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CHAPTER 1

Introduction

1.1 Introduction to Alzheimer’s Disease (AD)

AD is a progressive disease with three general stages: Normal Cognition, MCI, and AD

(Jack et al., 2010). Normal cognition is used for those with no evidence of cognitive im-

pairment or deficits in activities of daily living due to cognitive impairment. MCI is the

prodromal stage of AD and is characterized by report of a cognitive change by the patient,

informant, or a clinician, reduced cognitive ability on neuropsychological testing, with an

absence of dementia (Albert et al., 2011; Sperling et al., 2011). AD is diagnosed when

there are cognitive impairments in at least 2 domains and a decrease in daily functions due

to these declines (Brookmeyer et al., 2017). There are other types of dementia not directly

tied to AD, which are not considered here. AD is currently considered an irreversible con-

dition with no cure. The most promising areas of intervention are related to delaying the

onset of the disease. Though AD is not reversible, a transition between MCI and NC ex-

ists as a potential pathway due to this possibility in the clinical context of AD (Wei and

Kryscio, 2016).

1.2 Potential Time-Dependent Effects

The risk factors of AD are hypothesized to have potential time-dependent/stage-dependent

effects. The etiology of AD has not been fully established, but there is evidence the patho-

physiological process of AD begins years before the presence of clinical symptoms appear

(Jack et al., 2010). A cascade hypothesis has been suggested to describe the progression

of the disease, where the value of a risk factor is dependent on both age and the current

disease stage of a participant. Because of this hypothesis, time-varying predictors are of

interest when modeling disease stage in AD.

As the cascade hypothesis illustrates, the effectiveness of risk factors as predictors are
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expected to vary depending on the age of the patient and their current stage of disease.

Some risk factors will be more effective for predicting disease progression over shorter

time periods while others may have a smaller effect that amplifies over time. Amyloid beta

(Aβ ) accumulation is thought to be the first step of AD pathology, beginning years before

clinical symptoms manifest (Jack Jr et al., 2016). Changes in Aβ may be useful in identi-

fying patients at risk from transitioning from NC to MCI, while memory measures may be

more useful when the patient has already transitioned to the MCI stage. Based on the cas-

cade hypothesis, Aβ measurements would be more useful for prediction for a patient earlier

in the disease, though the long-term effect of the build-up may not be visible until decades

later. Another measure of interest, cognitive complaint status, has the potential to be useful

in prediction throughout AD progression (Petersen et al., 2001). It measures whether a

participant and/or their informant notices issues in the patient’s memory. Different stud-

ies may assess cognitive complaint differently, but this measure is generally gathered via

questionnaires about a patient’s recent cognitive ability (Carr et al., 2000; Farias et al.,

2008). Having a cognitive complaint at a younger age is a sign of deteriorating memory

and would appear earlier in the disease. However, a major change in complaint status over

a short period of time, such as a patient having no complaint at one visit and then both

types of complaint at the next is a marker of a more rapid decline in cognitive ability and

an increase in disease progression. Predictors like cognitive complaint may be useful for

prediction models when the potential time-dependent importance is incorporated.

1.3 Statistical Methods for Disease Progression

The simplest model for disease progression is to use a cross-sectional approach with the

most recent diagnosis as the outcome and adjust for follow-up time within the study. How-

ever, this method relies on using baseline predictor measurements and loses information by

not incorporating the disease pathway of the patient into the model.

Questions related to disease progression have often been modeled as time-to-event
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problems with survival analysis models, where the event is disease progression. There

have been several methods investigated for the development of prediction models using

a time-to-event approach, including the partly conditional model approach by Zheng and

Heagerty (2005) and the landmark analysis approach by Van Houwelingen (2007). These

models have dynamic prediction of future outcomes in how they can be updated at a vary-

ing prediction time s. Other methods for dynamic prediction for time-to-event outcomes

have been proposed recently, including Rizopoulos (2011), which used a joint modeling

approach relating the underlying latent process of longitudinal markers with survival out-

comes. Huang et al. (2016) proposed a two-stage approach with shifts in the hazard func-

tion.

Another popular approach is using Markov transition models to examine transitions

between disease stage over time. Under the Markov assumption, only transitions between

consecutive visits are included in the likelihood formulation. These methods are relatively

new-to-use in AD literature, and have been used only for the last decade. Some studies

directly model transition probabilities (Tyas et al., 2007) using logistic regression, whereas

some studies model transition intensities (Bloudek et al., 2011; Jack Jr et al., 2016). The

Markov assumption assumes that the future evolution only depend on the current states

and might not be valid in practice. These models also assume there are equally spaced

consecutive time intervals between patient visits. The actual follow-up times are not used

in the modeling, which is termed an ignorable observation time process. Since AD is a

slowly progressive disease and patients are typically assessed annually, this assumption

might be reasonable for studies with pre-specified regular visits. When used in prediction,

the probabilities of transition between disease stages after t future time periods can be eas-

ily calculated using the estimated transition probabilities (Jackson et al., 2011). However,

this is done by taking the matrix exponential of the scaled transition intensity matrix, as

these models do not allow the transition matrix to change with time. Because these cal-

culations rely on exponential matrices, the larger the prediction window of interest, the

3



more difficult the calculation and the larger the assumption required under the unchanging

transition matrix.

In this dissertation, the focus is the eventual development of a model to answer the

patient question ”In three years, will my disease have progressed to AD?” To do this, the

outcome is the disease stage at time t in the future and will not be treated as time-to-

event. Due to previous work that determined the Markov assumption is violated when

modeling AD, Markov transition models were not considered here. The partly conditional

model, developed by Pepe and Couper (1997), allows for time-dependent predictors to

be incorporated, an ordinal disease progression outcome, and flexibility to address varying

targets of inference. Because of its strengths and its direct modeling of the predictive mean,

this model was chosen to examine potential predictive risk factors of AD progression in this

dissertation.

1.4 Structure of this Dissertation

The following dissertation is structured in four parts. Chapter 2 is an introduction to pre-

dictive partly conditional models, with an emphasis on how to use this model to unbiasedly

estimate effect sizes and calculate accurate confidence intervals for those estimates. Chap-

ter 3 builds on the previous section to examine the inclusion of death and study dropout

into the PPCM using inverse probability weighting to reduce potential bias from the exclu-

sion of this information from the model. Chapter 4 is a case study applying several models

to data from the Alzheimer’s Disease Neuroimaging Initiactive (ADNI) to answer specific

questions of interest and comparing the results and their interpretations. Chapter 5 con-

cludes the dissertation, summarizing the previous chapters and speaking to potential future

work.
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CHAPTER 2

Predictive Partly Conditional Model for Longitudinal Ordinal Outcomes

2.1 Introduction

When investigating disease progression and early prevention, disease severity outcomes

and risk factors are often collected at multiple times, with disease severity measured on

an ordinal scale. Motivated by a research study investigating prognostic risk factors for

Alzheimer’s disease severity, this paper focuses on modeling longitudinal ordinal outcomes

at time t in the presence of time-dependent prognostic risk factors at time s while allowing

time-dependent effect related to both (s, t).

Alzheimer’s disease (AD) is an irreversible and progressive neurodegenerative disorder

that slowly destroys memory and thinking skills. There are three general clinical stages

based on severity of symptoms: normal cognition (NC), mild cognitive impairment (MCI),

and AD (Albert et al., 2011). Identifying prognostic risk factors for AD progression is

important both for clinical research and clinical practice. For cognitively normal people,

identified prognostic risk factors will raise self-awareness of early prevention and enhance

early diagnosis. For MCI patients, understanding risk of progression to AD will aid clinical

decision-making on targeted therapies, as well as improving adherence to medical treat-

ment and planning for long-term care. In most AD clinical studies, participants undergo

multiple visits, and thus provide longitudinal information over their entire follow-up. Ex-

isting evidence suggests trajectory patterns for dynamic markers/biomarkers depend on the

course of disease, implying the importance of incorporating time-dependent risk factors

when developing prediction models in AD (Li et al., 2013; Jack et al., 2010). However,

most studies investigating prognostic risk factors in relation to AD progression utilized

baseline risk factor information rather than the longitudinal information. Hence, those

models might not provide reliable prediction in the presence of time-dependent prognostic
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risk factors.

In this paper, we investigate the predictive partly conditional model (PPCM) (Pepe

et al., 1999) for AD severity as a longitudinal ordinal outcome in the presence of time-

varying prognostic risk factors while allowing time-varying effects. This approach directly

models a future outcome Y (t) at time t given patient information X(s) at time s, allowing

the effect of X(s) to depend on measurement time s < t. It is a natural extension of the

partly conditional regression modeling strategy of Pepe and Couper (1997), which mod-

els the partly conditional mean of an outcome at time t using a subset of outcome and

covariate history up to time t. For both approaches, the generalized estimating equations

(GEE) method with independent working covariance structure is used to obtain unbiased

estimation. While both papers provided comprehensive illustration for the application of

partly conditional models, neither included simulation studies or provided a comparison

with other approaches. In addition, unbiased estimation for the covariance matrix of pa-

rameters under PPCM needs to be considered under a bivariate domain D = {(s, t) : s < t},

and requires some additional conditions, as shown in the Section 2.2. These conditions

have not been previously explored.

Advantages of the PPCM include incorporating the longitudinal risk factor informa-

tion as opposed to baseline information only, directly modeling the predictive mean, and

consideration of time-dependent effects. Similar ideas have been proposed to predict time-

to-event outcomes using longitudinal data, such as the partly conditional model approach

by Zheng and Heagerty (2005) and the landmark analysis approach by Van Houwelingen

(2007). Prediction models developed using such approaches have a dynamic feature in

that prediction of future outcomes can be updated dynamically at varying prediction time

s. Other methods for dynamic prediction for time-to-event outcomes have been proposed

recently. For example, Rizopoulos (2011) used a joint modeling approach relating the un-

derlying latent process of longitudinal markers with survival outcomes. Huang et al. (2016)

proposed a two-stage approach with shifts in the hazard function. Unlike the PPCM that
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directly models the predictive mean of longitudinal outcomes, these methods model the

hazard function and calculate the predicted risk of a time-to-event outcome through trans-

formation of the hazard function.

The structure of this paper is outlined as follows. In Section 2.2, we introduce the theo-

retical framework of the PPCM and present the generalized estimating equation framework

for fitting the model, as well as regularity conditions of unbiasedness both for the param-

eters and their covariance matrix. In Section 2.3, we conduct simulation studies to assess

small sample properties of the PPCM and compare it with a traditional approach ignor-

ing time-dependent risk factor information under both true and misspecified models. In

Section 2.4, we applied the PPCM to our motivating study to predict risk of developing

AD using data from the National Alzheimer’s Coordinating Center (NACC). Finally, in

Section 2.5, we discuss the PPCM approach and its potential extension.

2.2 Method

2.2.1 Predictive Partly Conditional Model

Let Y (t) = 0,1, . . . ,K denote the disease stage at time t with K +1 ordinal levels, and X(s)

denote a matrix of p time-dependent covariates at s. For simplicity of notation, we do not

specify a separate notation for time-independent covariates, as they are a special case of

X(s) with constant values over time. In addition, we let H (t) = {Y (s) : s < t,X(s) : s ≤ t}

denote disease history up to time t, excluding Y (t).

First, we briefly discuss the fully conditional model, fully marginal model, and partly

conditional model for Y (t) under non-predictive setting, i.e. using covariates information

up to time t. The fully conditional model refers to P{Y (t)|H (t)}, where the distribution

of Y (t) is conditional on the entire disease history up to t (Diggle et al., 2002). This ap-

proach accounts for the evolving nature of Y (t) and X(t), but is technically challenging to

implement and draw statistical inference. The fully marginal model refers to P{Y (t)|X(t)},

where disease history up to t is marginalized out of the fully conditional distribution (Zeger
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and Liang, 1992). It has a relatively easy inference procedure, but does not explicitly

model the longitudinal process, only providing a cross-sectional interpretation. The partly

conditional model (Pepe and Couper, 1997) is a compromise between the two models and

refers to P{Y (t)|X∗(t),R(t) = 1}, where X∗(t) has different meaning from X(t) in the fully

marginal model in that it is a function of H (t), thus involving the past history of the out-

come process. The variable R(t) is an implicitly defined indicator variable indicating the

selection of patient data at time t in the analysis. For example, to model risk of progression

for NC subject, we let R(t) = 1 for patients with diagnosis of NC at time t. This is analo-

gous to the at-risk set indicator variable in survival analysis. The partly conditional model

has a marginal interpretation, yet allows conditioning on some history of the outcomes

through the definition of X∗(t). For simplicity of notations, from now on, we replace X∗(t)

with X(t).

The predictive partly conditional model (PPCM) refers to P{Y (t)|X(s),M(s) = 1},

which keeps the partly conditional model format, but focuses on the predictiveness of X(s)

for a future outcome Y (t) (Pepe et al., 1999). For the ordinal outcome Y (t), we consider a

proportional odds model

logit [P{Y (t)≥ k|X(s),M(s) = 1}] = αk +X(s)T
β (s, t),k = 1, . . . ,K (2.1)

where k corresponds to the ordinal outcome levels and β (s, t) are time-dependent effects.

For the AD clinical stage outcome, k is 0 for NC, 1 for MCI, and 2 for AD. As discussed

in (Pepe et al., 1999), β (s, t) could be written as bivariate regression splines in a domain

D = {(s, t) : s < t} as β q(s, t) = ∑
Bq
b=1 β b

q Cb
q(s, t) for q = 1, . . . , p, where Cb

q(s, t) are basis

functions.

