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Abstract

This dissertation investigates the existing methods for risk prediction of a sequence of
events from longitudinal studies for the continuous time data, in addition to, proposing a
simple alternative method. These outcomes (events) can change status at different follow-
ups that may produce a large number of paths or trajectories. Also, regressive models
for multinomial and ordinal outcomes for discrete time data to obtain a joint model for a
sequence of events for risk prediction is proposed. A key challenge is the simplification
and generalization of the existing method for continuous time data for risk prediction for
a large sequence of events at different stages. Most of the models are proposed to solve
the problem arising from the progression of specific diseases process.

The proposed alternative multistage procedure simplifies the transition models for risk
prediction of a sequence of events for continuous time data. This framework provides
the estimates for each stage in the process conditionally and the conditional estimates are
linked based on marginal and conditional models to obtain the joint probabilities needed
for predicting the status of disease based on the potential risk factors. The proposed
method of prediction is a new development using a series of events in conditional setting
arising from the beginning to the endpoint. Also, a general form of integral is devel-
oped for predicting the joint probability of a sequence of events from longitudinal studies
for (1) different types of trajectories and (ii) any segment of a trajectory along with the
generalization to any number of stages which is a new development.

In follow-up or panel studies, multinomial outcomes may occur within an interval where
transition times are not exactly known, or the time of the event is itself discrete. Available
models for risk prediction for multinomial outcomes with specified risk factors are only
for a single response and are not extended for prediction of a sequence of events for
discrete time data for different stages.

The regressive models for multinomial outcomes are proposed and then a modeling frame-
work is developed to predict the joint probabilities for a sequence of events. The proposed
models link the marginal and sequence of conditional models to provide the joint model
needed for predicting the probability of a trajectory based on specified covariate patterns.
The marginal model uses the outcome variable at the baseline and the models at the sub-
sequent follow-ups provide the estimates of the parameters of the conditional models.
The major improvement of the proposed framework is that one needs to fit a significantly
smaller number of models compared to the conditional models such as Markov models.

The independence of the repeated outcomes will allow using simpler models, and the
goodness-of-fit of the joint model is required for model performance. The proposed
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goodness-of-fit test for joint model is obtained by linking marginal and conditional mod-
els. The test for independence uses marginal models for each repeated outcomes. The
simulation study and application using real data prove the usefulness and illustrate the
performance of these tests.

For ordinal outcomes from longitudinal studies regressive proportional odds model, and
in the case of violation of proportional odds assumption regressive partial proportional
odds model are proposed. Then a framework is developed to predict joint probabilities
for a sequence of ordinal outcomes. The major improvement of the proposed model is
that only one model is required for each repeated outcome compared to the sequence of
conditional models such as Markov models. Results from these two models are compared
to that from the proposed regressive multinomial logistic model. Also, test for goodness-
of-fit and test for independence are shown. The proposed models provide the estimates
for each stage in the process conditionally, and the joint model can be obtained for any
order to predict the risk of a sequence of events. Proposed regressive partial proportional
odds model and regressive multinomial models showed better performance compared to
the regressive proportional odds model when proportional odds assumption is violated.
Simulation studies showed satisfactory performance of the proposed regressive models
for ordinal outcomes.

All the proposed model and the risk prediction framework for both continuous and dis-
crete time data are a new development. The major improvement of the proposed model
is that it reduces the over-parameterization. One can easily add interaction terms among
previous outcomes, and predictors in the proposed framework which may provide a better
understanding of the underlying process and the relationships between outcomes and risk
factors. Using the developed framework, modeling and risk prediction for a sequence of
events can be performed in many fields of studies such as epidemiology, public health,
survival analysis, genetics, reliability, environmental studies, etc. This model would be
very useful for analyzing big data. One can use the existing software for model fitting,
and risk prediction of a sequence of events.
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Chapter 1

Introduction

1.1 Background

In longitudinal, panel or cohort studies, responses and covariates are repeatedly collected
over time on each study participant or experimental unit. This repeated measures data
are collected in various disciplines such as biomedical sciences, epidemiology, reliability,
econometrics, environment, social science, etc. The responses may be qualitative (cate-
gorical) or quantitative (discrete or continuous) and time can be continuous or discrete.
For example, a leukemia patient after bone marrow transplantation may experience mul-
tiple events, such as platelet recovery, acute graft versus host disease (GVHD), relapse
or death. In this case, events are discrete and are observed over continuous time. When
subjects move from one state to another, a transition occurs. In many instances, event
occurrence of patients is only observed within an interval, e.g., transition times are not
exactly known or the time of an event is itself discrete. In cohort studies, for example,
depression status can repeatedly be measured over regular interval produces a sequence of
discrete events at the discrete times. Multi-state models are the most common statistical
technique to describe the occurrence of multiple events over time or disease progression
longitudinally (Hougaard, 1999). When describing a sequence of similar or distinct types
of events, multi-state models can be viewed as a series of nested models at different stages.

