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Reducing pulmonary exacerbations (PEx) is an important goal in the treatment of Cystic Fibrosis 

(CF). Endpoints based on PEx are relatively commonly used in the evaluation of new therapies. 

There are two different ways that one might consider modeling exacerbations: We can model an 

overall rate (count of PEx in a patient), or model a frequency (time-to-recurrent PEx events). These 

two endpoints necessitate the use of different types of models. 

 

In this study, we evaluate 7 methodologies for modeling the relationship between treatment and 

PEx in CF: 4 in the Poisson-modeling family for count outcome, and 3 in the Proportional hazard 

modeling family for time-to-event outcome. In Chapter 1, we review the theoretical framing of all 

7 models, including the assumptions of each model. In Chapter 2 we conduct simulated 

experiments, where I evaluate and compare the power and type 1 error rates of all 7 models. We 



 

consider scenarios with different amounts of over-dispersion, sample sizes, and censoring schemes. 

Finally, in Chapter 3, we apply all 7 models to two previous CF trials, and summarize findings on 

the performance of these methods. 

 

Our results show that for count outcome, Poisson regression is not reliable when the outcome is 

over-dispersed. Other models from the Poisson-modeling family that deal with over-dispersion all 

worked well in every scenario considered. We additionally note that the negative binomial model 

is more computationally efficient than the similar Poisson GLMM (with Gaussian random effects). 

Furthermore, the negative binomial model explicitly accounts for between-person variability: In 

contrast the quasi-Poisson only implicitly accounts for that variability. Thus we recommend use 

of the negative binomial model for modeling PEx as a count-based outcome. For modeling PEx as 

a time-to-event outcome, we found that results from the Cox-PH model and from the two recurrent 

event model (AG model and PWP methods) may differ if treatment effect is heterogeneous over 

first vs recurrent events. In particular, in the two CF trials, it appears that effects on the first event 

were vastly different than effects on later events. Choice of model, in this case, should be based 

on two things. First, the scientific question should be considered: Is the investigator interested in 

the effect of treatment on the first event (in which case we recommend the standard Cox PH model); 

or the effect averaged over recurrent events as well? (In which case we suggest use of PWP 

methodology). Second, one must consider the effect of confounding and post-randomization 

intervention: Patients receive treatment after their first exacerbation, if this is given differently 

between arms (based on an effect of treatment on first exacerbation), then the standard estimate of 

effect on later events may be biased. If one expects this bias to be severe, then likely only time-to-

first event should be analyzed. 



 

Future work related to this thesis could study effects from administrative decisions on method 

performance. For example, there are multiple candidate definitions of PEx, and it would be useful 

to study if choice of PEx definition might affect relative performance of our 7 models. 

 

This thesis offers an overview of some common methods that are appropriate for CF endpoints, 

and hopefully can help researchers in model selection for statistical analysis in CF trials in the 

future. 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



Contents

Introduction 1

1. Review of Methods 3

1.1 Poisson Regression . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.2 Quasi-Poisson model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.3 Poisson Generalized Linear Mixed Model . . . . . . . . . . . . . . . . . . . . . 6

1.4 Negative Binomial Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

1.5 Cox Proportional Hazards model . . . . . . . . . . . . . . . . . . . . . . . . . 10

1.6 Andersen Gill model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

1.7 Prentice-Williams-Peterson models . . . . . . . . . . . . . . . . . . . . . . . . 12

2 The Impact of Statistical Methods on Simulated Data 14

2.1 Data simulation methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.2 Data simulation results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.2.1 No overdispersion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.2.2 Overdispersion: log-normal distributed random e�ects . . . . . . . . . . 19

2.2.3 Overdispersion: Gamma distributed random e�ects . . . . . . . . . . . 24

2.3 Discussion of data simulations . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

3 The Impact of Statistical Methods on Clinical Trial Results: Re-analysis of

Two CF Trials 29

3.1 AZ trial . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.1.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

1



3.1.2 Statistical analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

3.2 The OPTIMIZE Randomized Trial. . . . . . . . . . . . . . . . . . . . . . . . . 39

3.2.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

3.2.2 Statistical analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

3.2.3 Data simulation revisited: overdispersion with random e�ects from the

OPTIMIZE trial . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

4 Discussions and Conclusions 52

Appendix 54

References 55



Introduction

Pulmonary exacerbations (PEx) occur commonly in patients with cystic fibrosis (CF). In-

dicators of a PE include increased cough and major decrease in lung function. While the

definition of a PE is not completely agreed upon (Keene et al. 2008), they generally indicate

worsening of the disease. Therefore, decreasing the number of PEx has become an important

treatment goal for CF patients.

The selection of an appropriate endpoint is an important part of CF trial analysis. There

are several candidate endpoints that might be considered in a CF trial studying the e�ect

of treatment on PE. Most commonly, CF studies have used the time to first PE as the

primary endpoint. It is also possible to use an endpoint that considers multiple PE events

such as frequency of PEx or rate of PEx: These are usually the preferred primary outcome

for other pivotal trials (outside of CF) in the pulmonary division at the FDA. However, in

CF pivotal trials, multiple events are rarely considered for the primary endpoint. Studying

multiple events as the endpoints may have advantages (for example, making better use of

all available data). In cases where treatment reduces the number of PEx in patient who

experiences multiple events, an endpoint that takes these multiple events into account may

also be more clinically meaningful.

Based on the choice of endpoint, di�erent statistical methods can be used to measure the

e�ect of treatment on PEx of patients with CF. For studies that wish to consider recurrent

PE events, “event rate” is generally used as the primary endpoint. In this case Poisson

regression is usually recommended, however it does not account for heterogeneity between

patients with the same measured covariates. In contrast, an improved model such as Poisson

regression with an overdispersion correction (quasi-Poisson model) is better for accounting

for departures from the mean-variance relationship assumed by a Poisson model. Further

improved models such as the Poisson Generalized Linear Mixed models or negative binomial

regression can be more appropriate choices because they explicitly model between-person
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variability.

Rather than using exacerbation rate as the primary endpoint, many studies use time-to-

first PE event. In such cases it is common to use the Cox Proportional Hazards model

for statistical analysis (Cox 1972). However, the Cox-PH model only considers the first

event. In clinical trials involving patients with multiple PEx, events following the first will

be ignored. If one is interested in modeling the hazard of pulmonary exacerbation, but would

like to take into account multiple events, there are alternative models: Andersen-Gill model

(Andersen and Gill 1982) and Prentice-Williams-Peterson (PWP) (Prentice, Williams, and

Peterson 1981). The Andersen-Gill model is a simple extension of the Cox-PH model that

takes recurrent events into account. However, it is based on a strong assumption that all

PE events are independent where the hazard of experiencing an event remains the same

at any time. The independence assumption may be violated in CF trials: patients who

have had an event may be more likely to have another event, or may be less likely to have

another one because of the protective nature of the PEx treatment. The PWP method is a

stratified adaptation of the Cox model that allows the hazard at time t for the jth event to

be conditional on previous events.