2.2.2 Estimation

To describe the estimation procedure, we introduce some additional notation. Let Yi(t)

denote the ordinal outcome and ni denote the number of visits for the i-th subject. We
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expand Yi(t) into a vector of indicators Yi(t) = {Yi0(t), . . . ,YiK(t)}, where Yik(t) = 1 if

Yi(t) = k, and 0 otherwise, k = 0, . . . ,K. For a patient with a NC diagnosis at time t,

Yi(t)= {1,0,0}. Let µ i(s, t)= {µi0(s, t), . . . ,µiK(s, t)} denote the corresponding predictive

partly conditional mean vector given X(s), where µ ik(s, t) = E [Yik(t)|Xi(s),M(s) = 1] =

P [Yik(t) = 1|Xi(s),M(s) = 1]. In addition, we define an overall mean vector µ i = {µ i(t1, t2),

. . . ,µ i(t1, tni), . . . ,µ i(tni−1,µ i(tni−1, tni)} within D and let the corresponding outcome vec-

tor be Yi = {Yi(t2), . . . ,Yi(tni), . . . ,Yi(tni)}. We define these vectors in order to incorporate

all possible predictive paired observations {Yi(t),Xi(s)} in the PPCM estimation, where

(s, t) ∈ D . Overall, there is a total of (ni − 1)ni/2 elements in µ i and Yi when there is no

restriction on D other than s < t. Lastly, let θ = {αk,k = 1, . . . ,K;β b
q ,q = 1, . . . , p,b =

1, . . . ,Bq} denote the vector of all parameters with length L = K +∑
p
q=1 Bq.

Under the PPCM, model (2.1) can be fitted using the GEE approach (Zeger and Liang,

1986) with the estimating equation specified as

n

∑
i=1

Si(θ) =
n

∑
i=1

QT
i V−1

i (Yi −µ i) = 0, (2.2)

where Qi = ∂ µ i/∂θ and Vi is the working covariance matrix of Yi. The consistency of θ

holds if

E
[
QT

i V−1
i {Yi −µ i}

]
= 0. (2.3)

Under the partly conditional model, (Pepe and Couper, 1997) showed that E[Si(θ 0)] = 0

at the true parameters θ 0 if using an independent working covariance matrix, i.e. Vi is

diagonal. In the following, we explore conditions for consistency under the PPCM.

The most general prediction setup allows both s and t to vary. We can rewrite (2.3) as

ni−1

∑
s=1

∑
t∈Dt(s)

ni−1

∑
w=1

∑
r∈Dt(w)

E
[
q(s,t)il v(s,t;w,r)i {Yi(t)−µ i(s, t)}

]
= 0 (2.4)

for each l where Dt(s) = {t : (s, t)∈D} is the domain of future outcome time t for a given s
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such that (s, t) is still in the domain of interest, qs,t
il = ∂ µ i(s, t)/∂θl and vs,t;w,r

i is the element

of V−1
i corresponding to predictive paired observations times (s, t) and (w,r). Please note

data will only be included in the analysis when it is available and relevant to the analysis

of interest. Therefore, we define an indicator variable Ii(s, t) which equals to 1 if M(s) = 1

and {Y (t),X(s)} are observed, and 0 otherwise. Thus, we could rewrite (2.4) as

ni−1

∑
s=1

∑
t∈Dt(s)

ni−1

∑
w=1

∑
r∈Dt(w)

E
[
Ii(s, t)q

(s,t)
il v(s,t;w,r)i Ii(w,r){Yi(t)−µ i(s, t)}

]
= 0. (2.5)

When s = w and t = r,

E
[
Ii(s, t)q

(s,t)
il v(s,t;s,t)i {Yi(t)−µ i(s, t)}

]
= E

{
Ii(s, t)q

(s,t)
il v(s,t;s,t)i E [Yi(t)−µ i(s, t)|X(s),M(s) = 1]

}
= 0,

if we assume E [Yi(t)|X(s), Ii(s, t) = 1] = E [Yi(t)|X(s),M(s) = 1]. This assumption states

that given the observed covariate X(s) at a prior time s, Y (t) at a future time t does not

depend on whether it is observable at time t . This is basically the non-informative obser-

vation process assumption and is a valid assumption for our motivating study.

When s ̸= w or t ̸= r, all off-diagonal elements of Vi must be zero in order for (2.5) to

hold. In other words, Vi needs to be a diagonal matrix. Then,

E
[
Ii(s, t)q

(s,t)
il v(s,t;w,r)i Ii(w,r){Yi(t)−µ i(s, t)}

]
= 0. (2.6)
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2.2.3 Asymptotic Properties

Asymptotic properties of parameters estimated under GEE was developed by Liang and

Zeger (1986) with the asymptotic covariance matrix of θ̂ , the estimator for θ , is given as

Σ = lim
n→∞

(
n

∑
i=1

QT
i V−1

i Qi

)−1{ n

∑
i=1

QT
i V−1

i Cov(Yi)V−1
i Qi

}(
n

∑
i=1

QT
i V−1

i Qi

)−1

. (2.7)

In general, estimation of Σ could be done by replacing Cov(Yi)=E
[
{Yi −E(Yi)}{Yi −E(Yi)}T ]

with (Yi−µ i)(Yi−µ i)
T . However, this cannot be applied to PPCM. The conditional mean

of Yi(t) given Xi(s) will vary depending on the measure time s. Therefore, if there are any

paired observations {Yi(t),Xi(s)} and {Yi(r),Xi(w)} where t = r, µ i will include two dif-

ferent elements µi(s, t) and µi(w, t) corresponding to the same outcome Yi(t), and thus the

estimation of Σ will be biased. To circumvent this issue, we examine a simplified ver-

sion of the prediction framework. By fixing the prediction window u = t − s to a constant

value u0, varied s will result in varied t, and thus prevent the inclusion of predictive paired

observations with duplicated outcome measurement times.

In summary, under the PPCM, consistent estimation requires an independent working

covariance matrix and unbiased estimation for covariance matrix requests non-duplicate

outcome measurement time in the paired observations. Therefore, we suggest using a fixed

prediction window u0, which implies the domain of interest is D = {(s, t) : t − s = u0}.

Under this condition, model (2.1) can be simplified to

logit [P{Y (t)≥ k|X(s),M(s) = 1}] = αk +X(s)T
β (s),k = 1, . . . ,K, (2.8)

where the interpretation of parameters are specific to u0-year prediction.

2.2.4 PPCM Dataset Construction and Implementation

The above PPCM estimation could be implemented using existing statistical software by

constructing a PPCM dataset using the original dataset. Specifically, we expand the original
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longitudinal dataset by pairwise combining observations from visit time s and visit time t

which satisfy the fixed prediction window criteria t − s = u0. Table 2.1 shows an example

patient record in the original longitudinal dataset and how the patient record is expanded

to construct the PPCM dataset. For most studies, prediction window u = t − s for many

paired observations {Yi(t),Xi(s)} might be close, but not exactly equal to u0, even for

studies requiring routine clinical visits. Therefore, we add a bandwidth δ to the prediction

window and update the domain of interest to be D = {(s, t) : u0 − δ ≤ |t − s| ≤ u0 + δ}.

The choice of δ should depend on u0 such that the interpretation of β (s) that is specific

to u0-year prediction is reasonably valid for prediction windows ranged from u0 − δ and

u0 +δ .

Once the PPCM dataset is constructed, we can use standard statistical software for

model estimation. With an independent working covariance matrix, the maximum like-

lihood estimator is equivalent to GEE estimators. Therefore, we can use any statistical

software that can fit a proportional odds model to obtain the estimators. In our study, we

used the lrm function in the rms R package (Harrell Jr et al., 2019). To obtain the sandwich

estimator for the covariance matrix of θ , we used the robcov function which accounts for

correlated records from the same subject in the PPCM dataset.

Table 2.1: Example patient records in an original longitudinal data and the constructed
PPCM data.

Patient ID t Y(t)
NACC0011 1 NC
NACC0011 2 MCI
NACC0011 3 MCI
NACC0011 4 AD

Patient ID s Y(s) t Y(t) u
NACC0011 1 NC 2 MCI 1
NACC0011 1 NC 3 MCI 2
NACC0011 1 NC 4 AD 3
NACC0011 2 MCI 3 MCI 1
NACC0011 2 MCI 4 AD 2
NACC0011 3 MCI 4 AD 1

12



2.3 Simulation Studies

2.3.1 Simulation Setup

To evaluate the performance of PPCM estimation, we conducted several simulation studies

under both true and incorrect model specifications, each with 1000 simulated datasets. For

each subject, we simulate data for a maximum of 20 visit times t = 1, . . . ,20. The number

of observations ni is determined by the censoring time Ti =max(c,T ∗
i ) where T ∗

i ∼ Exp(λ )

and ni = {#t : t <Ci}. The constant c = u0+1 is chosen to allow all subjects to be included

in the PPCM model due to the restriction of u0 in D . Then, we simulated a continuous

latent outcome process Y ∗
i (t) = γ1Xi1 + γ2Xi2 + γ3Zi0 + f (t) + εi for t = 1, . . . ,ni, where

γ1 = 1, γ2 = 0.1, γ3 = 1, Xi1 ∼ Bernoulli(p = 0.5), Xi2 ∼ N(0,1), f (t) = 3t representing the

temporal effect and ensuring Yi(t) is monotonically increasing over time, and εi following

a logistic distribution with location of 0 and scale of 1.

For the correct model specification, we simulated Zi0 = bi + ∑
ni
t=1 Z∗

it/γ3 with bi ∼

N(0,0.25) and Z∗
it ∼ Bridge(φ = 0.5). The Bridge distribution (Wang and Louis, 2003) has

the property that keeps the logit link for the marginal model when the Bridge-distributed

random effect in the random effect logistic regression model is integrated out. We defined

the time-dependent covariate as Zi(t) = Zi0 −Z∗
it/γ3. The ordinal outcome process with 3

levels was defined as

Yi(t) =


0, Y ∗

i (t)≤ α∗
1

1, α∗
1 < Y ∗

i (t)≤ α∗
2

2, α∗
2 < Y ∗

i (t)

where α∗
1 = 8 and α∗

2 = 23. We provided the proof in Appendix to show that under this

model specification

logit [P{Yi(t)≥ k|Xi,Zi(s),s < t}] = φ{−α∗
k + γ1Xi1 + γ2Xi2 + γ3Zi(s)+ f (t)}

= αk +β1Xi1 +β2Xi2 +β3Zi(s)+φ f (t)
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where αk =−φα∗
k , β1 = φγ1, β2 = φγ2 and β3 = φγ3.

For a misspecified model, we simulate Z∗
it ∼N(0,1), and calculate Zi(t), Y ∗

i (t), and Yi(t)

as above. In order to obtain a working true value for β 1, β 2, and β 3 under the misspecified

model, we generated data from 100,000 subjects and fit the PPCM model.

For both the correct and the misspecified model, we examined scenarios with n = 200,

500, and 1000 and u0 = 3 and 6. We let censoring time distribution parameter λ = 0.2 for

u0 = 3 and λ = 0.1 for u0 = 6. For each scenario, in addition to fitting a PPCM with u0-

specific domain of interest, we also fit PPCM without this restriction to evaluate the impact

of not satisfying the consistency condition of the covariance matrix. We term this approach

as PPCM-u. To compare with a commonly-used approach ignoring time-dependent co-

variate after baseline, we also fit a longitudinal proportional odds (LPO) model only using

baseline covariate information P{Yi(t)≥ k|Xi,Zi(0)}. We compared the predicted risk for

a selected patient profile: Xi1 = 0, Xi2 = 0 and Zi(s) = 6, with s ranging from 0 to 3 for the

PPCM model. For each simulation, we report the bias, mean-squared error (MSE), asymp-

totic standard error (ASE), empirical standard deviation (ESD), and coverage probability

(CP) at the 95% nominal level.

2.3.2 Simulation Results

Table 2.2 shows the simulation results under the correct model specification for both PPCM

and PPCM-u approaches. Both PPCM and PPCM-u have unbiased estimation, as expected.

The ASE and ESD from the PPCM approach are similar to each other, with CP close to the

nominal 95% level, whereas ESD is much larger than ASE under the PPCM-u approach,

with CP on average 20% lower than the nominal level. This confirms our findings that the

prediction window u needs to be fixed in order to obtain valid inference. Overall, CPs are

improved with increased sample size for the PPCM, but not the PPCM-u.

Results for the simulation study of the misspecified model are displayed in Table 2.3.

For the PPCM, the estimators are close to the working value with little bias. ASE is either
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Table 2.2: Simulation results under the correct model specification.

PPCM PPCM-u
n u0 Value Bias MSE ASE ESD CP Bias MSE ASE ESD CP

β1 200 3 0.5 0.0182 0.0638 0.229 0.253 93.1 0.0134 0.0639 0.096 0.253 53.4
β2 200 3 0.05 -0.0041 0.0698 0.228 0.264 91.1 -0.0060 0.0680 0.096 0.261 53.2
β3 200 3 0.5 0.0070 0.0012 0.035 0.035 94.4 0.0022 0.0006 0.014 0.024 74.6

β1 500 3 0.5 -0.0027 0.0262 0.143 0.162 91.3 -0.0034 0.0250 0.060 0.158 53.8
β2 500 3 0.05 0.0050 0.0239 0.142 0.155 93.0 0.0043 0.0241 0.059 0.155 54.3
β3 500 3 0.5 0.0027 0.0005 0.022 0.021 95.3 0.0016 0.0002 0.009 0.015 74.6

β1 1000 3 0.5 0.0015 0.0127 0.101 0.113 92.3 0.0009 0.0128 0.042 0.113 51.8
β2 1000 3 0.05 0.0017 0.0115 0.100 0.107 93.6 0.0018 0.0116 0.042 0.108 55.0
β3 1000 3 0.5 0.0011 0.0002 0.015 0.015 95.5 0.0008 0.0001 0.006 0.011 73.2

β1 200 6 0.5 0.0385 0.0878 0.274 0.296 92.1 0.0174 0.0384 0.075 0.196 55.0
β2 200 6 0.05 0.0036 0.0892 0.271 0.299 91.8 -0.0001 0.0396 0.074 0.199 55.7
β3 200 6 0.5 0.0100 0.0018 0.041 0.043 94.8 0.0027 0.0004 0.011 0.019 74.3

β1 500 6 0.5 -0.0039 0.0324 0.170 0.180 94.3 -0.0035 0.0151 0.047 0.123 52.6
β2 500 6 0.05 0.0025 0.0315 0.169 0.178 94.2 -0.0036 0.0146 0.046 0.121 56.3
β3 500 6 0.5 0.0047 0.0006 0.025 0.025 94.6 0.0008 0.0002 0.007 0.012 71.7

β1 1000 6 0.5 0.0023 0.0159 0.119 0.126 93.3 0.0002 0.0074 0.033 0.086 54.2
β2 1000 6 0.05 0.0061 0.0162 0.119 0.127 92.8 0.0035 0.0073 0.033 0.085 53.4
β3 1000 6 0.5 0.0033 0.0003 0.018 0.018 94.9 0.0006 0.0001 0.005 0.008 75.5

similar to or slightly lower than ESD in all scenarios. The CP ranges from 88.1% to 91.5%

for u0 = 3 and 92.5% to 93.9% for u0 = 6. This suggests PPCM works well even under a

misspecified model. On the other hand, estimators using the PPCM-u approach are gener-

ally unbiased, but with ASE much lower than ESD, resulting in low CP for all scenarios.