There is a growing interest on prediction of the probability of a sequence of events for a
subject with specified covariate values and event history using multi-state model. Klein
et al. (1994) first illustrated the prediction probability calculation for a future event from
the multi-state model. Putter ez al. (2006) demonstrated how to use the results of multi-
state model to obtain predictions at a certain time after surgery for a patient. Computa-
tional aspects of prediction is illustrated in Putter ef al. (2007). A key challenge is the
simplification and generalization of the existing method for continuous time data for pre-
diction for a large number of events or stages. For example, uncontrolled diabetes can lead
to nephropathy, diabetic retinopathy, pulmonary tuberculosis, and coronary heart disease
may occur in a large number of stages.
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In social and behavioral science applications, discrete-time survival analysis is often more
natural where time is likely to be measured discretely. Such data are better handled by
the discrete time models (Commenges, 2002; Klein and Moeschberger, 2003; Sun, 2006).
Prentice and Gloeckler (1978) and Pierce er al. (1979) discussed the use of the grouped
proportional hazards model for the regression analysis of right censored data where life-
times are partitioned into intervals. Lawless (2003) suggested a flexible and convenient
method to analyze discrete time data using logistic regression. D’ Agostino ef al. (1990)
proposed pooled logistic model to analyze discrete time data. By pooling the observa-
tions over multiple intervals into a single sample, logistic regression is employed to relate
the risk factors to the occurrence of the event. The pooled logistic regression produced
similar results as the Cox model. Barnett ez al. (2009) provided practical accounts for the
use of multinomial logit model for discrete time data. Beyersmann ef al. (2012) suggested
additional refinement for varying baseline risk for that model. However, this model is not
extended for prediction for the competing risks for discrete time data under multi-state
modeling framework. The motivation for this model stems from the need for generaliza-
tion of competing risks models at different stages for discrete time data and prediction
of future events. This can be achieved by extending the regressive model (Bonney, 1986,
1987) for prediction of disease status proposed by Islam and Chowdhury (2010) for multi-
nomial and ordinal outcomes. This formulation can easily handle a large number of states
emerging from different follow-ups from longitudinal data. Here, the difference is in
the formulation of models based on multiple outcomes at various stages starting from an
initial state.

Following Data sets are examples of longitudinal, cohort or panel studies and are based
on biological and health sciences that represent specific data analysis challenges.

1.1.1 Data set I: Bone Marrow Transplantation (BMT) data

Complete data set is presented in the book by Klein and Moeschberger (2003), also, freely
available in the ‘mstate’ package in R. The study consists of transplant patients from four
hospitals in the USA, conducted from 1 March 1984 to 30 June 1989. A total of 137
patients went through transplantation. The maximum follow-up was seven years with 42
patients who relapsed and 41 who died in remission. Both pre and post transplant risk
factors were recorded for patients, for example, recipient and donor sex and age, waiting
time from diagnosis to transplantation and GVHD status. Researchers are interested in
answering various questions from this data. Questions like following few are unanswered
due to the complexity of the existing methods or unavailability of proper models.

(1) what is the probability of survival at some point after transplantation of a patient
who is in remission;

(2) what is the probability of relapse whose platelet has not yet recovered;
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(3) what is the probability of survival past two years for a patient who has first GVHD
then platelet recovery after transplant.

