39]. VSD surveillance

of this vaccine began in 2008, following its licensure. Children six weeks up to three years of

age from seven different medical care organization sites were monitored for the occurrence

of seven pre-specified AEs (including medically-attended fever, seizure, and serious allergic

reactions). Eleven group sequential analysis times were specified based on the number of

accrued doses of DTaP-IPV-Hib vaccine. The sequential tests compared children vaccinated

with DTaP-IPV-Hib vaccine to a group of historical comparators vaccinated with a different

DTaP-containing vaccine during the four years prior to the licensure of the combination

DTaP-IPV-Hib vaccine. No safety signals were found during the surveillance of DTaP-IPV-

Hib vaccine using this historical comparator group.

Secondarily, concurrent comparator data, which included recipients of a different DTaP-

containing vaccine during the same period of time as the new combination DTaP-IPV-Hib

vaccine was received by VSD study subjects, were also collected and analyzed. No safety

signals were found using this data either. However, in the subpopulation of children 12 to

35 months old, exploratory analyses showed an elevated RR for medically-attended fever

among the children receiving DTaP-IPV-Hib versus the comparator vaccine after adjusting

for sex, site, and age group (OR = 1.75; CI = 1.38, 2.22) [39]. We re-analyzed this same

subpopulation, which consisted of 248,923 children who received a DTaP-containing vaccine,

19,264 of whom received the new DTaP-IPV-Hib combination vaccine, to compare the four

methods described in Chapter 3. We implemented all four methods using three different

sequential designs. After one year of monitoring, there were only two cases of medically-

attended fever among DTaP-IPV-Hib vaccine recipients. Thus, in each design the first

test was delayed for 12 months due to the relatively slow uptake of the vaccine and the

low prevalence of medically-attended fever. Thereafter, we performed analyses on either a

quarterly, monthly, or weekly basis.

Tables 5.9, 5.10, and 5.11 show the results of our quarterly, monthly, and weekly analyses,



42

respectively. In each of these three designs, neither of the matched methods, GS LRT nor

GS LD-M, detected a safety signal, and monitoring stopped at the pre-specified end of study

(week 125). Both regression methods, GS LD-R and GS GEE, stopped monitoring early in

all design scenarios. GS LD-R detected a safety signal sooner than GS GEE in each design.

In the case of quarterly testing, GS LD-R detected a safety signal at week 78 and GS GEE

at week 91. In the case of monthly testing, GS LD-R detected a safety signal at week 80

and GS GEE at week 88. In the case of weekly testing, GS LD-R detected a safety signal

at week 78 and GS GEE at week 86.

Tables 5.9, 5.10, and 5.11 also show that the matched methods used only a small portion

of the data compared to the regression methods, and as a result did not retain all of the

observed AEs (either for DTaP-IPV-Hib or for comparative DTaP vaccines) in the set of

informative matched pairs. For instance, in week 65 for quarterly testing, the informatively

matched data set contained 13 of the 16 total observed DTaP-IPV-Hib AEs and 10 of the 280

total observed DTaP AEs, and by week 125, the informatively matched data set contained

only 69 of the 112 total observed DTaP-IPV-Hib AEs and 55 of the 528 total observed DTaP

AEs. When testing on a quarterly and monthly basis, the matched methods did not skip

any analysis times. However, when we increased the testing frequency to weekly, these two

methods skipped 17 of the 74 pre-specified analyses due to lack of additional informative

pairs.
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Table 5.9: (Quarterly testing schedule) Results of applying the four methods to a subset of
data from the monitoring of a combination DTaP-IPV-Hib vaccine, where the first analysis
time occurred after 12 months and testing was performed on a quarterly basis. Abbrevia-
tions: Match = matched subjects, Inform = informatively matched subjects, OR = odds
ratio, Adj = adjusted

DTaP-IPV-Hib
recipients

AEs among subjects receiving

DTaP-IPV-
Hib

DTaP

Week N Total Match Inform Total Inform Total Inform
52 109851 1448 1448 7 2 2 235 5
65 135198 4263 3978 23 16 13 280 10
78a 158236 7147 6393 40 35 21 329 19
91 182707 10460 9190 58 55 31 375 27
104 209205 13901 12159 80 77 45 441 35
117 235248 17346 15199 110 97 61 491 49
125 248923 19264 16878 124 112 69 528 55

Safety Signal?