This observance is consistent with the results from the correct model specification.

The comparison between PPCM and LPO is based on the predicted probabilities for a

patient progressing to disease stage k ≥ 2 with X1 = 0, X2 = 0, and Z = 6. Specifically, we

plotted the mean predicted probabilities and empirical 95% confidence interval (CI) calcu-

lated as the 2.5% and 97.5% quantile of predicted risks from 1000 simulated datasets in

Figure 2.1 for u0 = 3 and 6 under both the correct model and misspecified model specifi-

cation with n = 500 subjects. For the PPCM, estimated predicted risks are unbiased under

both the correct and misspecified model specification for u0 = 3 and u0 = 6, where the true

predicted probabilities curve (solid line) almost perfectly overlaps with the mean predicted

probabilities (dashed line). In addition, the 95% CIs from the correct model are narrower
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Table 2.3: Simulation results under misspecified model.

PPCM PPCM-u
n u0 Value Bias MSE ASE ESD CP Bias MSE ASE ESD CP

β1 200 3 0.8935 0.0254 0.1331 0.301 0.365 89.3 0.0240 0.1235 0.124 0.352 52.9
β2 200 3 0.098 -0.0074 0.0360 0.147 0.190 87.6 -0.0090 0.0313 0.061 0.177 49.5
β3 200 3 0.8718 0.0330 0.0115 0.091 0.107 91.1 0.0228 0.0080 0.036 0.089 55.0

β1 500 3 0.8935 -0.0181 0.0466 0.186 0.216 90.7 -0.0151 0.0441 0.077 0.210 53.8
β2 500 3 0.098 -0.0075 0.0118 0.091 0.109 89.6 -0.0074 0.0112 0.038 0.106 52.5
β3 500 3 0.8718 0.0091 0.0039 0.055 0.063 91.5 0.0066 0.0030 0.022 0.054 58.8

β1 1000 3 0.8935 -0.0145 0.0256 0.131 0.160 89.0 -0.0163 0.0239 0.054 0.155 49.4
β2 1000 3 0.098 -0.0058 0.0062 0.064 0.079 88.1 -0.0062 0.0055 0.026 0.074 52.9
β3 1000 3 0.8718 0.0059 0.0020 0.039 0.044 91.5 0.0046 0.0016 0.016 0.040 55.6

β1 200 6 0.8856 0.0593 0.2502 0.454 0.500 92.6 0.0328 0.1015 0.111 0.319 51.0
β2 200 6 0.0883 -0.0013 0.0605 0.219 0.246 92.5 -0.0011 0.0254 0.054 0.159 50.7
β3 200 6 0.8736 0.0507 0.0188 0.126 0.137 93.4 0.0223 0.0057 0.031 0.075 57.8

β1 500 6 0.8856 0.0198 0.0905 0.277 0.301 93.7 0.0043 0.0385 0.069 0.196 54.0
β2 500 6 0.0883 0.0071 0.0208 0.135 0.144 93.6 0.0039 0.0092 0.034 0.096 50.0
β3 500 6 0.8736 0.0239 0.0070 0.077 0.084 93.3 0.0106 0.0023 0.019 0.048 56.6

β1 1000 6 0.8856 0.0004 0.0431 0.193 0.208 93.9 -0.0050 0.0192 0.049 0.139 49.5
β2 1000 6 0.0883 0.0034 0.0097 0.094 0.099 94.2 0.0018 0.0042 0.024 0.065 53.1
β3 1000 6 0.8736 0.0133 0.0032 0.053 0.057 92.7 0.0079 0.0012 0.014 0.034 54.2

than that from the misspecified model. Obviously, the estimated predicted probabilities

under LPO are constant over time, and thus biased, as it only involves baseline covariates

in the model.
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Figure 2.1: Simulation results comparing PPCM and LPO. Mean predicted probabilities
and the corresponding empirical 95% confidence intervals when X1 = 0, X2 = 0 and Z0 = 6
with n= 500 for (a) u0 = 3 under correct model specification, (b) u0 = 3 under misspecified
model, (c) u0 = 6 using correct model specification, and (d) u0 = 6 under misspecified
model.
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2.4 Application

The National Alzheimer’s Coordinating Center maintains data contributed by approxi-

mately thirty-nine past and present Alzheimer’s Disease Research Centers (ADRCs) sup-

ported by National Institute on Aging. In 2005, NACC implemented the Uniform Data

Set (UDS) to collect clinical demographic information, medical history, neurological ex-

amination, and neuropsychological evaluation from all ADRCs using a standard evaluation

protocol (Morris et al., 2006). A previous cross-sectional analysis has examined source

of cognitive complaints at baseline in predicting diagnosis conversion using NACC UDS

dataset (Gifford et al., 2014). In this motivating study, we are interested in exploring the

predictiveness of time-dependent source of cognitive complaint in predicting AD clinical

diagnosis. Using the same inclusion/exclusion criteria as (Gifford et al., 2014), a total of

3,023 participants from 31 ADRCs evaluated between 9/01/2005 and 12/31/2014 as part of

the UDS with diagnosis of NC at the first visit were included.

We fit a PPCM with prediction window u0 = 3 years and bandwidth δ = 1 year, with or-

dinal outcome Y (t) = 0,1,2 representing three AD stages (NC, MCI and AD) respectively.

A time-varying effect, β (s), was considered by including interactions between measure-

ment time s and all covariates X(s). Only significant interactions (p < 0.05) were kept in

the final model. A nonlinear effect for s was also considered by using a restricted spline for

s. Since the nonlinear effect was not significant, we used a linear term for s in this appli-

cation. The source of cognitive complaint is the time-dependent covariate of interest with

four mutually exclusive levels: (1) no cognitive complaint, (2) self cognitive complaint

only, (3) informant cognitive complaint only, or (4) both self and informant cognitive com-

plaint. Other time-dependent covariates are measurement time s, modified Framingham

Stroke Risk Profile (mFSRP) score (D’Agostino et al., 1994) excluding age component

and global cognitive functioning assessed by the Mini-Mental State Examination (MMSE).

Time-independent covariates included in the models are age at baseline, gender, education,

race/ethnicity, and APOE-ε4 carrier status. We did not use age as time-dependent covariate
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since we included s, which is equivalent to age at the time s minus baseline age. We fit a

model specific to AD diagnosis at time s because the predictive effects might differ vastly

depending on the current disease stage. In other words, for the NC model, we let M(s) be

1 if Y (s) = 0 and 0 otherwise.

Table 2.4 shows results of the PPCM application to NACC data for NC and MCI par-

ticipants. For NC participants, all covariates measured at time s except for main effect

of age are significantly predictive for 3-year AD clinical stages. NC participants who are

older (OR=1.08, P-value < 0.001), White (OR=1.95, P-value < 0.001), APOE-ε4 car-

riers (OR=2.06, P-value < 0.001), with lower MMSE (OR=0.77, P-value < 0.001) and

higher mFSRP (OR=1.03, P-value= 0.02) are at greater risk of AD progression. All three

sources of cognitive complaint relative to no complaint increase the risk of AD progres-

sion with the odds ratio (OR)=2.41 (P-value < 0.001) for self complaint only, OR=3.13

(P-value < 0.001) for informant complaint only and OR=4.82 (P-value < 0.001) for both

complaints. These effects do not vary with measurement time s.

The significant interaction between measurement time s and gender (OR=0.82, P-value

< 0.001) suggests the effect of gender varies with measurement time s. Similarly, the

effect of education also varies with measurement time (OR=0.98, P-value=0.028). To fur-

ther illustrate the time-varying effect of gender and education among NC participants, we

compared 3-year predicted probabilities of AD progression for females versus males and

different education levels at varying measurement time s in Figure 2.2 for a particular NC

participant profile (initial age of 65, white, APOE-ε4 positive, MMSE score of 26, mFSRP

of 16 and self-complaint only). The relationship between measurement time s and prob-

ability of developing AD varies with sex. As measurement time increases, females have

decreased risk of AD progression over time, with greater decline compared to males. As

measurement time increases, we see a difference in predicted probabilities based on edu-

cation level. Higher education level is associated with slower increase of the predicted risk

of AD progression over time among NC participants.
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Table 2.4: NACC application: results from PPCM with time-dependent covariates

OR log-OR SE P-value
Baseline Age 1.08 0.08 0.01 <0.001
Female (vs Male) 1.17 0.16 0.13 0.240
White (vs Non-White) 1.95 0.67 0.15 <0.001
Education 1.06 0.06 0.02 <0.001
APOE4+ 2.06 0.72 0.10 <0.001
MMSE 0.77 -0.26 0.03 <0.001
mFSRP 1.03 0.03 0.01 0.018
Source of Cognitive Complaint

Reference: No Complaint
Self-Complaint Only 2.41 0.88 0.12 <0.001
Informant Complaint Only 3.13 1.14 0.20 <0.001
Both Complaints 4.82 1.57 0.16 <0.001

u (Prediction Window) 1.46 0.38 0.07 <0.001
s (Measurement Time) 1.60 0.47 0.17 0.006
s * Female 0.82 -0.20 0.06 <0.001
s * Education 0.98 -0.02 0.01 0.028
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Figure 2.2: NACC application: Predicted risk of 3-year AD progression and the corre-
sponding empirical 95% confidence intervals for a specific participant profile by (a) Sex:
Female vs Male and (b) Education: 12 years, 15 years and 18 years. The selected partici-
pant profile includes initial age of 65, male (for comparison by education), white, APOE-ε4
positive, 16 years of education (for comparison by sex), MMSE score of 26, mFSRP of 16
and self-complaint only.
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2.5 Discussion

In this paper, we propose a predictive partly conditional model for longitudinal ordinal out-

comes which could involve both time-varying effect and time-dependent covariates. The

proposed PPCM is applicable to predict progressive disease severity with time-dependent

risk factors/biomarkers. We discovered the conditions required for consistent estimation

for both the parameters and the covariance matrix under the GEE approach, which include

using an independent working covariance matrix and inclusion of outcome measurements

at time t once in the PPCM dataset. To meet this criteria, we examine the use of a fixed pre-

diction window, u0 = t − s. Simulation studies show the proposed PPCM approach works

well under both correct and misspecified model specification. Application of the PPCM

to NACC data demonstrates the importance of including time-dependent information from

important risk factors, which might result in biased estimates if ignored.

Our proposed PPCM is novel. Existing work on partly conditional models for longi-

tudinal outcomes are limited, with most partly conditional model approaches focused on

survival outcomes with time-dependent covariates. Previous use of the partly conditional

model has either been restricted to association study between X(t) and Y(t) (Pepe and

Couper, 1997) or to explore predictiveness of X(s) for Y(t) when either s or t is fixed

(Pepe et al., 1999). In addition, we did not find any papers on partly conditional models for

longitudinal outcomes that conducted simulation studies to rigorously assess the statistical

inference. Showing the predictive paired observation times (s, t) and (w,r) could not have

the same future outcome time t = r in order to have consistent estimates for the covariance

matrix, we provided a solution by using a fixed prediction window to obtain unbiased re-

sults. In addition, the advantage of the PPCM approach is its ease of implementation. It can

be applied by creating an expanded PPCM dataset including paired observations satisfying

the pre-specified domain of interest and using existing statistical software with functions

to fit a proportional odds model and calculate robust sandwich standard errors. Lastly, al-

though this paper only considers longitudinal ordinal outcomes, the proposed PPCM con-
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cept could be used for any type of longitudinal outcomes.

While the PPCM is incredibly flexible and can be applied to a variety of questions

of inference, there are some limitations. As described in Section 2.2.2, the consistency

of PPCM requires the non-informative observation process assumption, where values of

future outcome do not depends on its availability given current covariate measurements. If

this assumption is violated, PPCM estimation might be biased. This naturally leads to our

future work to overcome this barrier.
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CHAPTER 3

Predictive Partly Conditional Model for Longitudinal Outcomes in the Presence of

Informative Dropout and Death

3.1 Introduction

When investigating disease progression in aging populations, disease severity outcomes

often have a competing risk of death and a risk of study dropout as patients age and disease

worsens. For aging patients, dropout can be informative as disease progresses, as worsening

symptoms may lead patients to be less likely to complete evaluations. Death is a competing

risk for older patients, where patients who might have developed disease may die before

ever developing the disease (Diehr, 2016). Motivated by a research study investigating

prognostic risk factors for Alzheimer’s disease severity, this paper focuses on modeling

longitudinal ordinal outcomes at time t in the presence of time-dependent prognostic risk

factors measured at time s, where s < t, while incorporating death and dropout information

when they are informative.