1.1.2 Data set II: Maternal morbidity data

This data set comes from a prospective study on maternal morbidity in Bangladesh con-
ducted by the Bangladesh Institute of Research for Promotion of Essential & Reproduc-
tive Health and Technologies (BIRPERHT), during November 1992 to December 1993
(Akhter er al., 1996). A total of 1020 pregnant women was followed during the antenatal,
delivery and postnatal stages.The occurrence of different types of complications, for ex-
ample, excessive haemorrhage or fits/convulsion during pregnancy were recorded. Age,
age at marriage, whether regular visits to a doctor for check-ups, planned index pregnancy
are some of the risk factors. The health of a woman during pregnancy or childbirth has an
impact on the health and development of the next generation and well-being of the family
both economically and socially. Another consequence after delivery is that, there may
be severe obstetric complication, including excess mortality and mental health problems
(Filippi et al., 2007). Therefore, clinician’s and researcher’s are interested in finding the
answer to different questions. For some questions it is not be possible to find answer due
to the unavailability of proper methods, for example,

(1) what is the impact of selected risk factors on the occurrence of complications during
the three stages;

(2) Are the hazard rate for different stages differ;

(3) what is the probability of delivery complication for a woman with or without any
antenatal.

1.1.3 Data set III: Health and Retirement Study (HRS) data

The Health and Retirement Study (HRS) is a panel study on retirement and health among
the elderly born between 1931 and 1941 in the United States (HRS, 2014). This study
was conducted by the University of Michigan and supported by the National Institute of
Aging (NIA) and the Social Security Administration (SSA). In the HRS, the first wave of
data is collected in 1992, which includes 12,652 individuals over age 50 and their spouses
at two years apart. So far twelve waves of data are available. This survey collected
data on demographics, income, assets, employment, and the outcome variables are health
status (e.g., depression, self-reported health condition), chronic conditions (e.g., diabetes,
stroke, heart, cancer, etc.), and health care service utilization. Details can be found at the
HRS website (http://hrsonline.isr.umich.edu/). The special characteristics of HRS data
are that the event time is discrete with a large number of follow-ups. There is a growing
interest to predict the risk of a sequence of events from this type of data, and methods
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are either unavailable or cannot handle large number of repeated outcomes. From this
Data set following are some questions of interest that may not be answered in the existing
methods:

(1) what is the risk of different diseases at various follow-ups or stages;
(2) what is the effect of selected variables effect on different transitions;

(3) what is the predicted risk of a sequence of events with covariate values and history.

1.2 Objectives

My doctoral research will focus on developing a simple framework for risk prediction of
a sequence of events with specified covariate vector for both continuous and discrete time
data. The proposed framework is expected to perform better than the existing methods
and will be useful in answering questions of interest like the ones raises for the example
Data sets in the previous section. Following are the specific objectives of the research:

(1) Devlop statistical model using multistage modeling framework to simplify the ex-
isting method for risk prediction for a sequence of events for continuous time data.

(2) Propose regressive models for multinomial and ordinal outcomes to predict the joint
probability of a sequence of events at different stages for discrete time data.

(3) Use marginal and regressive models to obtain the joint probability of multinomial
and ordinal outcomes by linking marginal and conditional probabilities.

(4) Propose test of independence for repeated outcomes and test for goodness-of-fit for
the joint model.

(5) Conduct simulation studies to check the proposed model’s performance.
(6) Illustrate the proposed models using real-life data described previously.

Rest of the chapters of the thesis are organized as follows. In chapter 2, a framework
using the multistage model for risk prediction of a sequence of events for continuous time
data is proposed. Chapter 3, describe the proposed regressive models for risk prediction
of a sequence of multinomial outcomes from repeated measures for discrete time data.
Test of independence and goodness-of-fit of a joint model for multinomial outcomes from
discrete time data is proposed in Chapter 4. In chapter 5, regressive models for ordinal
outcomes from repeated measures, for risk prediction of a sequence of events are pro-
posed extending proportional odds, partial proportional odds and multinomial regression
models. Chapter six, covers general conclusions and possible future research directions.
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Chapter 2