Week Matched
OR

Adj OR
SGEE ,
SLD−R

SLRT SLD−M
GS

GEE
GS

LD-R
GS
LRT

GS
LD-M

52 0.40 0.52 -1.28 0.00 -1.10
65 1.30 1.47 1.21 0.20 0.62
78 1.11 1.72 2.35 0.05 0.32 signal
91 1.15 1.75 2.96 0.14 0.52 signal
104 1.29 1.74 3.43 0.63 1.12
117 1.24 1.73 2.96 0.66 1.14
125 1.25 1.75 4.10 0.79 1.25 end end

aBold numbers indicate analysis times at which one of the methods detected a safety signal
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Table 5.10: (Monthly testing schedule) Results of applying the four methods to a subset of
data from the monitoring of a combination DTaP-IPV-Hib vaccine, where the first analysis
time occurred after 12 months and testing was performed on a monthly basis. Abbreviations:
Match = matched subjects, Inform = informatively matched subjects, OR = odds ratio,
Adj = adjusted

DTaP-IPV-Hib
recipients

AEs among subjects receiving

DTaP-IPV-
Hib

DTaP

Week N Total Match Inform Total Inform Total Inform
52 109851 1448 1448 7 2 2 235 5
56 118139 2349 2300 14 8 8 245 6
60 126280 3229 3072 20 12 12 265 8
64 133288 4054 3786 24 15 14 276 10
68 139730 4831 4468 26 17 16 287 10
72 146774 5714 5217 27 23 17 298 10
76 154281 6688 6006 29 30 18 317 11
80a 162178 7648 6802 38 37 22 338 16
84 169689 8636 7647 43 41 25 352 18
88 177552 9726 8581 52 50 30 363 22
...

...
...

...
...

...
...

...
...

116 233069 17061 14942 106 94 60 486 46
120 240203 18059 15806 113 103 66 501 47
125 248923 19264 16872 122 112 71 528 51

Safety Signal?

Week OR Adj OR
SGEE ,
SLD−R

SLRT SLD−M
GS

GEE
GS

LD-R
GS
LRT

GS
LD-M

52 0.40 0.52 -1.28 0.00 -1.10
56 1.33 1.36 0.71 0.14 0.53
60 1.50 1.48 1.04 0.40 0.89
64 1.40 1.46 1.14 0.33 0.81
68 1.60 1.39 1.08 0.70 1.17
72 1.70 1.55 1.60 0.92 1.33
76 1.64 1.62 2.02 0.85 1.29
80 1.38 1.65 2.27 0.48 0.97 signal
84 1.39 1.61 2.28 0.57 1.06
88 1.36 1.73 2.78 0.62 1.10 signal
...

...
...

...
...

...
...

...
...

...
116 1.30 1.69 3.58 0.93 1.36
120 1.40 1.77 4.01 1.60 1.78
125 1.39 1.75 4.10 1.65 1.80 end end

aBold numbers indicate analysis times at which one of the methods detected a safety signal
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Table 5.11: (Weekly testing schedule) Results of applying the four methods to a subset of
data from the monitoring of a combination DTaP-IPV-Hib vaccine, where the first analysis
time occurred after 12 months and testing was performed on a weekly basis. Abbreviations:
Match = matched subjects, Inform = informatively matched subjects, OR = odds ratio,
Adj = adjusted

DTaP-IPV-Hib
recipients

AEs among subjects receiving

DTaP-IPV-
Hib

DTaP

Week N Total Match Inform Total Inform Total Inform
52 109851 1448 1448 7 2 2 235 5
...

...
...

...
...

...
...

...
...

76 154281 6688 5979 (skip) 30 (skip) 317 (skip)
77 156255 6938 6186 35 32 20 322 15
78a 158236 7147 6365 38 35 22 329 16
79 160195 7403 6584 40 36 22 334 18
...

...
...

...
...

...
...

...
...

85 171616 8865 7839 (skip) 41 (skip) 356 (skip)
86 173610 9145 8072 49 45 27 358 22
...

...
...

...
...

...
...

...
...

124 247074 18988 16573 112 112 61 523 51
125 248923 19264 16818 113 112 61 528 52

Safety Signal?

Week OR Adj OR
SGEE ,
SLD−R

SLRT SLD−M
GS

GEE
GS

LD-R
GS
LRT

GS
LD-M

52 0.40 0.52 -1.28 0.00 -1.1
...

...
...

...
...

...
...

...
...

...
76 (skip) 1.62 2.02 (skip) (skip)
77 1.33 1.65 2.12 0.36 0.84
78 1.38 1.72 2.35 0.48 0.97 signal
79 1.22 1.66 2.27 0.20 0.63
...

...
...

...
...

...
...

...
...

...
85 (skip) 1.59 2.21 (skip) (skip)
86 1.23 1.69 2.56 0.26 0.71 signal
...

...
...

...
...

...
...

...
...