When modeling Alzheimer’s disease (AD) progression, dropout and death can be cor-

related with devolving mental cognition (Tyas et al., 2007; Wen and Seaman, 2018). This

paper is motivated by a target of inference to model disease progression in MCI patients,

where diagnosis becomes a binary outcome: to remain in the MCI stage (0) or progress to

AD (1). As disease worsens, for example from mild cognitive impairment (MCI) to AD,

models must incorporate missingness related to mortality in order to yield unbiased esti-

mates (Kryscio et al., 2013). Complete case analysis, the removal of any records missing

data, is unbiased when missingness due to death or non-participation is missing completely

at random (MCAR) (Rubin, 1976). When missingness is not random but can be fully ac-

counted for by variables where there is complete information, data is said to be missing at

random (MAR), which may be a more realistic choice when modeling outcomes for aging
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populations (Rajan and Leurgans, 2010; Kurland et al., 2009). Time-to-event methods like

survival analysis are often used when competing risks exist (Zheng and Heagerty, 2005;

Mandel et al., 2007). However, when the outcome of interest is disease stage at a specific

future time, other methods exist to incorporate death and dropout information. Kurland and

Heagerty (2005) details methods conditioning on being alive at the time of outcome mea-

surement rather than a specific survival time, also referred to as partly conditional models

because the mean at time t is specified conditional on being alive (S > t). In Rajan and

Leurgans (2010), non-participation and death are treated separately to allow different miss-

ingness models for the two causes of missingness by assuming the probabilities of being

missing due to death and dropout are independent.

In this paper, we investigate a predictive partly conditional model (PPCM) (Pepe et al.,

1999) for AD severity as a longitudinal ordinal outcome in the presence of time-varying

prognostic risk factors in the presence of informative death and study dropout information.

We extend the PPCM model to allow informative observational process by allowing data to

be missing at random (MAR), where dropout depends on previous outcome and covariate

measures. We build on the framework from (Kurland and Heagerty, 2005), conditioning

the model on the subject being alive at time s and incorporating dropout through inverse

probability weighting . This approach directly models a future outcome Y (t) at time t given

patient information X(s) at time s, allowing the effect of X(s) to depend on measurement

time s < t. It is a natural extension of the partly conditional regression modeling strategy

of (Pepe and Couper, 1997), which models the partly conditional mean of an outcome at

time t using a subset of outcome and covariate history up to time t. For both approaches,

the generalized estimating equations (GEE) method with independent working covariance

structure is used to obtain unbiased estimation. Advantages of this method to incorporate

informative death and dropout include incorporating the longitudinal risk factor informa-

tion as opposed to baseline information only, directly modeling the predictive mean, and

consideration of time-dependent effects.
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The structure of this paper is outlined as follows. In Section 3.2, we introduce the the-

oretical framework of the weighted PPCM and present the generalized estimating equation

framework for fitting the model, as well as regularity conditions of unbiasedness both for

the parameters and their covariance matrix. In Section 3.3, we conduct simulation studies to

assess small sample properties of the weighted PPCM and compare it with the unweighted

PPCM under both true and misspecified models. In Section 3.4, we applied the weighted

PPCM to our motivating study to predict risk of developing AD using data from the Na-

tional Alzheimer’s Coordinating Center (NACC). Finally, in Section 3.5, we discuss the

weighted PPCM approach and further potential extensions.

3.2 Method

3.2.1 PPCM Framework

Let Y (t) = 0,1 and X(s) denote a matrix of p time-dependent covariates at time s, where

s < t. The predictive partly conditional model (PPCM) refers to the following model:

logit [P{Y (t) = 1|X(s),M(s) = 1}] = α +X(s)T
β (s, t), (3.1)

where β (s, t) are time-dependent effects. The variable M(s) is an implicitly defined indica-

tor variable indicating the selection of patient data at time s in the analysis. For simplicity

of notation, we will suppress M(s) from our model expression throughout the rest of the

paper.

The properties of PPCM models are explored in the previous chapter. In the predictive

framework, the estimating equations yield consistent estimates for β (s, t), but a specific

time-difference u = u0 between s and t must be employed to yield consistent estimation of

standard errors. Then, as s varies, t always varies, and the outcome time t will only be used

once per subject. This forces the correlation matrix of the generalized estimating equation

to have off-diagonals of 0. When we fix u = u0, β (s, t) in the general model shown in

Equation 3.1 reduces to β (s), which has an interpretation specific to u0.
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To fit the PPCM model, we must first expand the original longitudinal dataset by pair-

wise combining observations from visit times s and t which satisfy the fixed prediction

window criteria t − s = u0. Each row will have information from two visit times, includ-

ing outcome at times s and t and covariate measurements from time s. Once the PPCM

dataset is constructed, standard statistical software is used for model estimation, using a

logistic regression model with robust standard errors. The PPCM model described above

assumed a non-informative observation process, which include non-informative dropout

and non-informative death. In this paper, we develop the method to allow an informative

observational process.

3.2.2 Estimation under Informative Observational Process

Let Ai(t) denote the indicator variable for being alive at time t, where Ai(t) = 1, and

Ri(t) denote the indicator for dropout, where Ri(t) = 1 when the subject is observed at

time t and 0 otherwise. We assume conditional independence of the dropout process

and death process given Xi(s) and H Y
i (t−) such that P{Ri(t),Ai(t)|H Y

i (t−),Xi(s)} =

P{Ri(t)|H Y
i (t−),Xi(s)} P{Ai(t)|H Y

i (t−),Xi(s)}. We will next separately discuss the dropout

process and the death process.

When dropout is MAR, the dropout pattern P{Ri(t)= 1|H Y
i ,Xi(s),Ai(t)= 1}=P{Ri(t)=

1|H Y
i (t−),Xi(s),Ai(t) = 1}, where H Y

i is the observed vector of Yi(t) and H Y
i (t−) =

{Yi(s),s < t} is the observed history of Yi(t) up to t. The dropout pattern is modeled para-

metrically, and the inverse probability of observing each longitudinal response is used to

weight the observed data in the estimating equation. We assume dropout is monotonic -

once a subject as dropped out of the study, the patient cannot reenter. With the monotonic

assumption, a subject observed at time t must also have been observed at time s.

In application, we are often interested in making a prediction based solely on the infor-

mation known up to time s. To fit the model shown in Equation 3.1, we need to incorporate

potential missingness due to death into the weights. With an additional assumption for
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missingness, weights for death can be modeled and incorporated along with those due to

dropout. We make an additional assumption that missingness due to death is independent of

that due to dropout. Due to the assumption of their independence, the probabilities of death

and dropout are modeled separately, weights are calculated, then the two sets of weights

are multiplied together to obtain the final weights used in the model. The subject must

have visits at both s and t to be included in the model. Let Yi(t) denote the binary outcome.

Let µis(t) denote the corresponding predictive partly conditional mean vector given X(s),

where µis(t) = P [Yi(t) = 1|Xi(s)] = E [Yi(t)|Xi(s),Ai(t) = 1]. Under the PPCM, the model

is fitted using the GEE approach (Zeger and Liang, 1986) with the estimating equation

∑
i

∑
(s,t)∈D

Qis(t)V−1
i

Ai(t)
dis(t)

Ri(t)
πis(t)

{Yi(t)−µis(t)}= 0, (3.2)

where D = Du0 = {(s, t) : t − s = u0} is the domain of the paired observation time s and

future outcome time t for a given prediction window u0, Q(s,t)
i is the partial derivative of

the estimated coefficient, and V−1
i is the element of the correlation matrix corresponding

to pair (s, t), and πis(t) is the probability subject i is observed at time t given the patient’s

history through time s and outcome history up to time t. V−1
i must be an independence

correlation matrix to consistently estimate model coefficients, so we suppress this notation

throughout the remainder of the paper for simplicity. πis(t) is defined in equation 3.3.

πis(t) = logit
[
P{Ri(t) = 1|H Y

i (t−),X(s)}
]
= α

∗
R +β

∗
RX(s)+ γ

∗
RY (t−), (3.3)

where α∗
R,β

∗
R and γ∗R are coefficients for the dropout model. dis(t) is the probability subject

i is alive at time t given the patient’s history through time s and is defined in equation 3.4

below.

dis(t) = logit
[
P{Ai(t) = 1|H Y

i (t−),X(s)}
]
= α

∗
A +β

∗
AX(s)+ γ

∗
AY (t−), (3.4)
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where α∗
A, β

∗
A, and γ∗A are different from the parameters in equations 3.1 and 3.3, model-

ing death at time t. Using these definitions for πis(t) and dis(t), we can show consistent

estimation for parameters conditioning on the patient being alive and observed at time s.

We show the consistency of the weighted PPCM below. The proof of asymptotic nor-

mality of the estimated coefficients is included in the appendix.

EY,R|X

[
∑

(s,t)∈D

Qis(t)
Ai(t)
dis(t)

Ri(t)
πis(t)

{Yi(t)−µis(t)}
]

= Qis(t)EY,R|X

{
ER|Y,X ∑

(s,t)∈D

[
Ai(t)
dis(t)

Ri(t)
πis(t)

{Yi(t)−µis(t)}
]}

= Qis(t)EY,R|X

{
∑

(s,t)∈D

[
dis(t)
dis(t)

πis(t)
πis(t)

{Yi(t)−µis(t)}
]}

= 0.

3.3 Simulation Studies

3.3.1 Simulation Setup

To evaluate the performance of PPCM estimation when data is MAR due to death or

dropout, we conducted several simulation studies under both true and incorrect model spec-

ifications, each with 1000 simulated datasets. The true model is given below in Equation

3.5, where β3 is the estimated coefficient for the time-dependent covariate.

logit [P{Yi(t) = 1|Xi1(s),Xi2(s),Zi(s)}] =α+Xi1(s)β1(s)+Xi2(s)β2(s)+Zi(s)β3(s) (3.5)

We simulate data for a maximum of 10 visit times t = 1, . . . ,10, for each subject i. First,

we simulated a continuous latent outcome process Y ∗
i (t) = γ1Xi1+ γ2Xi2+ γ3Zi0+ f (t)+εi

for t = 1, . . . ,ni, where γ1 = 1, γ2 = 0.6, γ3 = 1, Xi1 ∼ Bernoulli(p = 0.5), Xi2 ∼ N(0,1),

f (t) = 0.5t representing the temporal effect and ensuring Yi(t) is monotonically increas-

ing over time, and εi follows a logistic distribution with location of 0 and scale of 1. For
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the correct model specification, we simulated Zi0 = bi +∑
ni
t=1 Z∗

it/γ3 with bi ∼ N(0,0.25)

and Z∗
it ∼ Bridge(φ = 0.9). The Bridge distribution (Wang and Louis, 2003) has the prop-

erty that keeps the logit link for the marginal model when the Bridge-distributed random

effect in the random effect logistic regression model is integrated out. We defined the

time-dependent covariate as Zi(t) = Zi0 −Z∗
it/γ3. The longitudinal binary outcome Yi(t) is

derived by dichotomizing Y ∗
i (t) using a cutoff so the rate of conversion from MCI to AD is

about 30%, the observed conversion rate in the motivating NACC dataset. Because Zi0 is

simulated under the Bridge distribution, when φ = 0.9, the true value of β1 = φ ∗ γ1 = 0.9,

β2 = φ ∗ γ2 = 0.54, and β3 = φ ∗ γ3 = 0.9.

We simulated whether a subject died or dropped out using a similar process. Using

the same simulated data for the predictor variables, different γ coefficients were assigned

for each model. The latent outcome process for death is described by Y ∗
i,A(t) = γ1,AXi1 +

γ2,AXi2+γ3,AZi0+ f (t)+γ4,AY (t−)+εi for t = 1, . . . ,ni, where γ1,A = 1.5, γ2,A = 1, γ3,A = 1,

γ4,A = 0.6, and f (t) = 0.8t. For dropout, the latent outcome process is defined as Y ∗
i,R(t) =

γ1,RXi1 + γ2,RXi2 + γ3,RZi0 + γ4,RY (t−)+ f (t)+ εi for t = 1, . . . ,ni, where γ1,R = 1.2, γ2,R =

−1, γ3,R = 1.2, γ4,R = 0.6, and f (t) = t. Y (t−) is the outcome at the visit immediately

prior to time t. Cutoffs for Y ∗
i,A(t) and Y ∗

i,R(t) were selected to keep the death rate around

15% and the dropout rate around 30%. The number of observations ni is determined by the

minimum of the death and dropout times.

For a misspecified model, we simulate Z∗
it ∼ N(0,1), and calculate Zi0, Y ∗

i (t), and Yi(t)

as above, using the same values for the γ coefficients in all models. In order to obtain a

working true value for β1, β2, and β3 under the misspecified model, we generated data from

50,000 subjects and fit the weighted PPCM model.

For both the correct and the misspecified model, we examined scenarios with n = 200,

500, and 1000 and set u0 = 3. For each scenario, we fit the weighted and unweighted

PPCM models for comparison. For each simulation, we report the bias, mean-squared

error (MSE), asymptotic standard error (ASE), empirical standard deviation (ESD), and
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coverage probability (CP) at the 95% nominal level. To obtain standard errors, we compare

a bootstrap process with the weighted model and simple sandwich standard errors (SSSE)

with the unweighted model. This demonstrates the potential error in using an unweighted

model when death and dropout are informative.

3.3.2 Simulation Results

Table 3.1 shows the simulation results under both the correct and misspecified model spec-

ification for both weighted and unweighted models. The ASE and ESD from the weighted

model are similar to each other for all cohort sizes, with CP close to the nominal 95%

level. As patient cohort size increases, the CP for β3 decreases, due to the larger bias in the

unweighted model and the decreasing values of ESD and ASE. The ESD is much larger

than ASE for the unweighted model with SSSEs, with CP more than 20% lower than the

nominal level for all predictor variables and cohort sizes. Bias is generally larger in the un-

weighted model, and the low CP is driven by the much smaller ASE values and this larger

bias. These results confirm when death and dropout are informative, there will be bias in

the estimates if an unweighted model is used and coverage will be affected when SSSEs are

used. Overall, CP decreases with increased sample size for the time-varying covariate for

the weighted model, while CP remains close to the nominal level for the time-independent

covariates.