Risks Prediction of Sequence of Events:
Multistage Proportional Hazards Model

2.1 Introduction

In recent years, there is a growing interest to analyze the sequence of events that occurs
over time. The occurrence of events and covariate information on each individual are
collected at several time points. For example, the occurrence of maternal complications
during the three stages of the childbearing process, namely, the antenatal, delivery and
postnatal stages produce a sequence of events (Islam ef al., 2004; Islam and Chowdhury,
2017). If more than one complications are of concern, then it is the problem of compet-
ing risk. For example, after bone marrow transplantation, patients are subject to several
competing risk, including the platelet recovery, relapse of leukemia, acute graft versus
host disease (GVHD), or death, so that experience of such events may prevent the occur-
rence of the event of interest, or vice versa (Klein er al., 1994). Analysis of these types
of data involves the problems of censoring and repeated observations. Multi-state models
are the most common statistical technique to describe the occurrence of these sequence
of events or disease progression longitudinally (Hougaard, 1999). This is the model for
a continuous time stochastic process that describes the movement of individuals among a
finite number of states (e.g., healthy, disease, death, etc.). Once an individual moves from
one state to another, then it is a transition, or an event occurs. In practice, it is often as-
sumed that multi-state model follows Markov property though this assumption should be
checked. To assess the covariates effect on each transition the Cox proportional hazards
model is usually used (Cox, 1972).

Gail (1975) reviewed the actuarial model of competing risk and introduced notations
to define competing risk models and independence assumption of competing risk. Holt
(1978) illustrated the use of time dependent covariates along with the generalization of the
Cox model to cause-specific hazard functions. Prentice er al. (1978) focused on the anal-
ysis of failure time in the presence of competing risk and interrelations among competing
events and estimation of hazard rates after the elimination of causes. Farewell (1979)
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Chapter 2. Risks Prediction of Sequence of Events: Multistage Proportional Hazards Model 6

discussed the use of the Cox proportional hazard model to study multiple infections fol-
lowing bone marrow transplantation for patients with aplastic anemia and leukemia. Kay
(1982) proposed an extension of the proportional hazards model for some transient dis-
ease states between the initial state and death along with possible competing causes of
death. Islam (1994) extended the Kay’s model to several transitions, reverse transitions,
and repeated transitions and proposed a method for testing the equality of parameters for
transitions and repeated transitions. Hougaard (1999) presented general discussions about
multi-state models including various state structure and related assumptions. The role of
different time scales and assumptions used in the multi-state model discussed elsewhere
(Commenges, 1999; Putter et al., 2007; Meira-Machado et al., 2009). Andersen and
Perme (2008) provides a review of methods for analyzing data from patients with bone
marrow transplantation. In the presence of competing risk, Andersen (2002) suggested
using cause-specific hazards model as a starting augmented by other available methods,
e.g., sub-distribution hazards proposed by Fine and Gray (1999).

In the estimation of cause-specific hazard model competing events are considered as cen-
sored, in addition to existing lost to follow-ups, withdrawal or censored cases, assuming
independent censoring. This is a hypothetical situation where a competing event is impos-
sible to occur for a subject, where the competing cause is eliminated from the population.
For correct estimation, the cause-specific hazard approach requires the strong assump-
tion of independence among competing events, which is unverifiable (Kalbfleisch and
Prentice, 1980, p .250). Non-independence might produce biased parameter estimates in
survival analysis hence misleading conclusions (Kleinbaum and Klein, 2012). The cu-
mulative incidence function (CIF) also called ‘crude cumulative incidence function’ or
‘sub-distribution function’ is another summary measure which extends survival function
for competing risk. No assumption of the independence of the competing risk is needed.
Overall survival is computed by combining survival from all competing events. The cu-
mulative incidence function estimates the probability that the event of interest occurs
before time ¢ and that it happens before any of the competing events. It is the estimate of
the probability of the event of interest in the real world where any of the competing events
can occur for a subject (Klein and Moeschberger, 2003). In the presence of the compet-
ing risk, the CIF provides a marginal probability of an event (Kalbfleisch and Prentice,
1980). Plots of hazard or survival from cumulative incidence function, cause- specific
hazard function, and Kaplan-Meier estimate against time provide some insight about the
dependency in the competing risk.

The CIF is extensively used in the calculation of prediction probabilities in the multi-state
models. The effect of one or two binary risk factors can be assessed by estimating cumula-
tive curve non-parametrically and testing whether the curves differ by risk factor category.
Gray (1988) developed a log-rank type test to compare two or more Cumulative Incidence
Curves (CICs) without covariates adjustment for one or two binary covariates vectors.
Fine and Gray (1999) proposed a methodology to regress covariate effects directly on the

Dhaka University Institutional Repository


Anis
Typewritten text
Dhaka University Institutional Repository


Chapter 2. Risks Prediction of Sequence of Events: Multistage Proportional Hazards Model 7

cumulative incidence function. In analogy with the relation between hazard and survival
function, they defined a sub-distribution hazard. Fine and Gray (1999) imposed a pro-
portional hazards assumption on the sub-distribution hazards. This method differs in the
risk set compared to the cause-specific hazard. For the sub-distribution hazard, failure of
a subject from the competing events remain in the risk set forever. The failure time of
all subjects from the competing events is replaced by the which is larger than the highest
observed event time in the data set. Putter ef al. (2007) conducted a goodness-of-fit test
by comparing the predicted cumulative incidence curve of the regression model with the
non-parametric regression curve to the subset of a covariates.