...
124 1.20 1.78 4.22 0.45 0.94
125 1.17 1.75 4.10 0.36 0.85 end end

aBold numbers indicate analysis times at which one of the methods detected a safety signal
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Chapter 6

DISCUSSION

In this thesis we performed a simulation study and an applied data analysis to compare

four methods for observational group sequential safety monitoring of rare AEs. Two of

the methods accounted for confounding using regression and two used one-to-one exposure

matching on the PS. We showed via simulation that the regression methods were more

powerful and stopped monitoring sooner than the matched methods. Overall, GS GEE

consistently had the highest power, had the shortest time to study end, and held the type

I error rate better than the other three methods. In the application of the methods to a

subset of data from the VSD’s prior study that monitored the safety of a DTaP-IPV-Hib

vaccine, both the regression methods detected safety signals relatively early in monitoring

when testing was done on a either a quarterly, monthly, or weekly basis after an initial

delay of 12 months. In contrast, neither of the matched methods detected a safety signal in

any of the sequential designs we used. These results highlight a number of aspects worth

consideration. First, the approach chosen for confounder control impacts the amount of

data that is used to compute the test statistic, which in turn affects the power and time-to-

surveillance-end. Specifically, restricting data to a matched sample when AEs are rare often

yields relatively few informative pairs, which lowers power. Second, the strength and type

of confounding by site, as quantified by different exposure and AE prevalences at each site

where monitoring occurs, impacts the power and time-to-surveillance-end of each method.

Third, as AEs become rarer it becomes increasingly important to consider, during the design

phase of safety monitoring, the practicalities of method implementation.

When comparing the regression methods to the matched methods, we found that the

regression methods had an advantage. Overall, GS GEE was the most powerful method,

followed by GS LD-R, GS LD-M, and GS LRT. The loss of power for the matched methods

is likely due to the fact that one-to-one exposure matching on the PS and on site reduced
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the (informative) sample size drastically. Such a reduction was not surprising since AEs

were rare and it is only the informative pairs (i.e., those discordant on AE status) that are

used to compute the test statistics for the matched methods. This reduction in sample size

explains the loss of power for GS LRT and GS LD-M compared to GS GEE and GS LD-R.

The loss of power for the GS LD methods is also likely due in part to the violation of the

asymptotic and independent increments assumptions on which these methods rely. Also,

among regression methods we found that GS LD-R tended to be more conservative than

GS GEE. Similarly, among matched methods, GS LD-M tended to be more conservative

than GS LRT. This behavior has been seen and discussed previously [16]. That the GS

LD methods were outperformed by GS GEE and GS LRT is not surprising, since both GS

GEE and GS LRT use stopping boundaries that are designed for the rare AE setting and

are thus more robust in this way.

In addition to lower power, the matched methods had other limitations. As the applica-

tion demonstrated, infrequent testing benefited matched methods because matching occurs

within analysis times. As testing occurs more frequently, there are fewer new subjects at

each analysis who are available for matching, and in the application this caused a number

of analysis times to be skipped (e.g., when the testing frequency was as high as weekly).

Thus, the desired testing frequency should be considered when choosing how to control for

confounding in observational sequential safety monitoring. In particular, if frequent testing

is a high priority, then the use of matching of any form to control for confounding may not

be an ideal option. In our simulations we tested on a quarterly basis, which is rather infre-

quent for observational sequential safety monitoring standards. Further simulation study to

explore how testing frequency affects method performance is needed to better understand

the limit on testing frequency for matched methods. Another implementation choice is the

type of matching. We performed one-to-one exposure matching on site and the PS, where

three covariates contributed to the PS. Matching jointly on individual covariates (e.g., gen-

der, age group, and site) instead of on the PS could potentially provide tighter confounding

control and may perform similarly or better, and this warrants further study. Finally, we

chose a simple and practical matching approach (one-to-one matching) that has been used

in safety monitoring within the VSD and is similar to methods being proposed for use in the
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Mini Sentinel pilot. More sophisticated matching approaches, such as one-to-m or variable

ratio matching, may be worth studying. However, we note that it has been shown that for

non-sequential testing, increasing the number of controls in a matched set does not sub-

stantially increase the power of the test [7], and we may see similar trends in the sequential

setting with rare AEs. Inherent in any matching scheme are many specific choices that must

be made in order to form matches. These choices impact the performance of the sequential

monitoring methods used and deserve more study.

The impact of confounding by site on method performance was relatively comparable

across methods, but complex. The most powerful and fastest detection site-AE scenarios

varied depending on the site-exposure scenario. This demonstrates the intricate influence

that the distributions of exposure and AE prevalences at different sites can have on the power

and time-to-surveillance-end. For the equal-sized site scenarios (where the relationship

between site and exposure was held constant), we can think about the differences in power

between the site-AE scenarios in terms of how evenly the AEs were spread between the sites.