Results for the simulation study of the misspecified model are displayed in the bottom

half of Table 3.1. The weighted model and unweighted model both have some bias in esti-

mating parameters, the bias for the time-dependent covariate β3 is lower for the weighted

model, leading to CP much closer to the nominal 95% level across cohort sizes. As with the

correctly-specified model results above, the SSSE do not correctly account for variability

in the unweighted models, resulting in CP values more than 30% lower than the nominal

level compared to the weighted model.
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Table 3.1: Results Summary for Correctly-Specified (Dist = CS) and Misspecified (Dist =
MS) Time-varying Covariate

Weighted Unweighted
N Value Dist Bias MSE ASE ESD CP Bias MSE ASE ESD CP

β1 200 0.90 CS 0.0107 0.0981 0.318 0.313 94.7 -0.0249 0.0975 0.167 0.312 71.0
β2 200 0.54 CS 0.0339 0.0278 0.169 0.167 94.5 0.0404 0.0278 0.088 0.167 68.7
β3 200 0.90 CS -0.0050 0.0094 0.096 0.097 95.6 -0.0314 0.0091 0.059 0.096 74.7

β1 500 0.90 CS -0.0354 0.0361 0.196 0.190 94.8 -0.0711 0.0355 0.104 0.189 69.2
β2 500 0.54 CS 0.0223 0.0099 0.102 0.100 94.8 0.0283 0.0098 0.055 0.099 69.6
β3 500 0.90 CS -0.0207 0.0036 0.059 0.060 91.8 -0.0476 0.0035 0.036 0.059 62.5

β1 1000 0.90 CS -0.0247 0.0174 0.138 0.132 95.3 -0.0620 0.0174 0.073 0.132 67.3
β2 1000 0.54 CS 0.0216 0.0050 0.072 0.071 94.7 0.0281 0.0051 0.039 0.071 67.5
β3 1000 0.90 CS -0.0196 0.0017 0.042 0.041 91.0 -0.0470 0.0017 0.026 0.041 51.8
β1 200 0.796 MS 0.0459 0.1071 0.329 0.327 95.1 0.0033 0.1061 0.175 0.326 71.3
β2 200 0.527 MS 0.0295 0.0310 0.174 0.176 94.7 0.0383 0.0308 0.093 0.176 69.2
β3 200 0.825 MS 0.0161 0.0080 0.083 0.089 94.2 -0.0150 0.0077 0.054 0.088 80.1

β1 500 0.796 MS 0.0242 0.0416 0.203 0.204 95.1 -0.0186 0.0414 0.109 0.204 72.1
β2 500 0.527 MS 0.0177 0.0113 0.106 0.107 95.2 0.0258 0.0114 0.057 0.107 70.0
β3 500 0.825 MS 0.0063 0.0048 0.051 0.069 93.8 -0.0254 0.0045 0.033 0.067 74.2

β1 1000 0.796 MS 0.0264 0.0204 0.142 0.143 94.8 -0.0156 0.0205 0.077 0.143 69.7
β2 1000 0.527 MS 0.0173 0.0057 0.074 0.075 92.5 0.0265 0.0057 0.040 0.076 69.4
β3 1000 0.825 MS 0.0077 0.0014 0.036 0.037 93.5 -0.0242 0.0014 0.024 0.037 68.6

3.4 Application

The National Alzheimer’s Coordinating Center maintains a Uniform Data Set (UDS) con-

taining measures from a standard evaluation protocol, with data contributed by approxi-

mately thirty-nine past and present Alzheimer’s Disease Research Centers (ADRCs) sup-

ported by National Institute on Aging (Morris et al., 2006). The UDS contains clinical

demographic information, medical history, neurological examination, and neuropsycho-

logical evaluation from all ADRCs. We previously analysed the predictiveness of time-

dependent source of cognitive complaint in predicting AD clinical diagnosis using PPCM

models for participants who enter the study with normal cognition. As disease worsens,

there is an increased risk of dropout of study and/or death due to AD or other causes. In

this analysis, we fit a weighted PPCM model for participants with MCI at time s, the time

when predictor information is measured. Using the same inclusion/exclusion criteria as
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(Gifford et al., 2014) and Chapter 1, a total of 1,347 participants from 31 ADRCs evaluated

between 9/01/2005 and 12/31/2014 as part of the UDS with diagnosis of MCI at time s

were included.

We fit a PPCM with prediction window u0 = 3 years and bandwidth δ = 1 year, with

binary outcome Y (t) = 0,1 representing MCI and AD respectively. For the purposes of

illustrating the method, we used a linear term for s in this application and originally in-

vestigated interactions between s and all predictors. The final model presented kept the

significant interactions from this model, including sex, education, MMSE, and complaint.

Though we present a linear term for s here, non-linear terms can be accommodated by

this model if needed for a particular clinical question. Cognitive complaint is the time-

dependent covariate of interest, with four mutually exclusive levels: (1) no cognitive com-

plaint, (2) self cognitive complaint only, (3) informant cognitive complaint only, or (4)

both self and informant cognitive complaint. Measurement time s, modified Framingham

Stroke Risk Profile (mFSRP) score (D’Agostino et al., 1994) excluding age component,

and global cognitive functioning assessed by the Mini-Mental State Examination (MMSE)

are other time-dependent covariates. Time-independent covariates included in the models

are age at baseline, gender, education, race/ethnicity, and APOE-ε4 carrier status. Age was

not included as a time-dependent covariate because we included s, which is equivalent to

age at the time s minus baseline age.

Table 6.1 in the appendix shows the models used to create the weights based on death

and dropout. Predictors for death and dropout were chosen based on clinical knowledge

of AD, and multiple predictors are statistically significant in relation to both death and

dropout, indicating missingness due to death and dropout could affect the overall results.

Table 3.2 shows results of the PPCM application to NACC data for MCI participants for

both the weighted and the unweighted models.

In the unweighted model, all covariates measured at time s are significantly predictive

for a 3-year window, excepting s and self-complaint. However, in the model incorporating
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weights for death and dropout, mFSRP is not a significant predictor of transition from MCI

to AD within a 3 year time window. MCI participants who are older (OR=1.02, P-value ¡

0.001), APOε4+ carriers (OR=1.61, P-value < 0.001) and with lower MMSE (OR=0.76,

P-value < 0.001) are at greater risk of AD progression. Self complaint only is not a statisti-

cally significant predictor of progression to AD. The unweighted and weighted models have

different patterns in effect size for cognitive complaint when s = 0, with informant com-

plaint only having the highest effect size of 3.87 in the weighted model. The effect sizes for

informant complaint only and both complaints are much more similar in the unweighted

model, OR = 2.95 and 2.96 respectively, with the weighted model showing a larger effect

related to diagnosis 3 years later. Overall, we see differences in the predictiveness of source

of complaint for MCI participants for a 3-year time period. Figure 3.1 shows the predicted

probabilities of a particular patient profile using the unweighted and weighted PPCM mod-

els. We see the unweighted model consistently overestimate the predicted probability of

conversion, along with a much narrower confidence band as s increases. The confidence

interval of the unweighted model barely contains the estimates for the weighted model on

its lower end.

The differences between the odds ratios over time in the two models are compounded

by the interaction term to show patients with MCI at time s have increasingly larger odds

of converting to AD as s increases compared to all other complaint groups. Figure 3.2

shows the predicted probabilities for patients whose profile only differs in their complaint

measure at time s. MCI patients with informant complaint only or both complaints at time

s are much more likely to progress to AD within 3 years. We see the no complaint and

self-complaint only groups are similar at s = 0, quickly diverging as s increases. However,

the confidence intervals for these two types of complaint overlap, indicating they are not

significantly different from each other. This overall pattern suggests there might be a loss

of reliability of self complaint from MCI patients as disease progresses for patients. As

Table 6.1 shows, many of the predictors significantly associated with 3-year progression of
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Table 3.2: PPCM models comparing weighted PPCM with unweighted PPCM for patients
with MCI at s, N = 1347

Unweighted Weighted
Odds log-odds SE p-value Odds log-odds SE p-value

Baseline Age 1.01 0.01 0.01 0.016 1.02 0.02 0.01 <0.001
Female (vs Male) 1.04 0.04 0.07 0.536 1.01 0.01 0.06 0.8363
Non-white (vs White) 0.50 -0.70 0.08 <0.001 0.51 -0.68 0.08 <0.001
Education (years) 1.04 0.04 0.01 <0.001 1.04 0.04 0.01 <0.001
APOE4+ (vs APOE4-) 1.61 0.48 0.06 <0.001 1.61 0.47 0.05 <0.001
MMSE 0.79 -0.24 0.02 <0.001 0.76 -0.28 0.01 <0.001
mFSRP 1.02 0.02 0.01 0.041 1.01 0.01 0.01 0.415
s (Measurement time) 1.39 0.33 0.23 0.155 1.70 0.53 0.27 <0.001
u (Prediction Window) 1.56 0.45 0.02 <0.001 1.46 0.38 0.04 <0.001
Source of Cognitive Complaint

No Complaint (Reference)
Self-Complaint Only 0.94 -0.06 0.14 0.688 0.96 -0.04 0.19 0.8507
Informant Complaint Only 2.96 1.08 0.14 <0.001 3.87 1.35 0.18 <0.001
Both Complaints 2.95 1.08 0.10 <0.001 2.35 1.21 0.14 <0.001

Interactions with s
s*Female (vs Male) 1.08 0.07 0.04 0.055 1.14 0.13 0.04 0.001
s*Education (years) 1.00 0.01 0.01 0.089 1.02 0.02 0.01 0.015
s*MMSE 0.99 -0.02 0.01 0.061 0.97 -0.03 0.01 0.004
s*Self-Complaint Only 1.01 0.01 0.001 0.895 0.82 -0.20 0.12 0.090
s*Informant Complaint Only 0.99 -0.01 0.07 0.852 0.94 -0.06 0.09 0.511
s*Both Complaints 0.82 -0.19 0.05 <0.001 0.79 -0.24 0.08 0.002
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AD are also significantly associated with death and dropout during the same time period,

and the consequence of using the unweighted model is incorrect estimates and predicted

probabilities, with confidence bands that are too narrow.
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Figure 3.1: NACC application: Predicted risk of 3-year AD progression and the corre-
sponding empirical 95% confidence intervals for a specific participant profile using the
unweighted and weighted PPCM models. The selected participant profile includes initial
age of 65, female, white, education of 16 years, APOE-ε4 positive, mFSRP score of 16,
MMSE score of 27, with informant complaint only at time s.
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Figure 3.2: NACC application: Predicted risk of 3-year AD progression and the corre-
sponding empirical 95% confidence intervals for a specific participant profile by (a) Com-
plaint, (b) Education: 12 years, 15 years and 18 years, (c) Sex: Female vs Male, and (d)
MMSE Score: 24, 27, and 30. The selected participant profile includes initial age of 65,
white, APOE-ε4 positive, mFSRP score of 16.
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3.5 Discussion

In this paper, we propose a weighted predictive partly conditional model for longitudinal

outcomes with time-dependent covariates in the presence of informative death and dropout.

When dropout and/or death is informative, the proposed model is appropriate to predict

progressive disease severity with time-dependent risk factors/biomarkers. We showed the

conditions required for consistent estimation for the parameters when death and dropout are

informative and modeled independently. Simulation studies show the proposed weighted

PPCM approach works better than an unweighted model for both correct and misspecified

model specification when death and dropout are informative. Application of the weighted

PPCM to NACC data demonstrates the importance of using the weighted model when death

and dropout are informative, as estimates may be biased and standard errors will be incor-

rect.

Existing work on partly conditional models for longitudinal outcomes is limited, with

most partly conditional model approaches focused on survival outcomes for time-dependent

covariates. Exact information surrounding the time of patient death are often available, so

time-to-event models can incorporate this information easily. Study dropout remains dif-

ficult to incorporate into partly conditional survival methods as the exact incidence at a

specific time is unknown. One advantage of the PPCM model with inverse probability

weights is the weights can be calculated despite not knowing an exact moment for study

dropout. Other dynamic prediction methods for longitudinal outcomes exist, such as land-

mark analysis (Van Houwelingen, 2007), where models are conditioned on survival until a

designated landmark time. (Rizopoulos, 2011) used a joint modeling approach relating the

underlying latent process of longitudinal markers with survival outcomes.

While the weighted PPCM is incredibly flexible and can be applied to a variety of ques-

tions of inference, there are some limitations. The assumption of missingness due to death
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and missingness due to dropout are independent may not be realistic as disease worsens.

Although this paper only considers a binary longitudinal outcome, the proposed weighted

PPCM concept could easily be extended to an ordinal or continuous outcome. The moti-

vating example presented in this paper is monotonic in the context of disease progression,

but the model does not depend on the monotonicity of the outcome. Further examination

of this is needed, but may allow for a wider variety of applications of this model. Addi-

tionally, the method and examples presented here rely on a fixed time window between the

measurement of the predictor and the measurement of the outcome. There may be alter-

ations of this method to allow this restriction to be removed for valid inference. Building

on these extensions, there are scenarios beyond disease progression where this model could

be applicable, such as diseases that are relapsing-remitting (Mandel et al., 2007) or con-

tinuous outcomes. The method presented in this paper retains the advantage of the PPCM

approach compared to other longitudinal models. The ease of implementation using ex-

isting statistical software with functions to fit the model and bootstrapping to determine

the standard errors, along with the flexibility of allowing informative death and dropout to

be independently modeled allows for wider possibilities to be examined when determining

which predictors affect disease outcomes in aging patients.
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CHAPTER 4

Dynamic Modeling Risk of Disease Progression using the Partly Conditional Model:

a case study of predicting Alzheimer’s disease progression

4.1 Background

Reliable statistical models for risk of disease progression are important in epidemiology

studies, especially for chronic diseases with long duration and slow progression. For ex-

ample, Alzheimer’s disease (AD) is an irreversible and progressive neurodegenerate dis-

order that slowly destroys memory and thinking skills. It has three general clinical stages

based on severity of clinical symptoms: normal cognition (NC), mild cognitive impairment

(MCI), and AD (Albert et al., 2011). Identifying risk factors and accurately calculating

risk of progression to further stages of AD is important both in clinical research and clin-

ical practice. For cognitively normal people with risk factors of progression, informed

predicted risk will raise self-awareness of early prevention and enhance early diagnosis.