There is a growing interest in using multi-state model for the clinical prognosis of a patient
at a pre-specified time given the event history and the covariate values. This predicted risk
or the transition probability is the probability of an individual of moving from one state to
another state. The transition probability estimates the risk for a future event to a specified
time for a subject who is event free at time 0. The probability of an event at time u is
estimated. Hence, this transition probability is the probability for an interval. Klein er al.
(1994) first presented the calculation of the transition probability in terms of hazards for
the transition from the multi-state model by appropriately combining baseline hazards
and regression coefficients based on the work of Arjas and Eerola (1993). Dabrowska
et al. (1994) discussed the estimation and prediction of the realization of a process for a
new subject in a Markov renewal model and used the Cox model to estimate transition
hazards. More recently, Putter ef al. (2006) reanalyzed the data arising from a study by
the European Organization for Research and Treatment of Cancer, using the multi-state
model to predict the risk of future events. In another study, Putter ez al. (2007) presented a
comprehensive illustration of prediction of probability of events based on the multi-state
model. Aalen er al. (2008) noted that this predicted probability is a reasonable estimate
of the transition probability. Meira-Machado ef al. (2009) reviewed modeling approaches
for multi-state models and available software.

Due to the complexity involved in using multi-state model along with related software,
it’s application is still limited. A key challenge is the simplification and generalization of
the existing method for prediction for the large number of events that occurs at different
stages. For example, uncontrolled diabetes can lead to nephropathy, diabetic retinopathy,
pulmonary tuberculosis, and coronary heart disease among others that may occur in sev-
eral stages. The existing framework for prediction involves multiple complex integrals
and needs special computer skills to use multistate models for prediction. Generaliza-
tion of these models for large number of stages becomes complicated and even difficult
to handle as one has to derive separate prediction integrals for different trajectories. An-
other problem with some existing software those use same duration of time for events in
a trajectory to ease the probability calculations that may not be appropriate for all types
of problems. For example, in case of the maternal complications, the end point time for
antenatal and delivery periods are more or less fixed, whereas for the postnatal period, it
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Chapter 2. Risks Prediction of Sequence of Events: Multistage Proportional Hazards Model 8

could be much longer. Making the same duration for all these periods would be inappro-
priate as the total time for the antenatal and delivery periods would be unrealistic. Also,
use of existing softwares need to define transition matrix as the first step among others. It
would be problematic for maternal morbidity example as events (or-nonevent) in a stage
are stratified depending on both events and non-event in previous stages.

The progression in a disease process may involve occurrence of a series of events over
time. It is of great interest to predict the disease status at different stages and endpoints.
In predicting the disease process, we need to link the likely transitions at different stages
of the process through potential trajectories. In the previous attempts, the events were not
considered in multistage framework and hence the underlying theory remained complex.
As aresult, the theories were demonstrated on the basis of specific problems. If the disease
process involves several stages till the endpoint, those theories cannot be generalized as a
simplified approach. This prediction procedure can be simplified and generalized for the
large number of stages in a multi-state model if events in a stage are stratified. This will
provide a better conditional model with application of Markov property. Also, probability
calculations can be simplified from multiple integrals to single integrals for joint events
risk prediction.

At this backdrop we proposed a simple framework for risk prediction of sequence of
events using marginal and conditional models based on the work of Islam ef al. (2004) and
Islam and Chowdhury (2017). A general form of integral for risk prediction of a sequence
of events is developed for (i) different types of trajectories and (ii) any segment of a
trajectory along with the generalization to any number of stages. Section 2.2, focuses on
the multistate models for prediction using existing framework. In section 2.3, we present
the proposed method. Results using proposed method and comparison with the existing
method are illustrated using ‘European Group for Blood and Marrow Transplantation’
(EBMT) data in Section 2.4. The second example from Maternal Morbidity data are
presented in Section 2.5. Finally, conclusions are presented in Section 2.6.