For instance, when P (Y |X = 0, Z̄) = 0.05, the set of simulations where two sites had lower

AE prevalence than the other three was the most powerful likely because AEs were most

evenly spread across the sites compared with other settings. When P (Y |X = 0, Z̄) = 0.01,

the power for each method across the site-AE scenarios was similarly high and thus more

difficult to determine which site-AE settings were the most powerful. Further simulation

studies that evaluate settings with slightly lower power would be helpful to better elucidate

trends. In both AE prevalence settings, the scenarios with the shortest time-to-surveillance-

end and most power generally coincided.

For the unequal-sized site scenarios, the most powerful methods again tended to be the

ones with shortest time-to-surveillance-end. Here, the differences in power can be under-

stood first in terms of the amount of statistical information available at a given site (espe-

cially at the small sites), and second, in terms of the direction of the relationships between

site and exposure and between site and AEs. In both AE prevalence settings, the site-

exposure scenario that was least powerful on average was the one where one large site had

higher exposure prevalence (the other two site-exposure scenarios had comparable power to

each other). This is reasonable because, when one large site had higher exposure prevalence,
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this inherently took exposed subjects away from the other four sites, which destabilizes the

other sites, particularly the small ones. The most powerful site-AE scenarios depended

on the site-exposure scenario. For instance, in the more prevalent AE setting where one

large site had higher exposure prevalence, the set of simulations where one large site had

higher AE prevalence was the most powerful out of the three site-AE scenarios because

both exposure and outcome were being concentrated in the sites. Both of the other site-AE

scenarios (in this particular site-exposure scenario) had two sites that differed in terms of

AE prevalence and they achieved similar power. However, the least powerful of the site-AE

scenarios within this same site-exposure scenario where one large site had higher exposure

prevalence was the one where the exposure and AE prevalences acted in opposite directions

at one of the large sites (exposure prevalence increased while the AE prevalence decreased).

This potentially resulted in a reduction of statistical information for the matched methods

and difficulties in fitting the regression models for the regression methods, resulting in a

loss of power and increase in time-to-surveillance-end. We saw similar trends in the other

site-exposure scenarios.

Both the simulation study and the application highlighted important aspects of imple-

menting sequential monitoring methods that are important to consider, particularly when

matching in a setting where exposure is emerging and where AEs are rare. In the simulation

study, we found that when AEs were rarer, lack of statistical information required us to skip

analyses for both the regression and matched methods at the outset of surveillance. Since

we match subjects who accrue in the same time period, the matched methods skipped addi-

tionally at intermediate analyses and thus skipped more looks than the regression methods.

In addition, in the application we saw that as the testing frequency increased to weekly, the

matched methods began to skip analyses. This is an inherent challenge for any method that

uses matching, since subjects are matched within analysis times, and suggests that matching

may not be an appropriate choice for confounder control when uptake is slow, AEs are rare,

and testing is highly frequent. Furthermore, matching restricted the informative sample

size considerably and this resulted in a loss of power compared to the regression methods.

We saw this in our simulation study where the number of people belonging to informative

matches was between 3 and 11% of the total number of people who were matched. In our
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analyses of concurrent control data from the VSD’s DTaP-IPV-Hib safety study, the regres-

sion methods both stopped surveillance early regardless of testing frequency (e.g., weekly,

monthly, or quarterly), while the matched methods did not stop early in any of the testing

frequency situations. One possible reason for this is that when doing sequential monitoring,

emerging exposure uptake, such as with the DTaP-IPV-Hib vaccine, greatly reduces the

amount of informative data (unexposed participant data in particular) early in monitoring

and yields an overall reduction in power across all analyses. Emerging exposure uptake has

less of an impact on the regression methods.

Based on our simulations and application, matched methods may not be a reliable choice

for observational safety monitoring of rare AEs. While we have begun to elucidate important

aspects of observational sequential safety monitoring using regression versus matching to

control for confounding, many areas would benefit from further study. This includes further

study of confounding scenarios at equal-sized sites, the frequency of testing, the matching

ratio, and the criteria used for matching (e.g., matching on the PS or jointly on individual

covariates). Another matched approach potentially worth considering is the use of a case-

control matched design instead of exposure matching. This type of matching would ensure

retention in our matched data set of all matched subjects who experienced an AE and is

standardly employed in non-sequential observational studies of rare AEs. Thus it could

also make good sense in a sequential safety monitoring setting where AEs are rare. Case-

control matching could be implemented similarly to the approaches used in this thesis using

conditional logistic regression. As we have described, there is still much to be learned about

the performance of sequential methods for observational safety surveillance in the rare AE

setting.
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Appendix A

R CODE FOR GS LRT METHOD

########################################################################

### CODE FOR THE GROUP SEQUENTIAL LIKELIHOOD RATIO TEST (GS LRT) FOR ###

### GROUP SEQUENTIAL POST-LICENSURE SAFETY SURVEILLANCE ###

### ###

### By: Kelly Stratton ###

### Date: May 2012 ###

########################################################################

########################################################################

### Function that wraps the GSLRT method together

# Called by: simulation_code

# Inputs:

# mydata <- result of call to gen_data, dataframe (n by 6), with

# columns for the analysis time, sex, age, site, outcome,

# eandxposure status

# perms <- number of permutations to generate for getting dist’n

# of LRTs

# alpha <- type I error rate, overall

# d <- number of looks

# matchtype <- "exact" or "propensity"

# looks <- the numbers of the looks (e.g. 1, 2, 4, 6, 8 if we

# skipped analysis times 3, 5, and 7)

# Outputs:

# SampleSize <- sample size after matching
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# c <- signaling threshold