The purpose of this thesis is to review these seven analysis methods and compare their

e�ectiveness, with respect to Type I error control and power. This thesis is divided into three

chapters. The first will discuss all seven models’ characteristics, merits, and assumptions, in

particular considering application to CF trials. The second chapter will empirically compare

these methods in a number of simulated experiments. In the third chapter, we will study

the impact of these statistical methods on clinical trial results using data from two previous

clinical trials in CF. The first study was conducted from February 2007 to July 2009 at 40

CF care centers in the United States and Canada, studying the e�ect of Azithromycin on

pulmonary function in patients with CF uninfected with Pseudomonas aeruginosa (Saiman

et al. 2010). The second study was conducted in 2018 at 45 CF care centers in the United

States, studying Azithromycin for early Pseudomonas infection in CF (Hamblett et al. 2018).
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1. Review of Methods

Pulmonary exacerbations (PEx) are episodes of acute worsening of symptoms. PEx have

become a key clinical e�cacy outcome measure in cystic fibrosis (CF) trials, and decreasing

the number of PEx has become an important treatment goal (Hamblett et al. 2013). In

CF trials, many endpoints can be selected to study treatments’ e�ects on PEx. In the past,

time to the first event was generally used as the endpoint. Focusing on the first PE event

has advantages: The endpoint is not impacted by treatment received as a result of the PE,

and PE duration does not need to be defined. It also has the obvious disadvantages that

focusing only on the first PE event does not make full use of the data. The time until the

first PE event may also be less clinically meaningful than evaluating if treatment reduces

the number of PEx in a patient.

Multiple events, though rarely used in previous CF trials, are usually the preferred primary

outcome for other pivotal trials in the pulmonary division at the FDA. Since some CF

patients develop more than one event, multiple events are also valuable endpoints that can

make better use of our data.

There are usually two ways of looking at multiple events. The first is to consider the PE

rate, where we focus on the count of PE events each patient has experienced. In this case,

we will look at treatment e�ect in terms of a rate ratio. We could alternatively look at

the frequency of PEx, where we focus on the time until each of the multiple events occurs.

In this case, we will look at treatment e�ect in terms of a hazard ratio. In this overview,

we will be looking at various statistical methods that have been used or could be used to

measure the impact of treatment on cystic fibrosis with endpoints that consider multiple

PEx. These methodologies can be divided into two families: the Poisson regression family

that focuses on the PE rate, including the Poisson regression model, Quasi-Poisson model,

Poisson GLMM model, and negative binomial model; and the Proportional Hazards Model

family that focuses on the frequency of PEx, including Cox-PH model, Andersen-Gill model,
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and Prentice-Williams-Peterson models. We will review their characteristics and discuss

each one’s merits as well as issues involved.

1.1 Poisson Regression

Let us first consider the number of PEx as our response. The most common method to

use in this situation is Poisson regression. Poisson regression is similar to regular multiple

regression, except that the dependent variable Y is an observed count that is assumed to

follow a Poisson distribution with rate that is a function of the covariates:

Pr(Y = y|µ, t) = e≠µt(µt)y

y!

(y = 0, 1, 2...)

Where µ is the mean incidence rate of a rare event per unit of exposure. In CF trials, the

exposure is the period of time on the trial; we use t to represent the exposure time. In

Poisson Regression, the Poisson incidence rate µ is determined by our regressor variables.

Thus, the form of the model equation for Poisson regression is as following:

log(µ) = log(t) + X—

In our data, Y is the count of exacerbations for a given patient, µ is the mean of Y (per unit

time), t is the followup time, X is the vector of our p covariates and — is the corresponding

vector of p coe�cients. In a Poisson regression model, log(t) is also called an o�set.

To use Poisson Regression for inference, the following model assumptions are required:

1. The response, Y, is a count per unit of time or space, which follows a Poisson distri-

bution.

2. The observations must be independent of each other.
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3. By definition of Poisson distribution, the mean of a Poisson random variable must be

equal to its variance.

4. The log of the mean incidence rate, log(µ), must be a linear function of X.

In reality, however, the conditional mean and variance of our outcome rarely match. Often

due to unmeasured covariates, there is additional heterogeneity between patients that we

cannot account for in our regression. This causes overdispersion of our outcome, resulting in

data with more variability than would be indicated by a Poisson model. A simple Poisson re-

gression model can modified and improved to account for this mean-variance imbalance. The

three methods we consider are the Poisson regression model with overdispersion correction

(quasi-Poisson), Poisson linear mixed model, and the negative binomial model.

1.2 Quasi-Poisson model

As we noted, it is common that the conditional variance of our PE count is larger than

expected from a Poisson regression. This is known as “overdispersion.” If we do not adjust

for overdispersion, we will use artificially small standard errors and give artificially small

p-values for our model coe�cients. This may result in erroneous conclusions. In the context

of count data, we might consider a more general mean-variance relationship, where we

imagine that the variance is proportional to the mean:

V ar(Y ) = „µ

In a quasi-Poisson model, we do not assume that the dependent variable Y follows a specified

distribution, we only assume that Y has E(Y)=µ and Var(Y)=„µ, where „ is called a

dispersion parameter. If „=1, we obtain the mean-variance equivalence relationship. If „>1,

there is overdispersion. In the overdispersed case, when estimating the coe�cients, instead

of maximizing the likelihood function derived from the Poisson distribution, we instead
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use the Poisson quasi-likelihood. For more information on the Poisson quasi-likelihood see

McCullagh (1983). The quasi-Poisson model is modeled similarly to a regular Poisson model:

log(µ) = log(t) + X—

Where again Y is the count of exacerbations for a given patient, µ is the mean of Y (per

unit time), log(t) is the followup time, X is the vector of our p covariates and — is the

corresponding vector of p coe�cients.

The quasi-Poisson model requires assumptions similar to that of Poisson regression but does

not assume that Y follows a specific distribution and does not need the mean to be equal to

the variance of our outcome:

1. The response, Y, is a count per unit of time or space.

2. The observations must be independent of each other.

3. The log of the mean incidence rate, log(µ), must be a linear function of X.

The overdispersion correction term in the quasi-Poisson model is a generic correction, but

the between-patient variability is not an explicit part of the model. To explicitly model this

variability, one might use methods such as the Poisson GLMM or negative binomial model,

which will be discussed next.

1.3 Poisson Generalized Linear Mixed Model

The Poisson Generalized Linear Mixed Model (Poisson GLMM model) is a generalization

of linear mixed e�ects regression that allows the linear model to be related to the response

variable via a log link. It is an extension of the Poisson GLM that includes both fixed and

random e�ects. The general form of this model (with n observations) is given by:

log(µ) = log(t) + X— + Z“
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Where µ is an n vector containing the means of our outcomes Y (per unit time); t is the

exposure time; X is an n ◊ p matrix with p fixed-e�ect covariates; — is a p ◊ 1 column vector

of the fixed-e�ect regression coe�cients; Z is an n◊q design matrix for the q random e�ects,

and “ is a q ◊ 1 column vector of the random e�ects (Bruin 2011). We usually assume that

“ is drawn from a mean zero normal distribution with some prespecified covariance matrix.

In CF trials where we consider between-person variability, we use a simple form of the Poisson

GLMM model:
log(µ) = log(t) + X— + z

or

µ = t ◊ exp(X—) ◊ exp(z)

z ≥ N(0, ‡2)

Where z is a vector random e�ects (modeling between-person variability) and follows a

normal distribution. Thus exp(z) follows a log-normal distribution.

To use a Poisson GLMM, we require some assumptions similar to that of a regular Poisson

model. In addition, we add some flexibility to account for between-person variability (with

the random e�ect), but make an assumption on that shape of the distribution of that e�ect.

1. The response, Y, is a count per unit of time or space.

2. The observations must be independent of each other.

3. The log of the average incidence rate, log(µ), must be a linear function of X.

4. Conditional on the random e�ects the response follows a Poisson distribution.

5. The random e�ects come from a normal distribution on the additive scale (or a log-

normal on the multiplicative).