For MCI patients, knowing the risk of progression to AD will aid clinical decision making

on targeted therapies, as well as improve adherence of medical treatment. Modeling AD

progression with multiple disease states is challenging due to potential time-varying risk

factor effects and dynamic biomarker changes dependent on course of disease (Li et al.,

2013; Jack et al., 2010). However, these challenges are often overlooked since many studies

model AD progression with a focus on short-term transition probabilities using consecutive

visits, assume time-invariant risk factor effects with long follow-up, or only use baseline

risk factor information though longitudinal risk factor data are available.

There are a wide variety of models that can be used to assess the relationship between

predictors and longitudinal outcomes. However, there are fewer methods that can evaluate

relationships between time-dependent predictors with longitudinal outcomes. The primary

objective of this study is to demonstrate the use of partly conditional model to address the
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challenges above. The predictive partly conditional model (PPCM) (Pepe et al., 1999) is

a dynamic model that relates dynamic measurements of risk factors to any future outcome

with flexible prediction time windows. This method allows us to explore the relationship

between a longitudinal predictor and longitudinal ordinal outcomes measured at different

times. In the original paper (Pepe and Couper, 1997), binary and continuous outcomes

were discussed. Here, we extended its use to an ordinal outcome in application and in-

corporate informative death and study dropout using inverse probability weighting, due to

the competing risk of death present in aging studies (Kryscio et al., 2013). The PPCM

model is more applicable to the progressive disease with multiple stages with dynamic

time-dependent predictors considered here.

The article is structured as follows: in Section 4.2, we discuss a motivating example

from Alzheimer’s Disease Neuroimaging Initiative (ADNI) and specific models for AD

progression examining the effect of patient cognitive scores over time. We discuss the

PPCM method for modeling disease risk progression in Section 4.2. We demonstrate the

application of methods mentioned in Section 4.3 in modeling cognition scores in predicting

AD progression among non-demented older adults in Section 4.4. Lastly, we summarize

our findings and provide some remarks in Section 4.5.

4.2 Motivating Study

4.2.1 ADNI Dataset

ADNI was designed to develop clinical, imaging, genetic, and biochemical biomarkers for

the early detection and tracking of Alzheimer’s disease. They have developed a standard-

ized dataset of measures, including neuroimaging, cognitive test score results, and AD di-

agnosis information (Mueller et al., 2005). ADNI is a longitudinal dataset, with visit dates

ranging from 07/26/2009 to 10/22/2020 used in this analysis. Based on work done by Gif-

ford et al. (2014), which examined the relationship between baseline cognitive complaint

and AD progression, there is a relationship between the severity of cognitive complaint
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and AD progression. This led to the motivating question of how cognitive decline affects

AD progression over time. In the ADNI dataset, there is a measure called everyday cogni-

tion (ECog) (Farias et al., 2008, 2011), which seeks to assess the impact of cognitive loss

on everyday function. There are two separate scores for ECog - a self-assessment by the

participant and an assessment by the participant’s study partner. Participant Everyday Cog-

nition (ECog) score is a self-reported assessment based on 40 unique items are scored from

1 to 5. The mean score of assessed items is used as the exposure of interest. Study Partner

Everyday Cognition (ECog) score is informant-reported based on the same 40 items in the

participant score and are scored from 1 to 5. The mean score of assessed items is used as

the exposure of interest. ECog score is measured on a scale of 1 to 5, with higher numbers

defining worse everyday cognitive ability.

4.2.2 Inclusion and Exclusion Criteria

This study will use all available longitudinal records where the patient has multiple follow-

up visits with time between first and most recent visit greater than 3 years. Any patient

meeting other inclusion criteria with at least three years of data is included, as the prediction

window of interest is three years. Participants must be between the age of 55 and 90 at

intake. Due to the nature of AD progression, participants must have a baseline diagnosis

of NC or MCI. Participants with diagnosis of AD at intake or missing key covariate data

were excluded. Additionally, any participant missing baseline ECog score has that visit

removed, but future visits with complete data will remain and a new “baseline” will be

determined. Patients will be included if they have at least 3 years of follow-up from new

baseline. There are no limitations based on sex, race, or ethnicity.

4.3 Analysis Plan and Methods

4.3.1 Statistical Analysis

There are three main aims examined in this analysis. The first question of interest is how

self-reported everyday cognition at baseline affects AD progression over time. Second,
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to examine how self-reported everyday cognition measured longitudinally affects AD pro-

gression over time. Third, to explore how death and study dropout influence the relation-

ship between self-reported everyday cognition measured longitudinally and AD progres-

sion over time. Additionally, because ECog is assessed by both the participant and their

informant, we investigate the same questions above to explore the relationship between

informant-reported everday cognition and AD progression over time. Interactions between

predictors and time will be examined, and all significant interactions will be included in the

final model.

To answer the first question of interest, we model the outcome of longitudinal diagnosis

of AD disease stage using the baseline ECog score as the independent variable of interest.

We chose to fit a longitudinal generalized estimating equation (GEE) model with baseline

covariate values. Initial age at baseline, patient gender, patient education in years, binary

APOE4+ status (Wisniewski and Frangione, 1992), and time in study are adjusting covari-

ates. Because it is possible effect sizes differ depending on disease stage, separate models

are fit by baseline diagnosis.

To address the second question, we fit a PPCM for the outcome of diagnosis of AD

stage at visit time t, where t is the time the outcome was measured, and the independent

variable of interest is ECog score at visit time s, where the difference between s and t is

u = 3. Initial age at baseline, patient gender, patient education in years, binary APOE4+

status, time of predictor measurement, and the time between predictor and outcome mea-

surement are adjusting covariates. To fit this model, the dataset will be converted to an

augmented version to include each pair of exposure variable and outcomes where the dif-

ference between their measurement time is 3 years. A conversion between a standard long

data frame patient record to the augmented version is shown in Table 1. This model is

fit to the augmented dataset using a GEE model with robust standard errors. We evaluate

separate models for participants with diagnosis of NC at s and MCI participants at s.

To address the third question, we fit a PPCM for the outcome of diagnosis of AD stage
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at visit time t, where t is the time the outcome was measured, and the independent vari-

able of interest is ECog score at visit time s, incorporating affects from death and study

dropout using inverse probability weighting. Initial age at baseline, patient gender, patient

education in years, binary APOE4+ status, the time of predictor measurement, and the time

between predictor and outcome measurement are adjusting covariates. Because of the na-

ture of the study, annual visits are required and death information is recorded. A participant

will have a dropout outcome defined if their most recent visit is not within 2 years of the

maximum visit date in the dataset.

The probabilities for death and dropout to create the weights for the final model will

be based on PPCM models for death and dropout. Death and dropout models will initially

include all covariates included in the PPCM model for the AD outcome, but only those with

a statistically significant effect at the 95% level will be included in the final models used to

calculate the inverse probabilities. The dataset will be converted to an augmented version

to include each pair of exposure variable and outcomes where the difference between their

measurement time is 3 years. This model is fit to the augmented dataset using a GEE model

and standard errors are calculated using a bootstrap method. We evaluate separate models

for participants with diagnosis of NC at s and MCI participants at s.

All analyses were conducted using R version 3.6.1, which has multiple packages and

functions that will easily fit logistic or proportional odds models. The lrm function from the

rms package is used to fit all of the methods in this paper (Harrell Jr et al., 2019). Functions

were written to create the necessary augmented dataset and bootstrap the standard errors

for the weighted PPCM models.

4.3.2 Methods

Both PPCM methods are modeled as described in equation 4.1 below for disease stage Y (t)

measured as an ordinal outcome. We will apply these two methods to ADNI data and com-

pare with a commonly-used generalized estimating equation (GEE) approach for baseline
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NC and baseline MCI participants. As AD is progressive, for baseline MCI participants, a

simplified version of equation 4.1 will be modeled, with Y (t) as a binary outcome.

logit [P{Y (t)≥ k|X(s),M(s) = 1}] = αk +X(s)T
β (s, t),k = 1, . . . ,K, (4.1)

where s and t are measurement times where s < t, M(s) is an implicitly defined indicator

variable indicating the selection of patient data at time s in the analysis, and X(s) are covari-

ates measured at time s. In the style of Pepe et al. (1999), estimation of the PPCM model

described in equation 4.1 could be conducted by applying GEE estimation with indepen-

dent working covariance matrix to an augmented dataset constituting all possible pairs of

observations from each subject within a pre-specified time window. In our application, we

model 3-year AD progression for both NC and MCI subjects.

In this setting, the model 4.1 is reduced by using u-year specific regression coefficient

β (s) instead of β (s, t), where u = t − s. For the analysis of NC participants, only the pairs

with the diagnosis of NC at the first visit in a pair will be included in the analysis, while

only the pairs with the diagnosis of MCI at the first visit in a pair will be included for the

analysis of MCI participants. These criteria are encompassed by the condition M(s) = 1 in

4.1.

To allow for potential informative death and dropout to be included in the model, we

use inverse probability weighting with the PPCM. The model for the weighted PPCM is

described by the same equation 4.1 above, but the estimation will differ from the previous

method. In the previous chapter, we demonstrated a PPCM model can produce consistent

estimates when weights are created by modeling death and dropout independently using

PPCM models when informative death and dropout are present, incorporated into the model

for disease progression, and estimated using GEE with bootstrapped standard errors. There

are two main assumptions for this method to generate valid estimates: study dropout is

monotonic, meaning once a participant drops out, they cannot reenter the study, and the
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probability of death and dropout are independent. Once the weights have been created,

the weighted PPCM is fit similarly to the unweighted PPCM described above, using GEE

estimation. To properly account for the variation included in the weighting procedure,

bootstrapping is used to estimate the standard errors.

4.4 Results

Table 4.1 presents the results of the three completed analyses for those with baseline NC

and table 4.2 presents the results for those with baseline MCI. As a reminder, the term

“baseline” for the PPCM models means the diagnosis at time s, the time of covariate mea-

surement, which is between 2 and 4 years prior to the time the outcome was measured.

The participant self-assessed ECog score, labeled “Participant” in the table, and the Ecog

score based on the study partner’s assessment, labeled “Study Partner”, are included side

by side for comparison. Because there were significant predictors of study dropout and

death that are also predictors in the main models, we will compare the weighted PPCM

models incorporating this information graphically for interpretation.

4.4.1 NC Participants

Once inclusion and exclusion criteria were applied, there were 333 participants included

in this analysis. In the GEE models addressing the first aim, neither the main effect of the

initial participant ECog score or its interaction with time are statistically significant. The

main effect for the study participant ECog score is significant (OR = 4.90, p-value = 0.011),

as is the interaction with time in study (OR = 1.53, p-value = 0.04).

In the unweighted PPCM addressing the second aim, the only significant interaction

between time and a predictor in the model including participant ECog score was with

APOE4+, with OR = 1.41 (p-value = 0.01). The odds of disease progression to MCI or

AD are 8.17 times greater for those with a 1-point increase in the participant-assessed

ECog score, all other predictors equal. The study partner ECog score had OR = 2.66 (p-

value < 0.001). The interpretation for this estimate is the odds of progressing to MCI or
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AD are 2.66 times greater for those with a 1-point higher ECog study partner score, all

other predictors the same. As with the model including participant ECog score, the only

interaction included in the final model is with measurement time s and APOE4+, with OR

= 1.40 (p-value = 0.008).

In the weighted PPCM models addressing the third aim, the interaction with measure-

ment time s and the ECog score is statistically significant for the participant-assessed ECog

score (OR = 1.54, p-value < 0.001). The odds of disease progression to MCI or AD are

1.46 times greater for those with a 1-point increase in the partner-assessed ECog score (p-

value = 0.008), all other predictors equal, at baseline (s = 0). As s increases by 1 unit,

the odds of disease progression increase 1.54 times for every increasing point in the ECog

score, all other predictors equal. In the model including study participant ECog score had a

significant main effect (OR = 7.80, p-value < 0.001), but the interaction between measure-

ment time s and ECog score was not statistically significant, and therefore was removed

from the final model. The interpretation of this estimate is for populations with all other

predictors the same, the odds of progressing to MCI or AD are 7.80 times the odds when

there is a one-point difference in study partner ECog score when informative death and

dropout are incorporated in the model. Figure 4.1a shows the changes in the log-odds of

ECog score as measurement time increases for NC patients.