# t1e <- sum(llr.max>c)/perms = percentage of llr.max that exceed

# the 95th percentile of llr.max

# ObservedLLR <- llr statistic for the actual data (not permuted)

# stop.trial <- logical vector (1 by d) of whether the test

# statistic at that analysis time exceeded c

do_one_gslrt <- function(mydata.matched, perms, alpha, d=NULL, looks){

# permute the data

mydata.permed <- perm_data(mydata.matched, looks, perms)

# GET C GIVEN ALPHA

d <- length(unique(mydata.matched$i.look))

temp <- get_c(mydata.permed, alpha, d)

c <- temp[1]

t1e <- temp[2]

# get llr for actual data, compare to c

actual.data <- mydata.matched[, 1:7]

colnames(actual.data) <- c("stratum", "i.look", "sex", "age", "site",

"y", "x")

actual.llr <- get_llr_matching(actual.data,

d = length(unique(actual.data$i.look)))

stop.trial <- (actual.llr > c); #stop.trial

# if any of the stop.trial’s are NA’s (which happens if we skipped a

# look), then change the NA’s to FALSE

if(sum(is.na(stop.trial)) > 0){

stop.trial[which(is.na(stop.trial))] <- FALSE

}

if(any(stop.trial == TRUE)){ # we stopped early
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lookstop <- min(which(stop.trial == TRUE))

daystop <- lookstop * 365.25 * 2 / d

stop.early <- TRUE

}

if(!any(stop.trial == TRUE)){ # we did not stop early

daystop <- 365.25 * 2

lookstop <- d

stop.early <- FALSE

}

samplesize <- dim(mydata.matched)[1]

obs.stat <- actual.llr[lookstop]

gslrt.out <- c(samplesize, as.numeric(c), obs.stat, stop.early,

daystop, t1e)

names(gslrt.out) <- c("sample.size", "c", "obs.stat.at.stop",

"stop.early.YN", "stop.time", "t1e")

return(gslrt.out)

}

########################################################################

### Function that gets all the permutations

# Called by: do_one_gslrt

# Inputs:

# mydata.new <- data to permute (informative pairs only)

# perms <- number of permutations

# looks <- the timing of the looks

# Output:

# dat <- dataframe (n by 6+number of permutations), dat[, 1:6] =

# mydata.new, dat[, 7:end] = columns of permuted exposures
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perm_data <- function(mydata.new, looks, perms){

# get permutations (within each match)

dat <- mydata.new

for(k in 1:perms){

permed.exposure <- NULL

for(i in looks){

temp.data <- mydata.new[mydata.new$i.look == i, ]

# re-number the stratum column (if we skipped looks, then multiple

# pairs can have the same stratum indices, which causes an error

# with the sampling command below)

n.pairs <- dim(temp.data)[1] / 2

temp.stratum <- rep(1:n.pairs, each = 2)

temp.data$stratum <- temp.stratum

test <- by(temp.data$exposed, temp.data$stratum, sample, size = 2,

replace = FALSE , prob = c(.5, .5))

temp <- NULL

for(j in 1:length(test)){

temp <- c(temp, t(as.data.frame(test[j])))

}

permed.exposure <- c(permed.exposure, temp)

}

dat <- as.data.frame(cbind(dat, permed.exposure))

}

return(dat) # an (n.informative.subjects) by (perms+17) data frame

}

########################################################################

### Function that computes the signaling threshold, c, based on the

# desired alpha level
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# Called by: do_one_gslrt

# Inputs:

# mydata <- data frame

# alpha <- desired type I error

# d <- number of looks

# Outputs:

# c <- signaling threshold

# t1e <- sum(llr.max>c)/perms = percentage of llr.max that exceed

# the 95th percentile of llr.max

# [should be 0.05]

get_c <- function(mydata.permed, alpha, d){

n <- dim(mydata.permed)[1]