In a CF trial, it is likely that each person has personal di�erences (not related to measured

covariates) that contribute to their chance of developing PEx. These cannot be modeled

with fixed e�ects and thus a regular Poisson regression cannot account for them. However
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in a Poisson GLMM, personal di�erences will get estimated as an additional random e�ect.

This results in a correction for overdispersion (and ensures appropriate confidence interval

widths and p-values). While the Poisson GLMM is great for explaining the between-person

variabilities, it is often more computationally intensive compared to other methods that

allow for overdispersion (Breslow and Clayton 1993).

1.4 Negative Binomial Model

Another approach to modeling overdispersion in count data is to use a negative binomial

regression model. Like the Poisson GLMM, this is an extension to a simple Poisson regression

model that adds a multiplicative random e�ect z to account for heterogeneity.

µ = t ◊ exp(X—) ◊ z

z ≥ Gamma (◊, ◊)

The random e�ect z is assumed to have a gamma distribution, z ≥ Gamma(◊, ◊), ◊ > 0

(shape and rate). E(z)=1 and Var(z)=◊≠1. This is quite similar to our Poisson GLMM model,

only now our multiplicative random e�ect comes from a Gamma distribution rather than log-

normal. This is primarily done for computational reasons: The multiplicative convolution

of Poisson and gamma distributions is precisely a negative binomial distribution. So this is
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referred to as negative binomial regression. For completeness, we give the derivation below.

h(Y = y|µ, ◊) =
⁄ Œ

0

e≠µz(µz)y

y! ◊ ◊◊

�(◊)z◊≠1e≠◊z dz

= ◊◊

y! ◊ �(◊) ◊ µy ◊
⁄ Œ

0
e≠(µ+◊)z ◊ zy+◊≠1 dz

= ◊◊

y! ◊ �(◊) ◊ µy ◊ 1
µ + ◊

y+◊

◊
⁄ Œ

0
e≠(µ+◊)z ◊ [(µ + ◊)z]y+◊≠1 d(µ + ◊)z

= �(◊ + y)
y! ◊ �(◊) ◊ ◊

◊ + µ

◊

◊ µ

µ + ◊

y

The mean of the negative binomial distribution is E[Y |µ, ◊] = µ, and the variance is

V ar[Y |µ, ◊] = µ(1 + µ
◊ ). We see that the variance is always larger than the mean and

allows for overdispersion.

Negative binomial regression requires assumptions similar to that of the Poisson GLMM:

1. The response, Y, is a count per unit of time or space.

2. The observations must be independent of each other

3. The log of the average incidence rate, log(µ), must be a linear function of X.

4. Conditional on the random e�ects the response follows a Poisson distribution.

5. The random e�ects come from a gamma distribution on the multiplicative scale.

Like the Poisson GLMM, negative binomial regression also explicitly accounts for random

e�ects from personal di�erences. Both models o�er greater flexibility than the standard

Poisson model, but negative binomial model is computationally more e�cient.
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1.5 Cox Proportional Hazards model

Another way to analyze our data is to consider the time to first PEx as the endpoint. The

Cox proportional hazards model is the most common approach to assess a treatment e�ect

with time-to-event outcome between two or more groups (Cox P-H model)(Ozga, Kieser,

and Rauch 2018). In clinical trials where time to first event is the primary endpoint, the

Cox P-H model is often the first model to consider.

Let T denote a random variable representing event time, and ⁄(t) denote the so-called

“hazard”. Recall that the “hazard” at time t is ⁄(t) = lim�t≠>0
P r(tÆT <t+�t|tÆT )

�t , where �t

stands for a short time period. In a Cox P-H model, the hazard for an individual i is modeled

as:

⁄i(t) = ⁄0(t)exp(Xi—)

i = 1, ..., n

Here ⁄0(t) is a common baseline hazard and ⁄i(t) is the hazard for individual i to experience

an event at time t. In addition, Xi is a vector of covariates for the ith individual.

To use the Cox P-H model for inference, the following assumptions are required:

1. Proportional hazards assumption: The hazard ratio for any two individuals is assumed

to be constant over time. For example, the hazard ratio for patient A with X1 = 1

compared to patient B with X1 = 0 would be exp(—1) at every time.

2. The log hazard ratio (between any pair of patients) must be a linear function of their

covariates, X.

3. The patients must be independent of each other.

The Cox model is quite common in CF studies that use PE as an endpoint. Unfortunately,

the Cox P-H model potentially makes ine�cient use of data in these studies. CF patients
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usually have multiple events, but the Cox P-H model ignores all events after the first. We

explore extensions to the Cox P-H model that more e�ciently incorporate recurrent events.

1.6 Andersen Gill model

The first time-to-event model that includes recurrent events is the Andersen Gill model (A-G

model). The A-G model is a common model for recurrent events and is an extension of the

Cox P-H model (Ozga, Kieser, and Rauch 2018). Let ki denote the number of observed

events for individual i. The hazard function of the ith individual for the jth event at time t

is written as:

⁄ij(t) = Iij(t)⁄0(t)exp(Xij—)

i = 1, ..., n, j = 1, ..., ki

As in the Cox P-H model, ⁄0(t) is a common baseline hazard, and Xij is a vector of covariates

at time t. Iij(t) is a risk indicator, taking value 1 if the ith individual is under observation

(at risk) at time t, and value 0 if not. This is di�erent from in the Cox PH model when a

person experienced an event, that person will be no longer at risk (Iij(t) = 0). However, a

person will remain at risk (Iij(t) = 1) through the study unless the person is no longer under

observation (death or censoring) (Castañeda and Gerritse 2010).

The A-G model requires similar assumptions to those required by the Cox P-H model:

1. Proportional hazards assumption.

2. The log hazard ratio (between any pair of patients) must be a linear function of their

covariates, X.

3. The patients must be independent of each other.

4. The hazard of experiencing an event at time t since study entry does not change based

on the number of previous events a patient has experienced.

11



The 4th assumption is a strong assumption which implies that the recurrent events need to

be independent of each other. If this strong assumption is not satisfied, the A-G model may

give invalid inference. Observations through the counting process are usually assumed to

be independent of each other. However, in cases where an exacerbation’s occurrence may

relate to the individual’s exacerbation history, this required independence assumption may

be violated and other methods should be used.

1.7 Prentice-Williams-Peterson models

One might alternatively consider the class of Prentice-Williams-Peterson methods (PWP

models). There are two models in this class, the PWP total time model (PWP-TT model)

and the PWP gap time model (PWP-GT model). These methods are stratified Cox-based

approaches. The PWP-TT model uses, as event times, the time since study entry (total time

scale) while the PWP-GT model uses the time since the previous event (gap time scale).

In the PWP-TT model the hazard for an individual i for the jth event as:

⁄ij(t) = ⁄0j(t)exp(Xij—)

i = 1, ..., n, j = 1, ..., ki

In the PWP-GT model the hazard is modeled as:

⁄ij(t) = ⁄0j(t ≠ tj≠1)exp(Xij—)

i = 1, ..., n, j = 1, ..., ki

In both cases, it can be seen that the underlying model is similar to the common Cox model

but is stratified by number of events. Here, ki indicates the numbers of events that occur for

person i (Prentice, Williams, and Peterson 1981). For each recurrent event j = 1, . . . , ki, a
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separate hazard function is modeled with its own baseline hazard ⁄0j but shared regression

parameter —. Thus, the hazard for a recurrent event can be influenced by previous events.

An individual is at risk for the jth event only if the individual experienced a previous (j-1)

st event.

Since PWP models are also based on proportional hazards, PWP models require similar

assumptions to the standard Cox PH model:

1. Proportional hazards assumption.

2. The log hazard ratio (between any pair of patients) must be a linear function of their

covariates, X.