48



Table 4.1: Results for models addressing each study aim for patients diagnosed as NC at
the baseline defined for each model type

Participant Study Partner
Odds Log-Odds SE p-value Odds Log-Odds SE p-value

GEE
Initial Age 1.10 0.10 0.03 <0.001 1.12 0.11 0.03 0.001
Patient Gender (Female vs Male) 1.05 0.05 0.47 0.916 1.19 0.17 0.55 0.753
Patient Education (Years) 0.93 -0.07 0.08 0.378 0.93 -0.07 0.09 0.441
APOE4+ (Yes vs No) 1.76 0.57 0.49 0.247 1.48 0.39 0.58 0.502
Time in study (Years) 0.96 -0.04 0.27 0.875 0.99 -0.01 0.28 0.981
Initial ECog Score 0.20 -1.63 1.16 0.160 4.90 1.59 0.62 0.011
time*initial ECog Score 1.44 0.36 0.19 0.051 1.53 0.43 0.21 0.040

Unweighted PPCM
Initial Age 1.09 0.09 0.01 <0.001 1.09 0.09 0.01 <0.001
Patient Gender (Female vs Male) 1.11 0.10 0.18 0.573 0.99 -0.01 0.18 0.952
Patient Education (Years) 0.94 -0.06 0.03 0.068 0.92 -0.08 0.03 0.009
ECog Score 8.17 2.10 0.25 <0.001 2.66 0.98 0.25 <0.001
APOE4+ (Yes vs No) 1.27 0.24 0.26 0.362 1.17 0.16 0.26 0.540
Prediction Window, u 1.42 0.35 0.13 0.008 1.34 0.30 0.13 0.021
Measurement Time, s 0.77 -0.26 0.10 0.008 0.82 -0.20 0.08 0.015
s * APOE4+ (Yes vs No) 1.41 0.34 0.13 0.010 1.40 0.34 0.13 0.008

Weighted PPCM
Initial Age 1.09 0.09 0.01 <0.001 1.09 0.09 0.01 <0.001
Patient Gender (Female vs Male) 1.02 0.02 0.09 0.781 1.14 0.13 0.09 0.157
Patient Education (Years) 0.92 -0.08 0.02 <0.001 0.94 -0.06 0.02 <0.001
ECog Score 1.46 0.38 0.14 0.008 7.80 2.05 0.12 <0.001
APOE4+ (Yes vs No) 1.14 0.13 0.11 0.242 1.23 0.21 0.12 0.077
Prediction Window, u 1.34 0.30 0.06 <0.001 1.38 0.32 0.06 <0.001
Measurement Time, s 0.42 -0.86 0.14 <0.001 0.77 -0.26 0.05 <0.001
s * APOE4+ (Yes vs No) 1.44 0.37 0.07 <0.001 1.44 0.36 0.07 <0.001
s * ECog Score 1.54 0.43 0.08 <0.001
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Figure 4.1: Log-odds of disease progression for participant-assessed ECog score (PT
ECog) vs study participant (SP ECOG) at time t for ECog score of 3.
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4.4.2 MCI Participants

Once inclusion and exclusion criteria were applied for this analysis, 499 participants were

included. Addressing the first aim for the MCI participants, the GEE model shows the

baseline participant ECog score is significant (OR = 1.59, p-value = 0.035). The interaction

with time was not significant and therefore not included in the final model. For the study

partner ECog score, the GEE model again had a significant odds ratio for initial ECog score

(OR = 3.95, p-value < 0.001), but no significant interaction with time in study.

In the unweighted PPCM model addressing the second aim, ECog score is significant

for the participant (OR = 4.81, p-value < 0.001) and the study partner assessments (OR =

1.29, p-value < 0.001). There was a statistically significant interaction between measure-

ment time and APOE4+ in both the model including participant ECog score (OR = 0.83,

p-value = 0.005) and study partner ECog score (OR = 0.87, p-value = 0.044). Additionally,

there was a statistically significant interaction with measurement time and initial age (OR

= 1.01, p-value = 0.029) in the model including study partner ECog score.

Addressing the third aim with the weighted PPCM, the main effect for participant ECog

score is significant (OR = 2.07, p-value < 0.001). There are three significant interactions

with measurement time in the model with participant ECog score: initial age (OR = 1.01,

p-value < 0.001), APOE4+ (OR = 0.88, p-value = 0.030), and participant ECog score (OR

= 0.87, p-value = 0.01). The main effect for study partner ECog score is significant (OR =

4.67, p-value < 0.001). There are three significant interactions with measurement time in

the model with study partner ECog score: initial age (OR = 1.01, p-value = 0.021), patient

education (OR = 1.02, p-value = 0.021), and APOE4+ (OR = 0.86, p-value = 0.030). The

estimate for the effect size of the study partner ECog score (OR = 4.67, p-value < 0.001)

is larger than the participant ECog score (OR = 2.07, p-value < 0.001), which is opposite

of the trend with the unweighted PPCM. Figure 4.1b shows the changes in the log-odds of

ECog score as measurement time increases for MCI patients for the weighted PPCM for an

ECog score of 3.
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Table 4.2: Results for models addressing each study aim for patients diagnosed as MCI at
the baseline defined for each model type

Participant Study Partner
Odds Log-Odds SE p-value Odds Log-Odds SE p-value

GEE
Initial Age 1.03 0.03 0.02 0.104 1.02 0.02 0.02 0.197
Patient Gender (Female vs Male) 1.37 0.32 0.24 0.188 1.52 0.42 0.25 0.098
Patient Education (Years) 1.02 0.02 0.04 0.586 1.04 0.04 0.04 0.319
APOE4+(Yes vs No) 3.78 1.33 0.26 <0.001 3.09 1.13 0.28 <0.001
Time in study 1.42 0.35 0.04 <0.001 1.52 0.42 0.04 <0.001
Initial ECog Score 1.59 0.47 0.22 0.035 3.95 1.37 0.16 <0.001

Unweighted PPCM
Initial Age 1.06 0.06 0.01 <0.001 1.34 0.29 0.10 0.003
Patient Gender (Female vs Male) 1.55 0.44 0.11 <0.001 1.02 0.02 0.016 0.300
Patient Education (Years) 1.04 0.04 0.02 0.022 1.65 0.50 0.08 <0.001
ECog Score 4.81 1.57 0.07 <0.001 1.29 0.25 0.04 <0.001
APOE4+(Yes vs No) 4.08 1.41 0.14 <0.001 4.44 1.49 0.14 <0.001
Prediction Window, u 1.4 0.33 0.04 <0.001 0.49 -0.72 0.37 0.052
Measurement Time, s 1.07 0.07 0.05 0.139 1.05 0.05 0.01 <0.001
s*initial Age 1.01 0.01 0.005 0.029
s*APOE4+(Yes vs No) 0.83 -0.19 0.07 0.005 0.87 -0.14 0.07 0.044

Weighted PPCM
Initial Age 1.05 0.04 0.01 <0.001 1.05 0.05 0.01 <0.001
Patient Gender (Female vs Male) 1.22 0.20 0.06 0.002 1.46 0.38 0.07 <0.001
Patient Education (Years) 1.00 0.00 0.01 0.831 1.00 0.00 0.02 0.761
ECog Score 2.07 0.73 0.07 <0.001 4.67 1.54 0.05 <0.001
APOE4+ (Yes vs No) 4.22 1.44 0.08 <0.001 3.75 1.32 0.09 <0.001
Prediction Window, u 1.13 0.12 0.05 0.021 1.23 0.21 0.06 <0.001
Measurement Time, s 0.45 -0.79 0.30 0.008 0.35 -1.05 0.41 0.010
s*Initial Age 1.01 0.01 0.004 <0.001 1.01 0.01 0.004 0.021
s*Patient Education (Years) 1.02 0.02 0.01 0.021
s*APOE4+ (Yes vs No) 0.88 -0.13 0.06 0.030 0.86 -0.15 0.06 0.018
s*ECog Score 0.87 -0.14 0.05 0.010
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4.5 Discussion

Examining the differences in statistical modeling of disease progression is important to de-

termining how different risk factors contribute to the disease pathology. With the increasing

use of electronic health records data and sources of longitudinal patient data, longitudinal

methods capable of modeling ordinal disease stage outcomes and time-dependent predic-

tors are important to best answer questions about disease progression. We explored three

different models to answer different types of questions about how everyday cognition af-

fects AD disease progression, including one to account for informative death and dropout.

Explaining the differences between these three questions of interest and the interpretation

of their results is crucial for clinicians and those making health policy to understand new

innovations in modeling and the discoveries resulting from them.

After fitting separate models for NC and MCI participants, we found differences in

how participant-assessed ECog score affected disease progression compared to the study

partner-assessed ECog score, especially in the weighted PPCM that incorporates partici-

pant death and study dropout. For both NC and MCI patients, there is a significant inter-

action between participant ECog score and measurement time, but the odds ratio are in the

opposite direction for the two diagnoses. This means as measurement time, analogous to

time in study, increases, those with a higher participant ECog score have increased odds

of disease progression in NC participants, but not for the MCI participants. This interac-

tion result doesn’t necessarily mean disease progression slows as ECog score increases for

MCI patients. Rather, it is an indicator the self-assessed ECog score becomes a less reli-

able predictor as participants age with MCI. This is an example of how dynamic predictors

relate to disease stage differently as disease worsens. The larger effect size of the study

partner ECog score in the weighted PPCM model for both NC and MCI participants sug-

gests it may be more a more reliable assessment of everyday cognition regardless of time,

as the interaction with time was not significant, but the odds ratios were larger. This is

illustrated in Figure4.1, where log-odds are plotted for participant ECog and study partner
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ECog scores of 3. Another reason the effects of these two scores may vary drastically is

because participants may notice their own declining cognition sooner than their study part-

ner. By the time a study partner has assessed the participant at an ECog score of 3, disease

has progressed beyond the initial stage.

The partly conditional model directly models odds of disease progression using the

GEE method, which has been used in the statistical literature for several decades now, but

have not yet been applied to disease progression. This method does not directly model tran-

sitions to death, but incorporates this information, along with informative study dropout,

into the model using inverse probability weighting. Partly conditional models can incorpo-

rate time-dependent covariates in the realm of prediction, which is important in AD due to

the dynamic nature of its biomarkers, as evidenced by the findings in this application.

As evidence suggests that the pathophysiological process of AD begins years prior to

diagnosis of clinical dementia, and identifying points of disease transition in individuals

is difficult (Albert et al., 2011). Subtle, detectable cognitive alterations may exist years

before an individual meets criteria for MCI and could predict progression to AD dementia.

Identifying older adults at highest risk of transitioning from the preclinical stage (NC) to

symptomatic predementia (MCI) or from MCI to AD could benefit these patients through

early interventions to prevent or delay the onset of AD. Using the PPCM model to incor-

porate time-dependent covariates allows more information about disease progression to be

incorporated into the model, while allowing unbiased estimation in the presence of infor-

mative death and dropout. The use of these models will hopefully lead to better prediction

of disease progression to allow the identification of patients at risk for AD progression

earlier in the course of their disease trajectory. Choosing the right predictors and when to

measure them is crucial to determining which patients to enroll in trials for AD therapies.

Enrolling patients who are at the right point in the disease to benefit from the treatment

could be critical to finding new therapies, as trials for new AD therapies historically failed

to meet the specified endpoints to be defined as successful and enter the market (Mehta
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et al., 2017). This case study examining three different aims with the same overall ob-

jective of determining how ECog scores relate to future disease progression demonstrates

how subtle changes to a question of interest affect the inferential target of interest, giving

results with differing interpretations. Communicating the different interpretations to clini-

cians, policy-makers, and other stakeholders is key to move new discoveries from statistical

modeling forward to impact those suffering from AD.
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CHAPTER 5

Conclusion

In Chapter 2, we introduced the predictive partly conditional model and showed the nec-

essary conditions for unbiased estimation using this method. It is an extension of previous

work by Pepe et al. (1999) to ordinal longitudinal outcomes. We determined the conditions

required for consistent estimation, which include using an independent working covariance

matrix and inclusion of outcome measurements at time t once in the PPCM dataset. To

meet this criteria, we examine the use of a fixed prediction window. We showed the model

works well under both the correct model specification and a misspecified model specifi-

cation by examining the small-sample properties via simulation. We applied the method

to data from NACC patients who had a diagnosis of NC at the moving baseline to show

cognitive complaint, a predictor of clinical interest, is predictive of AD progression 3 years

after the time of measurement. The PPCM is flexible, allowing for time-dependent covari-

ate measurements and potentially allowing for time-varying effects to be included.

In Chapter 3, we build on the PPCM framework introduced in Chapter 2 to extend the

framework when death and study dropout are informative. As AD is a disease usually

affecting the aging population, death before fully-developing the disease is a competing

risk that can potentially bias estimates when not incorporated into the modeling frame-

work. Similarly, study dropout can mean disease is progressing for a patient, but is never

recorded, also leading to biased estimates. In this chapter, we develop a framework for

incorporating this information into the PPCM model using inverse probability weighting.

We describe the estimation of the model using generalized estimating equations and exam-

ine the small-sample properties via simulation. When death and dropout are informative,

we see the proposed method yields estimates with less bias and accurate standard errors
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when compared with the version introduced in Chapter 2, which would be used if death

and dropout were considered non-informative. We apply this method to data from NACC

patients with an MCI diagnosis at the moving baseline. We see the different levels of cog-

nitive complaint have different relationships with disease progression, showing cognitive

complaint relying on self-assessment from the patient is no longer helpful in predicting

disease progression.

In Chapter 4, we examine three questions of interest related to the relationship between

cognitive complaint and AD disease progression over time, answerable by using differ-

ent statistical methods, and apply them to data from the ADNI study for both NC and

MCI patients. The first question of interest is how self-reported and informant-reported

everyday cognition at baseline affects AD progression over time. Secondly, we examined

how the longitudinal measures of everyday cognition affect AD progression over time. Fi-

nally, we explored how death and study dropout can influence the relationship between

longitudinally-measured everyday cognition and AD progression over time. Each model

has a specific interpretation directly tied to the question of interest, and overall we saw

self-reported everyday cognition scores were not statistically significant for MCI patients,

indicating this measure is not a reliable predictor of disease progression once a patient en-

ters the MCI stage. Choosing the best model for a question of interest is vital to the future of

AD disease research, where identifying patients likely to transition between disease stages

will be crucial to clinical trials for future treatments and other interventions.