perms <- dim(mydata.permed)[2] - 17 # subracting 17 for the exposure,

# outcome, confounder (3), stratum, look, and n.matched cols

x.permed <- mydata.permed[,18:(perms+17)] # add 17 to get all perms

y <- mydata.permed$outcome

#Initialize

llr <- array(NA, dim=c(perms, 8)) # matrix to hold the log likelihood

# ratios for each perm at each look

for(i in 1:perms){ # look at one perm at a time

ithdata <- as.data.frame(cbind(mydata.permed[,1:4], y, x.permed[, i]))

names(ithdata) <- c("stratum", "i.look", "sex", "age", "outcome",

"exposed")

colnames(ithdata) <- c("stratum", "i.look", "sex", "age", "y", "x")

d <- length(unique(ithdata$i.look))

temp <- get_llr_matching(ithdata, d)

llr[i,] <- c(temp, rep(-1, times = 8 - length(temp)))
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}

# get the max of the LLRs, then take 95th percentile to get c

llr.max <- apply(llr, 1, max, na.rm=TRUE)

c <- quantile(llr.max, .95, na.rm=TRUE)

t1e <- sum((llr.max > c), na.rm=TRUE) / perms

return(c(c, t1e))

}

########################################################################

### Function that computes the LLR for the current exposure and outcome

# when the data are matched

# Called by: get_c, in do_one_gslrt

# Inputs:

# current.data <- data including all looks for informative matches

# only, for the current perm that we’re getting the llr for

# d <- number of looks

# Output:

# llr <- vector (1 by d) of llr test statistics, one for each look

get_llr_matching <- function(current.data, d){

n <- length(current.data$x)

llr <- array(NA, dim = c(1, d))

looks <- unique(current.data$i.look)

for(i in looks){

current.look <- current.data[current.data$i.look <= i, ]

k <- dim(current.look)[1] / 2 # num pairs w/single event

# num pairs for which event is among the exposed person

sumx <- sum(current.look$x == 1 & current.look$y == 1)

xbar <- sumx / k
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if(xbar > .5){ # to make it a one-sided test

llr[i] <- k * (xbar * log(xbar) + (1-xbar) * log(1-xbar) + log(2))

}

else{llr[i] <- 1}

}

return(llr)

}



63

Appendix B

R CODE FOR GS GEE METHOD

########################################################################

### CODE FOR THE GROUP SEQUENTIAL GENERALIZED ESTIMATING EQUATIONS ###

### (GS GEE) METHOD FOR (COVARIATE ADJUSTED) ###

### GROUP SEQUENTIAL POST-LICENSURE SAFETY SURVEILLANCE ###

### By: Andrea J Cook ###

########################################################################

########################################################################

### Function to run the GS EE Approach

# Called by: method_wrapper.r

# Inputs:

# mydata <- result of call to gen_data, dataframe (n by 6), with

# columns for the analysis time, sex, age, site, outcome,

# and exposure status

# alpha <- total type I error desired to spend across all looks

# delta <- shape parameter for the boundary (delta=.5 is Pocock)

# (delta=0 is Fleming)

# nsim <- Number of simulations to calculate the boundary

# (use at least 1000, but higher the better)

# Outputs:

# gsee.out <- a vector with the samplesize , c, ObservedScT (at

# signal or end of study), stop (0=no, 1=yes),

# stoptime=sigTime (at or end of study)

do_one_gsee <- function(mydata,delta=0.5, alpha=0.05, nsim=1500){
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Y <- mydata[, 5]

X <- mydata[, 6]

Z <- mydata[, c(2:3)]

#Add Site as categorical "dummy" variables

for(s in 1:4)

{

Z <- cbind(Z, as.numeric(mydata[, 4]==s))

}

S <- mydata[, 1]

ATime <- unique(S)

Y <- as.matrix(Y[order(S)])

X <- X[order(S)]

Z <- as.matrix(Z)

Z <- Z[order(S), ]

S <- S[order(S)]

Zint <- cbind(1, Z)

# Create a vector with amount of sample size observed up to time t

Ncum <- NULL

for(T in 1:length(ATime))

{

Ncum <- c(Ncum,sum(S <= ATime[T]))

}

betaZ <- NULL

for(T in 1:length(ATime))

{

betaZ <- cbind(betaZ, glm(Y[1:Ncum[T]] ~ Z[1:Ncum[T], ],

family=binomial)$coef)

}
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#Skip looks that you could not estimate beta

bfound <- apply(is.na(betaZ), 2, sum) # 0’s if no problems,

# 1’s if beta couldn’t be estimated at that look

betaZ <- betaZ[, bfound==0]

ATime <- ATime[bfound==0]

#propinfo<-propinfo[bfound==0] (don’t need this since pocock)

Ncum <- Ncum[bfound==0]

# Get critical boundary values

bd <- seqEECovAdjUnif.boundary.bin(Y=Y, X=X, Z=Z, S=S, Ncum=Ncum,

delta=delta, betaZ=betaZ, alpha=alpha, nsim=nsim)

sig <- 0

sigtime <- max(ATime)