3. The patients must be independent of each other.

PWP models do not rely on the strong assumption of independence of events (which the

A-G model requires) since they stratify the data by event to allow baseline hazards to vary

according to event number. Thus, in trials where a person’s previous experiences of PEx

may result in di�erent risk for another PE, PWP is likely a more appropriate method.

However, the PWP models su�er from an issue involving small risk sets. This issue occurs

if, for some large number of events (stratum), there are only a few patients remaining in the

risk set. In this case, the hazard function being modeled in these strata will be less reliably

estimated, and this may lead to inferential problems. In these cases, we usually need to drop

event numbers that are too large. We assume that in most of these cases, since patients with

many events are rare, dropping these events should not substantively a�ect our conclusions.

However, since we are not making use of all of our data, this still becomes a limitation of

PWP models.
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2 The Impact of Statistical Methods on Simulated Data

To better understand how the seven models perform in di�erent scenarios, we ran simulated

experiments. We considered di�erent scenarios: with well-behaved Poisson outcome, and

overdispersed outcome with log-normal or gamma distributed multiplicative random e�ects.

We also studied how missingness a�ects the analysis results.

2.1 Data simulation methods

We used three covariates in our simulation study. The first variable is age group. To generate

the age group variable, we first generated the variable age from a uniform distribution from 1

to 18 years old. Any patient with age <= 3 is categorized as in age group 1, 3 < age <= 6 is

age group 2, 6< age <= 12 is age group 3, and finally any patient with age > 12 is age group 4.

The second variable, sex, is generated as a binary variable from a Bernoulli distribution with

p=0.5. Finally, the variable treatment is generated from a Bernoulli distribution with p=0.5.

As we were considering a randomized clinical trial, treatment was generated independently

of covariates.

We simulated PE events from a Poisson process with a separate per day rate for each indi-

vidual. We calculated this per day rate using the three covariates we simulated. The rate

for the ith patient’s Poisson process is calculated as ratei = r ◊ exp(—1 ◊ age groupi + —2 ◊

sexi +—3 ◊trti)◊‘i, where (ordinal) age group is treated as a continuous variable and r is the

baseline hazard rate (we use r=0.002 through our data simulations). The ‘i are [potential]

random e�ects: They are only included in specific overdispersion scenarios. Coe�cient values

of —1 = 0.2 and —2 = 0.4 were used in our simulations. To assess the Type I error rates and

power to detect an e�ect of treatment, we simulated with —3 ranging from 0 to 0.8, with an

increment = 0.1. For each —3, we ran 5000 simulations. For each scenario we will be talking

about below, we simulated data for five di�erent sample sizes: n = 100, 200, 300, 400, and

500 (these reflect sample size observed in contemporary CF trials). All power calculations

14



are based on the nominal significance level of – = 0.05.

We considered three censoring scenarios meant to resemble cases we might observe in actual

data. The first is an administrative censoring only scenario (which we will refer to as the

“non-missingness scenario”). We simulated each patient with the same total observed time of

180 days. For the second case we include censoring completely at random (MCAR). For this

MCAR scenario, a random censoring time (C) was generated for each patient. The patient

was included in the trial for min(C, 180): Any patients for which this was less than 180

were considered censored. C was generated from the same exponential distribution for each

patient with rate=0.001. This rate was selected to obtain about 20% [non-administratively]

censored observations. For the third scenario we considered censoring at random (MAR). For

this MAR scenario, we generated C for a given patient using a Poisson process with a rate

specific to that patient: In particular we used the rate calculated for that patient’s PE-event

process divided by 6 (this was selected to give about 20% [non-administrative] censoring).

In this way, the missingness status of a patient will depend on his or her covariates but

not otherwise on the outcome. As before, each patient was observed on the trial until time

min(C, 180). In these scenarios, for our Poisson-like models an o�set was used: log(180) for

administrative-only censoring, and log(min(C, 180)) for the other scenarios.

In these simulated experiments with homogeneous treatment e�ect, we expect Cox-PH to

have lower power because it only takes into account the first event while other models also

include following events.
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2.2 Data simulation results

2.2.1 No overdispersion

We first ran simple simulations to see how these models perform on data without overdis-

persion. The rate the for ith patient of the Poisson process was calculated as ratei =

r ◊ exp(—1 ◊ age groupi + —2 ◊ sexi + —3 ◊ trti).

The power plots we obtained for the three missing scenarios are as follows:

Non-missing
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Figure 2.1.1: Power plots, no overdispersion, non-missing

Missing completely at random
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Figure 2.1.2: Power plots, no overdispersion, MCAR

Missing at random
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Figure 2.1.3: Power plots, no overdispersion , MAR

Although the more complex censoring scenarios both seem to have lower power than that of

the administrative-only censoring, the di�erences are small. Thus, these models appear to

work well for small to moderate amounts of censoring.

From all of these plots, we see that Type I error of each of the seven models is close to the

nominal level (around 0.05) and power increases as —3 increases. Among all examples, Cox-

PH model is somewhat less powerful than all other models. For the non-missing simulation

where the sample size is 200, and —3 = 0.6, for example, power of the Cox-PH model is

about 0.63 while it is at least 0.75 for other models (Figure 2.1.1). Other models perform

very similarly to each other. The Cox-PH model’s poor performance is likely because it

ignores information from events other than the first. Next, we check how these models

perform on overdispersed data.

2.2.2 Overdispersion: log-normal distributed random e�ects

In order to compare model performance in overdispersed data, we now modify our simulations

to include a multiplicative frailty term for each patient’s rate when generating exacerbation

events. We first considered the case where the frailty terms are generated from a log-normal

distribution. The rate for the ith patient is calculated as ratei = r ◊ exp(—1 ◊ age groupi +
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—2 ◊sexi +—3 ◊ trti +‘i) where ‘ ≥ N(0, 0.6). As with the non-overdispersed data simulation

process, we evaluated power for each of seven models in the three censoring scenarios.

We found that there is an inflation in the Type I error-rate for the regular Poisson regression

in all censoring scenarios when we have over-dispersed data with log-normal random e�ects.

In addition to making Poisson regression generally an unreliable tool here, this failure to

control type-I error gives Poisson regression an unfair advantage when evaluating its power.

To level the playing field, we adjusted the nominal significance level for Poisson regression

(making it more stringent), to make sure that when calculating power it was using a cuto�

that actually controlled type I error at the 0.05 level. To do this, in each scenario, we ran

our simulation with —3 = 0 and found the nominal significance cuto� such that actually 5%

of the p-values calculated in our simulations are below it. We then used that number as the

“adjusted significance cuto�” for power calculations. The power plots we obtained with this

adjustment are as follows:

Non-missing
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Figure 2.2.2: Power plots, overdispersed with log-normal random e�ects, non-missing

Missing completely at random
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Figure 2.2.2: Power plots, overdispersed with log-normal random e�ects, MCAR

Missing at random
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Figure 2.2.3: Power plots, overdispersed with log-normal random e�ects, MAR

As shown in Figure 2.2.1-2.2.3, we see that after accounting for inflated type I error, Poisson

regression has no better power than any other method (and would be unreliable to use

in practice). As before we see that Cox-PH performs poorly with respect to power. Other

models work similarly to each other, and do not have issues with inflating Type I error-rates.

This is somewhat interesting as the negative binomial model is slightly misspecified (it has

the wrong form for the random e�ects), while the log-normal GLMM model is precisely

correctly specified. In addition, as we saw with non-overdispersed data, there is a slight

decrease in power when we include additional censoring. However, this di�erence is small,

and all models appear to accommodate missing data well.