2.2 Existing framework of multi-state models for risk prediction

In this section, the multi-state model is reviewed with the following state structure (Fig-
ure 2.1) for risk prediction proposed by Putter er al. (2006). Five states in Figure 1 are:
1) event free and alive after surgery (State 0), i1) local recurrence only and alive (State 1),
1ii) distant metastasis only and alive (State 2), iv) both local recurrence and distant metas-
tasis and alive (State 3) and v) the absorbing state death (State 4). This study used ’clock
reset’ approach (i.e., time start from zero once an individual moves to a new state). The
Cox proportional hazards model is employed to evaluate the covariates effect on transition
hazards i — j. The hazard function for a subject with covariates vector Z for transition

Dhaka University Institutional Repository


Anis
Typewritten text
Dhaka University Institutional Repository


Chapter 2. Risks Prediction of Sequence of Events: Multistage Proportional Hazards Model 9

State 1
Local recurrence (R)

AN
State 3

State 0 State 4

Local recurrence &
Surger ; . Death (D
gery distant metastasis (D)

N

State 2
Distant metastasis(M)

FIGURE 2.1: State structure of multi-state model used by Putter et al. (2006).

i — j is defined as
Aij(t) = Aijo(t)exp(Bi;Z), 2.1)

where A;j0() is the baseline hazard for transition i — j, B;; is the vector of regression
coefficients and time ¢ refers to time from entering state i, not from the begining of the
study. Therefore, ¢ should be understood as a different variable for each transition. Using
the notation from Andersen et al. (1991) above hazard function can be re-written as:

Aij(t) = Aijo(t)exp(B' Z;;), (2.2)

where Z;; is a vector of covariates specific to the transition i — j, with Z;; denoting
vector of covariates of subject k, estimates B and A, j,0 can be obtained by maximizing
generalized Cox partial likelihood.

Klein et al. (1994) defined notations for patient history and is used by Putter ez al. (2006),
where H; ., (1) denotes the event history of a subject who is at state i at time t after surgery,
and, if appropriate, has experienced a local recurrence at time r and/or distant metastasis
at time m. For example, Hj ., (f) represents the history that a patient had both a local
recurrence at time r and a distant metastasis at time m and is still alive at time t. The local
recurrence and/or distant metastasis can occur in any order. The probability that a subject
who is in state 3 at time t after surgery, will make a transition to state 4 at time u (u > 1),
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Chapter 2. Risks Prediction of Sequence of Events: Multistage Proportional Hazards Model 10

1s given as

73 o (11:1) = P(D < u | H3 (1))

u—max ( s
- 34,r,m(S)€xp l—/ /“L34,rm(v)dv ds
t—max (r,m) t—max (r,m)
u—max
—/ . 134,r,m(8)534,rm(S)dS/S34,rm(t—max(i’,m))
x(

_ S3am (t — max(r,m)) — 834, ym(u — max(r,m))
N S34.rm(t — max(r,m))

S34.rm(u —max(r,m))

S34,5m(t —max(r,m))

—1—

(2.3)

This is the conditional probability of death at time u for a subject who was at risk at
time t after experiencing both local recurrence and distant metastasis. The probability
that this subject is still alive is, 73 (u,t) = 1 — 73, (u,1). Note that, in the left hand
side of the equation (2.3), ¢ is the lower limit and u is the upper limit of the integral.
All time variables ¢, r, m and u in the integral are measured from the begining of the
study (i.e., surgery). Here, {r — max(r,m)} = [ is the length of time for a subject since
entered into state 3 who was at risk before making a transition 3—4. Similarly, {u —
max(r,m)} = I’ gives the length of the time for a subject since entered into state 3 up
to time u, to where the prediction for death is made with the length of interval for the
prediction {u — max(r,m)} — {t — max(r,m)} = 1”. It may be noted that time ¢ defined
in the hazards model in equation (2.1) refers time since entry into a state not from the
beginning of the study.