ScT <- NULL

boundScTt <- NULL

boundESt <- NULL

ATimet <- NULL # analysis time

sigt <- NULL # signal time

T <- 1

while(T <= length(ATime))

{

# compute the "current" score test statistic

ScTcur <- ScTt.bin(Y=Y[1:Ncum[T]], X=X[1:Ncum[T]], Z=Z[1:Ncum[T],],

betaZ=betaZ[,T])

# put in into a vector that will contain all the score statistics

# (one for ea look)

ScT <- c(ScT, ScTcur)
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boundScTt <- c(boundScTt, bd[T])

ATimet <- c(ATimet, ATime[T])

# compare the score statistic to the critical boundary

sigt <- c(sigt, as.numeric(ScTcur > boundScTt[T]))

if(ScTcur > boundScTt[T]) # if there’s a signal

{

sig <- 1

sigtime <- ATime[T]

T <- length(ATime)+1

}

T <- T+1

}

d <- max(mydata$i.look)

if(sig == 1){

stoptime = sigtime * 365.25 * 2 / d

}

if(sig == 0){

stoptime = 365.25 * 2 # Kelly edited this line

}

gsee.out <-c (sample.size=length(Y), c=bd[1],

obs.stat.at.stop=ScT[length(ScT)], stop.early.YN=sig,

stop.time=stoptime)

return(gsee.out)

}

########################################################################

### Function to calculate score statistic

# Called by: do_one_gsee

# Inputs:
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# X <- a vector indicating if on exposure of interest

# Y <- a vector or matrix of outcomes for look t

# Z <- a matrix of confounders for X at look t

# Outputs:

# ScT <- the value of the Score Statistic at each look statistic

ScTt.bin <- function(Y, X, Z, betaZ=NULL) ## Case 1: Single Exposure Time

{

Y <- as.matrix(Y)

Zint <- cbind(1, Z)

if(is.null(betaZ))

{

betaZ <- glm(Y ~ Z, family=binomial)$coef

}

n <- length(Y)

mui <- as.vector(exp(Zint %*% betaZ) / (1 + exp(Zint %*% betaZ)))

ei <- as.vector(Y - mui)

XZ <- cbind(X, Zint)

Ui <- XZ * ei

U <-t (rep(1, length(Y))) %*% Ui

W <- ginv(t(XZ) %*% (XZ * mui * (1 - mui)))

V <- W %*% (t(Ui) %*% Ui) %*% W

# Standardized Score Statistic

ScT <- U %*% W[, 1] / sqrt(V[1, 1])

ScT[(is.na(t(X) %*% ei))] <- 0

return(ScT)

}

########################################################################
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### Function to find boundary on the score statistic given unifying

# boundary function

# Called by: seqEECovAdjUnif.boundary.bin

# Inputs:

# Ncum <- a vector of the cumulative number of people to be

# observed at each look

# X <- a vector of indicator of exposure data observed at each

# look up to current look

# Z <- a vector of confounder data observed at each look up to

# current look

# S <- a vector of the start times observed up to current look

# betaZ <- a vector of confounder coefs under Ho at each look

# Outputs:

# maxstatY <- a vector of the critical values at each look t

do.Cr.bin <- function(Ncum, Y, X, Z, S, delta=0.5, betaZ)

{

T <- length(Ncum)

N <- Ncum[T]

Ncum0 <- c(1, Ncum)

ScTY <- NULL

Xcur <- NULL

for(i in 1:T)

{

Xcur <- c(Xcur, sample(X[Ncum0[i]:Ncum0[i + 1]], Ncum0[i + 1] -

Ncum0[i] + 1, replace = F))

ScTY <- c(ScTY, ScTt.bin(Y=Y[1:Ncum[i]], X=Xcur[1:Ncum[i]],

Z=Z[1:Ncum[i], ], betaZ=betaZ[, i]))

}
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maxstatY <- max(ScTY, na.rm=T)

return(maxstatY)

}

########################################################################

### Function to obtain critical boundary values

# Called by: do_one_gsee

# Inputs:

# Y <- a vector of observed outcomes up to time t

# X <- a vector of the current indicator of exposure data observed

# up to time t

# Z <- a vector of the confounders observed up to time t

# S <- a vector of the start times observed up to time t

# Ncum <- a vector of the cumulative number of people to be

# observed at each look

# betaZ <- a vector of confounder coefficients under Ho at ea look

# nsim <- Number of simulations to calculate the boundary

# Outputs:

# maxstatY <- a vector of the critical values at each look t

seqEECovAdjUnif.boundary.bin <- function(Y, X, Z, S, Ncum, delta=0.5,

betaZ, alpha=0.05, nsim=1000)