Now we consider a similar scenario with overdispersion where we use gamma distributed
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multiplicative random e�ects rather than log-normal distributed. We note that, in the

following scenario, the negative-binomial model is precisely correctly specified.

2.2.3 Overdispersion: Gamma distributed random e�ects

Now instead of multiplicative log-normal random e�ects, we consider another scenario where

the multiplicative random e�ects follow a gamma distribution. The rate for ith patient is

calculated as ratei = r◊exp(—1◊age groupi+—2◊sexi+—3◊trti)◊‘i where ‘ ≥ Gamma(2, 2)

(shape=2 and rate=2).

We evaluated power and type I error rate for the seven models in the three missing scenarios.

As with overdispersed data with log-normal distributed multiplicative random e�ects, we

found that regular Poisson regression has inflated Type I error in all scenarios. As in the

previous section (Section 2.2.2), we recalibrated our cuto� for Poisson regression to ensure

a fair comparison. We obtained the following results:

Non-missing
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Figure 2.3.1: Power plots, overdispersed with gamma random e�ects, non-missing

Missing completely at random
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Figure 2.3.2: Power plots, overdispersed with gamma random e�ects, MCAR

Missing at random

26



Figure 2.3.2: Power plots, overdispersed with gamma random e�ects, MAR

Findings from overdispersed data with gamma distributed random e�ects are very similar

to what we saw with the log-normal distributed random e�ects. We see an inflated Type I

error-rate from the regular Poisson regression again. With the recalibration, simple Poisson

regression has no better power than other methods that actually account for overdispersion.

The Cox-PH model still performs the worst among all models. In this scenario, it is inter-

esting that all Poisson-regression-based overdispersion correcting methods perform similarly:

The correctly specified negative binomial model performs no better than the others.

Similar to what we observed for both overdispersed data with log-normal random e�ects

and non-overdispersed data, power in the scenarios with censoring is lower than that in the

non-missing case. However the di�erences are again not large.
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2.3 Discussion of data simulations

In general, we found that when there is [non-administrative] censoring (MCAR or MAR), the

power of all methods was decreased as compared to administrative-censoring only. However,

the di�erences are usually small in the relatively mild scenarios we considered.

For over-dispersed data, for both types of random e�ects we used, Poisson regression has

substantially increased Type I error-rates. This inflated Type I error-rate means that Poisson

regression is likely unreliable for conducting inference. All 3 of our Poisson-regression-based

overdispersion correction methods worked well in both random-e�ects scenarios (with regard

to controlling Type I error, and power).

We also found that Cox-PH regression for time-to-first-event performed comparatively

poorly: While type 1 error rates were controlled, it had substantially less power in all

scenarios. However, it is worth remembering that in these scenarios we simulated a homo-

geneous e�ect of treatment on all exacerbations. In examples where this is heterogeneous,

it may be that engaging with time-to-first event is a stronger competitor. In particular, this

is the scenario that we see in the next chapter when we reanalyze two CF studies.

28



3 The Impact of Statistical Methods on Clinical Trial

Results: Re-analysis of Two CF Trials

In this chapter, we will apply the 7 models we reviewed and studied in the first two chapters

to two Cystic Fibrosis studies. The two datasets we will be using are from the AZ trial,

a randomized controlled trial studying e�ect of Azithromycin on pulmonary function in

patients with CF uninfected with Pseudomonas aeruginosa; and the OPTIMIZE trial, a

randomized trial studying Azithromycin for early Pseudomonas infection in CF.

3.1 AZ trial

3.1.1 Background

The AZ trial was a multicenter, randomized, double-blind placebo-controlled trial conducted

from February 2007 to July 2009 at 40 CF care centers in the United States and Canada

(Saiman et al. 2010). The AZ trial was conducted to study if azithromycin treatment

improves lung function and reduces pulmonary exacerbations in pediatric CF patients un-

infected with Pseudomonas aeruginosa. In the original study, the primary endpoint was

change in forced expiratory volume (FEV), while numbers of PEx and time until PEx were

among exploratory endpoints. Patients were randomized 1:1 stratified on age group and CF

center combinations (Saiman et al. 2010).

The following table gives characteristics of patients enrolled on the AZ trial:
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Table 3.1.1. Characteristics of Participants According to Treatment Group: AZ Trial

Azithromycin (n=131) Placebo (n=129)

Follow-up time [mean (sd)] (days) 166.31 (25.54) 168.56 (24.56)

Age at randomization [mean (sd)] (years) 10.7 (3.25) 10.6 (3.10)

Age Group [no(%)]

6-12 y 91 (69%) 91 (71%)

>12-18 y 40 (31%) 38 (29%)

Sex [no(%)]

Female 54 (41%) 59 (46%)

Male 77 (59%) 70 (54%)

PEx numbers [no(%)]

0 103 (79%) 79 (61%)

1 21 (16%) 38 (30%)

2 4 (3%) 9 (7%)

3 3 (2%) 3 (2%)

Ø1 28 (21%) 50 (39%)

From Table 3.1.1, we see that there are slightly more male than female patients, and sub-

stantially more patients in the 6-12 years old age group (age group 1). Most patients did

not have any exacerbations. However, the percentage of patients who had at least one event

appears higher among those who received placebo than those who received the treatment.

In our statistical analysis, we fit all models assessing the relationship between treatment and

our PEx endpoint adjusting for both age group and sex as this is how the covariates were

adjusted for in the original trial analysis.
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3.1.2 Statistical analysis

We first analyzed the data from this trial using a simple Poisson model: It indicates that

treatment has a significant e�ect on rate of exacerbation. The exponentiated coe�cient of

treatment is 0.6 (95% CI 0.40, 0.88) (Table 3.1.2). This indicates that, among patients of

the same sex, who are in the same age group, those who recieve azithromycin are expected

to experience roughly 40% fewer exacerbations than those who receive placebo.

Table 3.1.2.Poisson Family Methods and Results: AZ Trial

Method Endpoint P-value* Goodness of fit

results

E�ect size: exp

(—)ú (95% CI)

Poisson Regres-

sion (regular)

PEx number 0.01 < 0.05 p=0.1268(dispersion)0.6 (0.40,0.88)

Poisson GLMM PEx number 0.019 < 0.05 0.59 (0.37,0.91)

Quasi-Poisson

Regression

PEx number 0.017 < 0.05 0.6 (0.39,0.91)

Negative Bino-

mial Regression

PEx number 0.017 < 0.05 p=0.96(deviance) 0.6 (0.39,0.91)

*for treatment

Next, we ran an overdispersion test to identify if a simple Poisson model can fit the data

well. The null hypothesis being tested is that the true dispersion parameter is equal to

1 (indicating that there is no overdispersion). The alternative hypothesis is that the true

dispersion parameter is greater than 1, indicating that there is overdispersion. We ran the

test using the function dispersiontest from R package AER (Kleiber and Zeileis 2020). This

function implemented a regression-based test for overdispersion (Cameron and Trivedi 1990),

where the null hypothesis being tested is that H0: Var(yi)=µi and the alternative hypothesis

is H–: Var(yi)=µi + „ ◊ g(µi) (g(µi) is a specified function of µi). In particular, a t-test
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is used to evaluate if „ = 0. The p-value given was 0.1268 and the dispersion estimate

is 1.11, suggesting that we do not have significant evidence to reject the null hypothesis

(Table 3.1.2). Thus, it is likely that there is minimal overdispersion, and the simple Poisson

regression model should perform well on the AZ data.