Altogether, this dissertation gives an overall view of the use of predictive partly condi-

tional models for longitudinal ordinal outcomes related to disease progression, with com-

parison to models currently used in the literature. Alzheimer’s disease has a complex

pathology, and acknowledging the time-dependent nature of many potential predictors of

disease progression is crucial to developing better prediction models and identifying pa-
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tients at risk of progression earlier. The examples presented here examine risk factors

within a fixed three-year time period, but PPCM models are flexible and can accommo-

date time-varying effects, removing the specific time period interpretation when used. The

PPCM is easily implemented using existing statistical software, making it an ideal model

to consider when examining questions related to disease progression. We hope the foun-

dational work completed here concerning the PPCM will lead to wider adoption, both for

disease progression models and other areas with longitudinal ordinal outcomes as they

arise.
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CHAPTER 6

Appendix

6.1 Acknowledgement of NACC Data Usage

The NACC database is funded by NIA/NIH Grant U01 AG016976. NACC data are con-

tributed by the NIA-funded ADRCs: P30 AG019610 (PI Eric Reiman, MD), P30 AG013846

(PI Neil Kowall, MD), P30 AG062428-01 (PI James Leverenz, MD) P50 AG008702 (PI

Scott Small, MD), P50 AG025688 (PI Allan Levey, MD, PhD), P50 AG047266 (PI Todd

Golde, MD, PhD), P30 AG010133 (PI Andrew Saykin, PsyD), P50 AG005146 (PI Mari-

lyn Albert, PhD), P30 AG062421-01 (PI Bradley Hyman, MD, PhD), P30 AG062422-01

(PI Ronald Petersen, MD, PhD), P50 AG005138 (PI Mary Sano, PhD), P30 AG008051

(PI Thomas Wisniewski, MD), P30 AG013854 (PI Robert Vassar, PhD), P30 AG008017

(PI Jeffrey Kaye, MD), P30 AG010161 (PI David Bennett, MD), P50 AG047366 (PI Vic-

tor Henderson, MD, MS), P30 AG010129 (PI Charles DeCarli, MD), P50 AG016573 (PI

Frank LaFerla, PhD), P30 AG062429-01(PI James Brewer, MD, PhD), P50 AG023501 (PI

Bruce Miller, MD), P30 AG035982 (PI Russell Swerdlow, MD), P30 AG028383 (PI Linda

Van Eldik, PhD), P30 AG053760 (PI Henry Paulson, MD, PhD), P30 AG010124 (PI John

Trojanowski, MD, PhD), P50 AG005133 (PI Oscar Lopez, MD), P50 AG005142 (PI He-

lena Chui, MD), P30 AG012300 (PI Roger Rosenberg, MD), P30 AG049638 (PI Suzanne

Craft, PhD), P50 AG005136 (PI Thomas Grabowski, MD), P30 AG062715-01 (PI Sanjay

Asthana, MD, FRCP), P50 AG005681 (PI John Morris, MD), P50 AG047270 (PI Stephen

Strittmatter, MD, PhD).

6.2 Acknowledgement of ADNI Data Usage

Data collection and sharing for this project was funded by the Alzheimer’s Disease Neu-

roimaging Initiative (ADNI) (National Institutes of Health Grant U01 AG024904) and

DOD ADNI (Department of Defense award number W81XWH-12-2-0012). ADNI is
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funded by the National Institute on Aging, the National Institute of Biomedical Imag-

ing and Bioengineering, and through generous contributions from the following: AbbVie,

Alzheimer’s Association; Alzheimer’s Drug Discovery Foundation; Araclon Biotech; Bio-

Clinica, Inc.; Biogen; Bristol-Myers Squibb Company; CereSpir, Inc.; Cogstate; Eisai Inc.;

Elan Pharmaceuticals, Inc.; Eli Lilly and Company; EuroImmun; F. Hoffmann-La Roche

Ltd and its affiliated company Genentech, Inc.; Fujirebio; GE Healthcare; IXICO Ltd.;

Janssen Alzheimer Immunotherapy Research & Development, LLC.; Johnson & Johnson

Pharmaceutical Research & Development LLC.; Lumosity; Lundbeck; Merck & Co., Inc.;

Meso Scale Diagnostics, LLC.; NeuroRx Research; Neurotrack Technologies; Novartis

Pharmaceuticals Corporation; Pfizer Inc.; Piramal Imaging; Servier; Takeda Pharmaceu-

tical Company; and Transition Therapeutics. The Canadian Institutes of Health Research

is providing funds to support ADNI clinical sites in Canada. Private sector contributions

are facilitated by the Foundation for the National Institutes of Health (www.fnih.org). The

grantee organization is the Northern California Institute for Research and Education, and

the study is coordinated by the Alzheimer’s Therapeutic Research Institute at the University

of Southern California. ADNI data are disseminated by the Laboratory for Neuro Imaging

at the University of Southern California.

6.3 Chapter 2, Methods Section Proof: PPCM distribution is of logistic shape

Below we show when Z∗
it follows the Bridge distribution, the PPCM follows logistic format.

Let F(·) denote the cumulative density function of logistic distribution with location 0 and

scale 1. Based on the definition of Yi(t), it follows that

P{Yi(t)> k|Xi1,Xi2,Zi0}= P{Y ∗
i (t)> α

∗
k |Xi1,Xi2,Zi0}

= P{γ1Xi1 + γ2Xi2 + γ3Zi0 + f (t)+ εi > α
∗
k |Xi1,Xi2,Zi0}

= P{εi > α
∗
k − γ1Xi1 − γ2Xi2 − γ3Zi0 − f (t)|Xi1,Xi2,Zi0}

= 1−F(α∗
k − γ1Xi1 − γ2Xi2 − γ3Zi0 − f (t))
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Taking logit transformation on both sides of the above equation, we have

logit [P{Yi(t)> k|Xi1,Xi2,Zi0}] = logit [1−F(α∗
k − γ1Xi1 − γ2Xi2 − γ3Zi0 − f (t))]

= log(1−F(α∗
k − γ1Xi1 − γ2Xi2 − γ3Zi0 − f (t)))

− log(F(α∗
k − γ1Xi1 − γ2Xi2 − γ3Zi0 − f (t)))

=−α
∗
k + γ1Xi1 + γ2Xi2 + γ3Zi0 + f (t)

=−α
∗
k + γ1Xi1 + γ2Xi2 + γ3{Zi(s)+Z∗

is/γ3}+ f (t)

=−α
∗
k + γ1Xi1 + γ2Xi2 + γ3Zi(s)+ f (t)+Z∗

is

Since Z∗
is follows Bridge distribution with parameter φ , for s < t

logit(P{Yi(t)> k|Xi1,Xi2,Zi(s)}) = φ{−α
∗
k + γ1Xi1 + γ2Xi2 + γ3Zi(s)+ f (t)}

= αk +β1Xi1 +β2Xi2 +β3Zi(s)+φ f (t)
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6.4 Chapter 3, Methods Section Proof: Asymptotic Normality of Weighted PPCM

Estimators

Let θ = {α,β ,γ} denote the parameters from the outcome model, θ A = {αA,β A,γA} de-

note the parameters from the model for death, and θ R = {αR,β R,γR} denote the param-

eters from the model for dropout, as shown in equations X, X, and X, respectively. Let

Φi(θ ,θ A,θ R) be the contribution of subject i in the estimating equation, as shown below.

Φi(θ ,θ A,θ R) = ∑
i

∑
(s,t)∈D

Qis(t)
Ai(t)

dis(t;θ A)

Ri(t)
πis(t;θ R)

{Yi(t)−µis(t;θ)},

where E{Φi(θ ,θ A,θ R)}= 0 as proved in section 2. Therefore, θ̂ is a consistent estimator

of θ .

To derive asymptotic normality of
√

n(θ̂ −θ), we decompose n−
1
2 ∑

n
i=1 Φi(θ̂ , θ̂ A, θ̂ R)−

n−
1
2 ∑

n
i=1 Φi(θ ,θ A,θ R) into the following three components:

n−
1
2

n

∑
i=1

Φi(θ̂ ,θ A,θ R)−n−
1
2

n

∑
i=1

Φi(θ ,θ A,θ R)

+n−
1
2

n

∑
i=1

Φi(θ̂ ,θ A, θ̂ R)−n−
1
2

n

∑
i=1

Φi(θ̂ ,θ A,θ R)

+n−
1
2

n

∑
i=1

Φi(θ̂ , θ̂ A, θ̂ R)−n−
1
2

n

∑
i=1

Φi(θ̂ ,θ A, θ̂ R)

Using Taylor series expansion, the first component is asymptotically equivalent to

√
n(θ̂ −θ)n−1

n

∑
i=1

Φ̇iθ (θ ,θ A,θ R)≃
√

n(θ̂ −θ)Φ̇θ (θ ,θ A,θ R),

where Φ̇iθ (θ ,θ A,θ R) = ∂Φi(θ ,θ A,θ R)/∂θ and Φ̇θ (θ ,θ A,θ R) = E
{

Φ̇iθ (θ ,θ A,θ R)
}

.

Similarly, we show the second component is asymptotically equivalent to

√
n(θ̂ R −θ R)n−1

n

∑
i=1

Φ̇iθ R(θ ,θ A,θ R)≃
√

n(θ̂ R −θ R)Φ̇θ R(θ ,θ A,θ R),
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where Φ̇iθ R(θ ,θ A,θ R) = ∂Φi(θ ,θ A,θ R)/∂θ R and Φ̇θ R(θ ,θ A,θ R) = E
{

Φ̇iθ R(θ ,θ A,θ R)
}

.

Since θ̂ R is the estimator from unweighted PPCM model based on generalized estimating

equation approach,

√
n(θ̂ R −θ R)≃

√
n

n

∑
i=1

H−1
θ R

∂πis(t;θ R)

∂θ R
{Ri(t)−πis(t;θ R)},

where Hθ R = E
[{

∂πis(t;θ R)
∂θ R

}T
∂πis(t;θ R)

∂θ R

]
. Therefore, the second component is asymptoti-

cally equivalent to
√

n∑
n
i=1 Ψi1(θ ,θ A,θ R), where

Ψi1(θ ,θ A,θ R) = H−1
θ R

∂πis(t;θ R)

∂θ R
{Ri(t)−πis(t;θ R)}Φ̇θ R(θ ,θ A,θ R).

Using the same strategy, the third component

√
n(θ̂ A −θ A)n−1

n

∑
i=1

Φ̇iθ A(θ ,θ A,θ R)≃
√

n(θ̂ A −θ A)Φ̇θ A(θ ,θ A,θ R),

where Φ̇iθ A(θ ,θ A,θ R) = ∂Φi(θ ,θ A,θ R)/∂θ A and Φ̇θ A(θ ,θ A,θ R) = E
{

Φ̇iθ A(θ ,θ A,θ R)
}

.

Since θ̂ A is the estimator from unweighted PPCM model based on generalized estimat-

ing equation approach,

√
n(θ̂ A −θ A)≃

√
n

n

∑
i=1

H−1
θ A

∂dis(t;θ A)

∂θ A
{Ai(t)−dis(t;θ A)},

where Hθ A = E
[{

∂dis(t;θ A)
∂θ A

}T
∂dis(t;θ A)

∂θ A

]
.

Therefore, the third component is asymptotically equivalent to
√

n∑
n
i=1 Ψi2(θ ,θ A,θ R),

where

Ψi2(θ ,θ A,θ R) = H−1
θ A

∂dis(t;θ A)

∂θ A
{Ai(t)−dis(t;θ A)}Φ̇θ A(θ ,θ A,θ R).
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Therefore,

n−
1
2

n

∑
i=1

Φi(θ̂ , θ̂ A, θ̂ R)−n−
1
2

n

∑
i=1

Φi(θ ,θ A,θ R)≃

√
n(θ̂ −θ)Φ̇θ (θ ,θ A,θ R)+

√
n

n

∑
i=1

Ψi1(θ ,θ A,θ R)+
√

n
n

∑
i=1

Ψi2(θ ,θ A,θ R).

Since
n
∑

i=1
{Φi(θ̂ , θ̂ A, θ̂ R)}= 0, it follows that

√
n(θ̂ −θ)≃

√
n

n

∑
i=1

Φ̇
−1
θ
(θ ,θ A,θ R){Ψi1(θ ,θ A,θ R)+Ψi2(θ ,θ A,θ R)−Φi(θ ,θ A,θ R)} .

Consequently,
√

n(θ̂ −θ) follows multivariate normal distribution with covariance matrix

Σ, where Σ = E(ΩiΩ
T
i ) and

Ωi = Φ̇
−1
θ
(θ ,θ A,θ R){Ψi1(θ ,θ A,θ R)+Ψi2(θ ,θ A,θ R)−Φi(θ ,θ A,θ R)} .
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6.5 Chapter 3, Application Section: Additional Tables - Models for Dropout and

Death Outcomes of MCI Patients using NACC Data

Table 6.1: PPCM models for dropout and death weights, N = 1347, MCI patients from
NACC data analysis in Chapter 3

Dropout Model Death Model
Odds log-odds SE p-value Odds log-odds SE p-value

Baseline Age 0.99 -0.01 0.002 <0.001 1.17 0.16 0.01 <0.001
Female (vs Male) 0.93 -0.07 0.03 0.008 0.89 -0.11 0.08 0.170
Non-white (vs White) 0.15 -1.91 0.24 <0.001
Education (years) 1.03 0.03 0.005 <0.001 0.98 -0.02 0.01 0.108
APOE4+ (vs APOE4-) 1.11 0.11 0.03 <0.001
mFSRP 0.99 -0.01 0.004 0.002 1.04 0.04 0.01 0.001
s (Measurement Time) 0.92 -0.08 0.01 <0.001 1.08 0.08 0.03 0.002
Source of Cognitive Complaint

No Complaint (Reference)
Self-Complaint Only 0.79 -0.24 0.04 <0.001
Informant Complaint Only 0.95 -0.05 0.06 0.412
Both Complaints 1.21 0.19 0.05 <0.001

Diagnosis at t −1
Normal Cognition (Reference)
MCI 0.51 -0.68 0.04 <0.001 2.02 0.70 0.09 <0.001
AD 0.28 -1.27 0.06 <0.001 5.18 1.64 0.11 <0.001
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