{

temp <- replicate(nsim, do.Cr.bin(Ncum=Ncum, Y=Y, X=X, Z=Z, S=S,

delta, betaZ=betaZ))

qtail <- quantile(temp, 1 - (alpha), na.rm=T, type=9)

return(CV = rep(qtail, length(Ncum)))

}
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Appendix C

R CODE FOR GS LD METHODS

########################################################################

### CODE FOR THE GROUP SEQUENTIAL LAN-DEMETS (GS LD) METHOD FOR ###

### GROUP SEQUENTIAL POST-LICENSURE SAFETY SURVEILLANCE ###

### ###

### By: Kelly Stratton ###

### Date: March 2012 ###

########################################################################

# Relies on the libraries:

#library(survival)

#library(ldbounds)

########################################################################

### Function that outputs all the things we want from GSLD methods at

# the end of the simulation

# Called by: method_wrapper

# Inputs:

# mydata <- result of call to gen_data, dataframe (n by 6), with

# columns for the analysis time, sex, age, site, outcome, and

# exposure status

# z <- standardized test statistic, the result of either

# do_one_gsld_regr or do_one_gsld_match

# possible.bounds <- list of ldbounds for different looks numbers

# (1st element is for 1 look, 2nd element is for 2 looks, ...,
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# 8th element is for 8 looks)

# Outputs:

# gsld.out <- vector with: sample size at end of surveillance,

# boundary value at end of surveillance, observed test statistic

# at end of surveillance, whether or not surveillance was stopped

# early (prior to 2 years), the time (in days) at which

# surveillance ended

do_one_gsld <- function(mydata, z, samplesize=NULL, possible.bounds){

n.in.looks <- by(mydata$i.look, mydata$i.look, length)

looks <- length(unique(mydata$i.look))

myldbounds <- possible.bounds[[looks]]

stop.trial <- (z > myldbounds)

if(any(stop.trial)){ # stopping early

lookstop <- min(which(stop.trial))

daystop <- (lookstop/length(n.in.looks))*365.25*2

stop.early <- TRUE

}

if(!any(stop.trial)){ # not stopping early

lookstop <- length(stop.trial)

daystop <- 365.25*2

stop.early <- FALSE

}

# test statistic value at last look done (i.e. when we stopped)

obs.stat <- z[lookstop]

# critical boundary value at last look done (i.e. when we stopped)

c <- myldbounds[lookstop]

gsld.out <- c(samplesize, c, obs.stat, stop.early, daystop)

names(gsld.out) <- c("sample.size", "c", "obs.stat.at.stop",
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"stop.early.YN", "stop.time")

return(gsld.out)

}

########################################################################

### Function that outputs the standardized (score) test statistic for

# regression-based confounding control

# Called by: method_wrapper in the function call for do_one_gsld

# Inputs:

# mydata = result of call to gen_data, dataframe (n by 6), with

# columns for the analysis time, sex, age, site, outcome, and

# exposure status

# Outputs:

# gsld.out = standardized (score) test statistic

do_one_gsld_regr <- function(mydata){

looks <- unique(mydata$i.look)

z <- rep(NA, length(unique(looks)))

ind <- 1

for(i in looks){

Y <- mydata[mydata$i.look <= i, 5] # outcome

X <- mydata[mydata$i.look <= i, 6] # exposed

Z <- mydata[mydata$i.look <= i, c(2:3)] # sex & age

#Add Site

for(s in 1:4){ # there are 5 sites total

Z <- cbind(Z, as.numeric(mydata[mydata$i.look <= i, 4] == s))

}

z[ind] <- ScTt.bin(Y, X, as.matrix(Z))

ind <- ind+1

}
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return(z)

}

########################################################################

### Function that outputs the standardized (wald) test statistic for

# matching-based confounding control

# Called by: method_wrapper in the function call for do_one_gsld

# Inputs:

# mydata = result of call to gen_data, dataframe (n by 6), with

# columns for the analysis time, sex, age, site, outcome, and

# exposure status

# Outputs:

# gsld.out = standardized (Wald) test statistic

do_one_gsld_match <- function(mydata.matched){

looks <- unique(mydata.matched$i.look)

z <- rep(0, length(looks))

ind <- 1

for(i in looks){

# re-number the strata, since each look starts counting at "1"

mydata.matched.subset <- mydata.matched[mydata.matched$i.look <= i, ]

stratum.new <- rep(1:(dim(mydata.matched.subset)[1] / 2), each=2)

mydata.matched.subset$stratum <- stratum.new

mymodel <- clogit(outcome ~ exposed + strata(stratum),

data=mydata.matched.subset, method="exact")

z[ind] <- summary(mymodel)$coefficients[4]

ind = ind+1

}

return(z)

}