We compared the results of simple Poisson regression to those from our models with overdis-

persion correction: Poisson GLMM, Quasi-Poisson and negative binomial regression. Since

our data are not substantially over-dispersed, we expect all of these three methods to perform

similarly to a simple Poisson regression: We expect our mixed e�ect models will estimate

multiplicative random e�ects near 1, and the Quasi-Poisson model will calculate a dispersion

parameter near 1. Table 3.1.2 shows us the results from these three methods: Coe�cient

estimates are similar (to each other and the simple Poisson model). To check the goodness

of fit for the negative binomial, we used the deviance goodness of fit test, where the null

hypothesis is that this model is a good fit for our data, and the alternative hypothesis is

that this model is not a good fit for our data. Results show that negative binomial model

also works fine (p-value=0.96, Table 3.1.2). For the Poisson GLMM, we plot out the random

e�ects extracted from the Poisson GLMM model (Figure 3.1.1). We see that most patients

have multiplicative random e�ect terms close to 1. These results match our expectations.
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Figure 3.1.1 Random e�ects from Poisson GLMM (AZ) and its distribution

In this case, with nearly no overdispersion, all 4 models gave very similar results.

We now move from considering exacerbation rate to examining hazard using proportional-

hazard modeling methods (Cox-PH, AG, and PWP methods). We first examine our as-

sumptions about proportionality of hazards. To do this, in each stratum (Age group and

sex combination), we examine the Kaplan-Meier curves for time to first exacerbation in the

two treatment groups. The results are given in the following figures:

Figure 3.1.2 Kaplan Meier Curves for time to first event, stratified by age group and sex

combinations

From Figure 3.1.2 we see that among patients who are male and in age group 1, the Kaplan-

Meier curves for the two treatment groups appear to cross at one point. Visually, it is unclear

if this crossing is “real” or just a function of the variability of KM curves constructed based on

limited data. To quantify evidence of departure from the proportional hazards assumption
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we used the cox.zph function from the R package survival (Therneau et al. 2020). The

function implements a standard test for goodness of fit for proportional hazards (Harrell

1986). Here the null hypothesis is that proportional hazards is satisfied. We found p-value=1

(Female, 6-12 years); p-value =0.36 (Female, 12-18 years); p-value=0.23 (Male, 6-12 years);

p-value=0.55 (Male, 12-18 years). These results indicate that we do not have strong evidence

of a departure from proportional hazards (though this may be due to a limited sample size

within each stratum).

Results for the Cox-PH model are shown in Table 3.1.3 (denoted as Cox PH 1). Adjusting

for sex and stratified on age group, the exponentiated estimated coe�cient of treatment

(estimated hazard ratio) is 0.5 and the p-value (p=0.003<0.05) shows statistical significance.

This indicates that a patient who receives azithromycin has roughly 50% less hazard of

experiencing their first exacerbation at any time t compared to an identical patient who

receives placebo.
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Table 3.1.3. Cox PH Family Methods and results: AZ Trial

Model Endpoint P-value* E�ect size:

HR and 95% CI

Cox PH 1 Time from

start to first

event

0.003 < 0.05 0.50 (0.31,0.79)

Cox PH 2 Time from

start to

second event

0.62 1.27 (0.79,2.06)

Cox PH gap Time from

first event to

second event

0.76 1.16 (0.45,3.01)

Andersen Gill Time from

start until

each event

0.01 < 0.05 0.57 (0.36,0.90)

PWP-TT Time from

start until

each event

0.03 < 0.05 0.60 (0.38,0.95)

PWP-GT Time from

the previous

until the next

event

0.02 < 0.05 0.59 (0.38,0.93)

*for treatment

Since some patients had more than one exacerbation, we also wanted to understand the e�ect

of treatment beyond the first exacerbation. First, we checked if azithromycin is also e�ective

in reducing the hazard of having exacerbations (including and beyond the first) using the A-G
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model, assuming that the time interval between exacerbations are conditionally uncorrelated.

Results from the A-G model show that the treatment is also associated with reduction in

hazard of experiencing all exacerbations, with p-value=0.01 < 0.05, and hazard ratio of 0.57

(Table 3.1.3). This suggests that patients receiving azithromycin have, on average, ≥ 43%

less hazard of experiencing an exacerbation at any time t compared to those who received

placebo.

As we noted in the first chapter, the A-G model makes a strong assumption regarding

independence of events for a given patient. To identify if our finding is robust, we also fit

PWP models — this allows us to use a di�erent baseline hazard for each event-number. We

applied both the PWP gap time (PWP-GT) model and the PWP total time (PWP-TT)

model. As we discussed earlier, PWP methods may encounter a small-risk-set issue if, for

some large event-number, there are few patients remaining in the risk set. In this trial,

patients had at most 3 exacerbations, and the numbers of patients who had 3 events was

su�ciently large (6 patients, from Table 3.1.1), so we felt it was acceptable to use of the

available data with PWP methods. Results of both PWP models are shown in Table 3.1.3.

The p-value for the treatment variable is 0.02<0.05 and 0.03<0.05 for the PWP-TT model

and the PWP-GT model, respectively. This also suggests that the treatment is e�ective

for reducing the hazard of experiencing an exacerbation (averaged all events). Results from

the PWP-GT model and the PWP-TT models are very similar to each other. Both models

suggest that a patient receiving azithromycin has about 40% less hazard of experiencing any

exacerbation at any time t compared to an identical patient who received placebo.

From the results of all three survival methods we reviewed above, we found that the estimated

e�ect sizes in the PWP and AG models are slightly smaller than those from the Cox PH

model. We examine two Kaplan Meier plots using time until the second event occurs instead

of the first event to understand the specific e�ect of treatment on later events. The first

plot takes the start time to be time 0 (time of randomization), while the second plot takes

the start time to be the ending time of the first exacerbation. Patients who have never
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experienced any event will be considered left truncated and will not be included. Patients

who only experience 1 event will be considered censored. Our goal is to compare these second

event-time curves to the first event time to visually examine if there is a homogeneous or

heterogeneous e�ect of treatment.

Figure 3.1.3 Kaplan Meier curves with di�erent endpoints

The results from Figure 3.1.3 appear to indicate an attenuation of the treatment e�ect for

events past the first. In particular curves are both closer together, and in some cases there is

even a reversal of the trend (that would indicate a deleterious e�ect of treatment). We suspect

that reversal is merely due to stochasticity of our estimates, however this still indicates a

decreased positive e�ect of treatment. To quantitatively evaluate these e�ects, we fit Cox-PH

models regressing time to second event on treatment. We found that the estimated hazard

ratios in the Cox PH 2 and the Cox PH gap models are larger than 1, which is di�erent

from the Cox PH 1 model (Table 3.1.3). P-values for the treatment variable in the second

and the third model are, however, not statistically significant, so this could easily be due to

stochasticity.
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We see that estimates of hazard ratio of experiencing an exacerbation in all three survival

models (Cox-PH, A-G, and PWP methods) are similar. Based on our needs, we may choose

di�erent models for this endpoint. If we are not only interested in assessing the relationship

between the treatment and the time until the first event, but rather in understanding the

treatment’s e�ects on the frequency of PEx, we would recommend using the two recurrent

event models: These two models take all information (recurrent events) into account.
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3.2 The OPTIMIZE Randomized Trial.

3.2.1 Background

The OPTIMIZE trial was a multicenter, double-blind, randomized, placebo-controlled, 18-

month trial in children with CF, 6 months to 18 years of age, with early Pseudomonas

aeruginosa (Pa) (Hamblett et al. 2018). The OPTIMIZE trial was conducted to test the

hypothesis that the addition of azithromycin to tobramycin inhalation solution in children

with cystic fibrosis and early Pa decreases the risk of pulmonary exacerbation and prolongs

the time to Pa recurrence. Patients were randomized 1:1 based on randomization algorithm

(Han, Enas, and McEntegart 2009) including the age group variable (Hamblett et al. 2018).

The following table gives characteristics of patients enrolled in OPTIMIZE:
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Table 3.2.1. Characteristics of Participants According to Treatment Group: OPTIMIZE Trial

Azithromycin (n=110) Placebo (n=111)

Follow-up time [mean (sd)] (days) 319.41 (196.92) 299.33 (202.59)

Age at randomization [mean (sd)] (years) 6.58 (5.23) 6.35 (4.93)

Age Group [no(%)]

Ø6 mo to 12 y 39 (35.5%) 41 (36.9%)

>3 mo to 6 y 22 (20%) 23 (20.7%)

>6 yr to 12 y 30 (27.3%) 29 (26.1%)

>12 y 19 (17.3%) 18 (16.2%)

Sex [no(%)]

Female 55 (50%) 49 (44%)

Male 55 (50%) 62 (56%)

PEx numbers [no(%)]

0 67 (60.9%) 53 (47.7%)

1 24 (21.8%) 38 (34.2%)

2 9 (17.3%) 13 (18.0%)

3 4 (3.6%) 4 (3.6%)

4 2 (1.8%) 1 (0.9%)

5 2 (1.8%) 0 (0.0%)

6 2 (1.8%) 1 (0.9%)

7 0 (0.0%) 0 (0.0%)

8 0 (0.0%) 1 (0.9%)

Ø1 43 (39.1%) 58 (52.3%)

Patients are roughly balanced on baseline covariates (Table 3.2.1). In the group of patients

who received treatment, most patients do not have any exacerbations (60.9%). In the group

of patients who received placebo, roughly half the patients had at least one exacerbation
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(52.3%), compared to substantially fewer than half on the intervention arm (39.1%). In all

of the models we fit for the OPTIMIZE trial, we evaluate the e�ect of treatment on PEx

adjusting only for age group, since the original study did not adjust for sex.

3.2.2 Statistical analysis

We first evaluate potential overdispersion from a simple Poisson regression model using the

overdispersion test discussed above. This resulted in a dispersion estimate of 1.46 with a

corresponding p-value of 0.002<0.05. This suggests that our outcome is over-dispersed. Thus

simple Poisson regression should perform relatively poorly, and it will be of interest to use a

model that accounts for overdispersion. This was verified by running a goodness-of-fit test

for a simple Poisson model, resulting in a p-value of 8.23e-05 (<0.05), which indicates a poor

fit.

In contrast, the negative binomial model provides a much better fit to the data: A deviance

based goodness-of-fit test gives a p-value of 0.64. Unfortunately, there is no deviance-based

goodness-of-fit test for Quasi-Poisson regression (Glen 2014), as only a mean model is spec-

ified. For the Poisson GLMM, we plot the random e�ects of each patient from the Poisson

GLMM model fit (Figure 3.2.1). Unlike in the AZ trial, here the distribution of random e�ects

is quite di�use, with many far from 1 (Figure 3.2.1). This confirms that there is substantial

between-person variability in the OPTIMIZE trial. We visually compare goodness-of-fit of

Gamma and log-normal distributions to these random e�ects — both appear to fit similarly

well, suggesting that the Poisson GLMM and negative binomial models should have very

similar behavior here.

This trial exemplifies the importance of overdispersion correction when modeling count data.

In addition, results on this dataset mirror what we saw in the previous chapter: All 3 methods

that correct for overdispersion give very similar results. Below we give results from all of the

Poisson-family models (including reported treatment e�ects and goodness-of-fit)
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Table 3.2.2.Methods and Results: OPTIMIZE Trial

Method Endpoint P-value* Goodness of fit

results

E�ect

size:exp(—)ú and 95%

CI

Poisson Regres-

sion (regular)

PEx number 0.26 p=8.23e-

05(dispersion)

0.84 (0.63,1.13)

Poisson GLMM PEx number 0.27 0.80 (0.54,1.18)

Quasi-Poisson

Regression

PEx number 0.4 0.84 (0.57,1.26)

Negative Bino-

mial Regression

PEx number 0.33 p=0.64(deviance) 0.81 (0.57,1.21)

*for treatment

Results from Table 3.2.2 show that all models suggest a ≥ 20% reduction in number of

exacerbations on treatment, however they do not provide statistically significant evidence of

such an e�ect (p > 0.05 from all models). This agreement suggests that treatment may only

have a minimal (or no) e�ect on number of exacerbations.

42



Figure 3.2.1. Random e�ects from Poisson GLMM (OPTIMIZE)

We now move on and consider proportional-hazard modeling methods. Again, we first check

if the proportional hazard assumption is satisfied. In each level of age group, we examine

the Kaplan-Meier curves for time to first exacerbation in the two treatment arms:

Figure 3.2.2 Kaplan Meier Curves until the first event, stratified on age group

From Figure 3.2.2 we see that among patients who are in age groups 3 and 4 (6-12 years, and

older than 12 years), the Kaplan-Meier curves for the two treatment groups cross. As before,

we cannot tell from the plot if this just a function of the variability of KM curves based on

limited data. We quantitatively evaluate the proportional hazards assumption by running a

test of proportional hazards (Harrell 1986) and find that we do not have su�cient evidence

to reject proportional hazards in any stratum: p-value=0.18 (6 months - 3 years); p-value

=0.9 (3-6 years); p-value=0.25 (6-12 years); p-value=0.59 (>12 years). We note though that

this may be due to our limited number of observations in each stratum.
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Results of the Cox-PH model for the first event are shown in Table 3.2.3 (Cox PH 1).

Stratified on age group, the exponentiated estimated coe�cient of treatment is 0.56 and the

p-value (p=0.004<0.05) shows statistical significance. This indicates that patients receiving

azithromycin have a ≥ 44% reduction in hazard of experiencing their first exacerbation at

time t as compared to those who receive placebo.
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Table 3.2.3. Cox PH Model with Di�erent Endpoints: OPTIMIZE Trial

Model Endpoint P-value* E�ect size:

HR and 95% CI

Cox PH 1 Time from

start to first

event

0.004 < 0.05 0.56 (0.37,0.83)

Cox PH 2 Time from

start to

second event

0.16 1.59 (0.84,3.01)

Cox PH gap Time from

first event to

second event

0.58 0.80 (0.36,1.78)

Andersen Gill Time from

start until

each event

0.36 0.84 (0.57,1.22)

PWP-TT Time from

start until

each event

0.26 0.85 (0.59,1.22)

PWP-GT Time from

the previous

until the next

event

0.24 0.83 (0.60,1.15)

*for treatment

In addition, to incorporate later events, we used an A-G model. As a reminder, this assumes

that the time intervals between exacerbations are conditionally uncorrelated.

Results from the A-G model, however, indicate that the treatment is not associated with a
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change in the hazard of experiencing exacerbations, with p-value=0.35 >0.05 (Table 3.2.3).

This suggests that although the treatment is e�ective at reducing the hazard of experiencing

the first event, the treatment is not e�ective in reducing the hazard of having a following

event. As this method averages over all events, it leads to some concern that, in fact,

treatment increases risk of a later event.

Next, we try both a PWP-GT model and a PWP-TT model. As a reminder this allows us to

use a di�erent baseline hazard for each event-number. Since PWP methods may encounter

small-risk-set issues, we removed any events after the fourth (only 9 patients experienced 4

or more events). The results from these two methods agree with the results from the AG

model and did not identify a significant e�ect of treatment; p = 0.26, and 0.24 for PWP-TT

and PWP-GT models respectively (Table 3.2.3).

Because we found that the estimated e�ect sizes from PWP and AG models are much smaller

than that of the Cox PH model (and no longer significant), we would like to identify what is

happening with events after the first. To better understand what is going on, we examined

Kaplan-Meier plots: The first plot takes the start time to be time 0 (time of randomization),

and the second plot takes the start time to be termination of the first exacerbation. Patients

who have never experienced any event are considered left truncated and are not be included.

Patients who only experience 1 event are considered censored.
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Figure 3.2.3 Kaplan Meier curves with di�erent endpoints

From Figure 3.2.3, we see potential violation of proportional hazards (crossing of the curves).

In addition, we see a potential reversal in the e�ect of treatment for the second event (that

patients on the intervention arm may, at some points, have increased hazard). To quanti-

tatively evaluate this, we fit Cox-PH models regressing time to second event on treatment,

accounting for age group. For the first model (Cox-PH 2), we set the start time as the

patient’s randomization time. For the second model (Cox-PH GAP) we left-truncate ob-

servations at the time of the first exacerbation. Cox-PH GAP shows a much attenuated

e�ect from the original Cox-PH model for the first event (Cox-PH 1). Cox-PH 2 has a point

estimate with a reversed e�ect. Further investigations may be needed to understand this:

It may be due to post-randomization factors such as degree of treatment in response to the

first event. Neither of these models attains statistical significance.

From Figure 3.2.3 and Table 3.2.3, we found that the relationship between treatment and

exacerbations beyond the first exacerbation is unclear in the OPTIMIZE trial. If we are more

interested in understanding the treatment’s e�ects on overall frequency of PEx (including

later events), it seems most sensible to use the recurrent event models. However, as we see

here, these result in a very di�erent e�ect estimate than we found from evaluating only time

to the first event via a Cox-PH model.
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3.2.3 Data simulation revisited: overdispersion with random e�ects from the

OPTIMIZE trial

We now consider a data simulation with random e�ects extracted from the OPTIMIZE trial.

We examine how this longer-tailed distribution of random e�ects will a�ect the performance

of our methods. By considering this in simulation where we know the parameters used to

generate the data, we can more easily evaluate the performance of our methods.

We generate the data precisely as in the overdispersion simulations from Chapter 2. The only

di�erence is that to generate random e�ects we sample with replacement from the estimated

random e�ects obtained from our Poisson GLMM fit to the OPTIMIZE trial data. We again

consider 3 censoring scenarios, and a nominal significance level of – = 0.05.

Similar to what we saw on over-dispersed data in Chapter 2, we found inflation in the Type

I error-rate of simple Poisson regression. As we discussed in Chapter 2, an inflated Type I

error-rate can unfairly lead to increased power. To combat this, we recalibrated the cuto�s

for Poisson regression as in Chapter 2 to control type 1 error rates and put all methods on

an even footing for comparing power.

Non-missing
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Figure 3.2.4: Power plots, overdispersed with random e�ects, non-missing

Missing completely at random
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Figure 3.2.5: Power plots, overdispersed with random e�ects, MCAR

Missing at random
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Figure 3.2.6: Power plots, overdispersed with random e�ects, MAR

The results from this simulation study are extremely similar to what we saw in Chapter 2. As

noted before, Poisson regression has inflated type 1 error rates; all Poisson-family methods

that deal with overdispersion perform quite well (and similarly); and Cox-PH regression

struggles with power when it ignores later events.

The lower power from Cox-PH regression here comes from our assumption of homogeneity

of the treatment e�ect across events. In the case of the OPTIMIZE trial that appears not

to be the case. Further simulations under treatment e�ect heterogeneity may be warranted.
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4 Discussions and Conclusions

In this thesis, we examined 7 di�erent methodologies for modeling the relationship between

treatment and pulmonary exacerbation in Cystic Fibrosis. We evaluated the advantages

and disadvantages of these methods via theoretical study, simulation, and reanalysis of 2

contemporary trials. Here we will summarize our findings.

There are two possible general ways to engage PEx outcome in our models: One can treat

the outcome as a count, and model the rate, or one can treat the outcome as a point-process

and model the hazard. The two approaches lead to di�erent methodologies: Treating PEx

as a count leads us to use Poisson-like models; while treating PEx as a process leads us to

use Cox-PH-like (time-to-event) models.

We evaluated 4 methodologies in the Poisson-modeling family: Poisson GLM, Quasi-Poisson

GLM, Poisson GLMM, and the negative binomial model. The three latter models are exten-

sions of the Poisson GLM, developed to deal with overdispersion. We found that those three

extensions performed at least as well as Poisson regression in every scenario (including those

without overdispersion): In all scenarios Type-1 error rates were controlled, and power was

as good as Poisson regression. In contrast, Poisson regression had inflated Type-1 error rates

in all scenarios with overdispersion. All three overdispersion-correcting methods performed

very similarly. In some scenarios, the negative binomial model or the Poisson GLMM might

be preferable because they allow one to explicitly model random e�ects while quasi-Poisson

model does not. Additionally, in scenarios where computational resources are a concern, we

suggest a negative binomial model as it is less computationally burdensome to fit.

If one decides to treat PEx as a [recurrent] time-to-event outcome, it is important to decide

whether to engage with events beyond the first. When there is homogeneity of treatment

e�ect, engaging with events beyond the first will increase power. We saw this in our simulated

experiments: There the Cox-PH model has substantially lower power as compared to the

AG model and PWP methods in all scenarios. When there is heterogeneity of treatment
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e�ect, however, considering later events may decrease power. We saw this in the OPTIMIZE

trial data, where we found that the behavior of the first exacerbation greatly di�ers from

behavior/timing of later exacerbations. In particular, the Cox PH model showed statistical

significance of the treatment e�ect, but AG and PWP methods did not (due to an attenuation

of treatment e�ect in later events).

In addition to power considerations, there are two additional determinants that we believe are

important when deciding whether to use only the first event vs recurrent events. First, one

must consider the scientific question: If time until the first event is of primary interest then

we believe it makes most sense to use a standard Cox-PH model which considers only the first

event. If we are interested in an average hazard (averaged over all exacerbations), then we

would recommend using the AG model or PWP methods. In particular, estimates of hazard

ratios from the Cox-PH may be very di�erent from those of AG model or PWP methods

in cases where the treatment e�ect is heterogeneous. The second important consideration is

more administrative (though it relates to the scientific question). It seems likely that timing

on a second exacerbation is more di�cult to define and measure as compared to a first, as

one needs to identify, for example, when the first exacerbation ends, and if the first vs second

exacerbation are actually di�erent events (or just one long worsening). Additionally there

may be some confounding induced by treatment of the first exacerbation (perhaps a less

severe first exacerbation leads to less intensive treatment and potentially a sooner second

exacerbation). These issues may attenuate or more generally bias estimation of the e�ect of

treatment on later exacerbations, and this might push us towards using only time to first

exacerbation as our outcome.

In a prospectively planned trial and analysis, we must choose our methodology before looking

at the data. We believe that engaging with the above questions and our scientific objectives

in a given study can help inform our choice of analysis.
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Appendix

The data analysis of this thesis is conducted using R (R Core Team 2013), version 3.5.3. R

codes used for this thesis can be found in this GitHub link:

https://github.com/xydai/generation_poisson
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