The time scale for the above equation for selected transitions are displayed in the Fig-
ure 2.2. Line number 1 in the figure gives the time max (r,m) = m where a local recurrence
occurred first at time r then a distant metastasis at time m. Therefore, time ¢ as defined in
equation (2.1) starts from distant metastasis time m (since entry into state 3, i.e., clock is
reset) and {r —max(r,m)} = [ is the length of time at risk at state 3 that always starts from
zero. Line 2 in the the figure explains the length {u — max(r,m)} = I’ up to prediction
time u starting from m. Line line 3 shows the starting time of prediction interval and it’s
length [” used in the equation (2.3). Line number 4 shows the scenario when probability
of death is predicted since entry into a state up to u (u > r) for the interval [0 — u] with the
length of the interval I’/ = u — t. In this case the prediction time coincides with either 'r’
or 'm’. In the figure, time t measured from the time as soon as distant metastasis occurs.
In this case, t = max(r,m) = m and then t — max(r,m) =t —t = 0. If distant metastasis
occurs first at time m and next local recurrence at time r, then ¢t = max(r,m) = r and
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Line # . +———— Time() ——»
A v
i I =t—max(r,m).
—>
1 .......‘....‘....‘.y______>:__> Here, max(r’m) — m.
r m' t
i I”=u—max(r,m).
2 -~~->------=:‘ > >
r m t u

1" ={u —max(r,m)} — {t —max(r,m)}.

3 R = > >
r m t u
3 1" = {u—max(r,m)} — {t —max(r,m)} = {u—t}.
4 I i >:‘ > Here, max(r, m) =m=t.
r mat u
A Surgery ¢ Here, time starts at 0, since entry into a state clock is reset.

(beginning of the study)

FIGURE 2.2: Time-scale for multi-state model.

t— max(r,m) = 0, then equation (2.3) can be written as

u—t N
73 o (Us1) :/0 A3arm(s)exp [—/0 7L34,rm(v)dv] ds

l/// s

= A3arm(s)exp {—/ 134,rm(v)dv} ds
0 0
u—t

= [ Aasaan(8)S24,m(5)ds = S(0) = Saam(u—1)

=1 —S34,rm(u —l), (2.4)

where, S34.m(¢) = 1, since t = r = 0 and u — ¢ is the length of the interval for which the

prediction is made and 73, (u,1) = 1 — 7§, (u,1) = S34,m(u—1) is the probability of

staying in state 3.

Consider a patient only with the local recurrence at time » and alive without distant metas-
tasis at time ¢ [Hy (1) = {R =r,M >1t,D > t}]. With this history, four mutually exclusive
transitions may occur through different paths. For example, the conditional probability,
given that a subject is in state 1 at time ¢, and has arrived there at time r, with = r will

visit state 3 before or at time u is
7r13’,(u,t) =PM <u,D>u|H (1))

= /t Mz (m—r)exp [—/t {Asr(s—r)+Aa,(s—r)}ds
X 703, (1, m) dm

= / M (m—r) s (u,m) Sy ,(m—r,t —r)dm, (2.5)
t
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where,

1m0 = exp [~ "Rz, () + A, () o] = S2S15:m) g

703, m (u,m) is the probability of staying in state 3.

The conditional probability, given that a subject is in state 1 at time ¢, and has arrived
there at time r, with ¢ = r, first will visit state 3 then state 4 before or at time u is

mi(ut) =P(M <D <u|H,(t))
= /t “13,:(m)exp {—/t {M3,0(5) + Aiay(s) Yds| 73, (u,m) dm

= / Mz (m—r) 73 (u,m) Sy (m—ryt —r) dm. (2.6)
t

Following this approach, derivation for 7[5 34 (u,1) will be complicated as three transitions
are involved. This notational complexity arises as two transitions (I — 3 & 2 — 3) were
made into the same state (i.e., non-progressive state structure). The generalized Cox
partial likelihood function based on this approach for the example in Figure 1 is

T
exp(B” Zijx)
L(B) = ©_ @)
lra(lt;!ion kl;ll Y exp (ﬁ TZij,l)
=] dij,k:1 lERi(tij’k)

where 7 is the failure or censoring time of individual & for transition i — j and R;(r)
is the risk set of state i at time ¢ (since entry at state i). Same time variable ¢ is used for
both integral and in equation (2.1). With this approach, it will be difficult to derive and
handle necessary integrals for a large number of stages, for example, the case of diabetes
complications given in the introduction section.

2.3 Proposed method

I[slam et al. (2004) and Islam and Chowdhury (2017) proposed a multistage model for
analyzing potential risk factors associated with complications at different stages of child-
bearing process and interrelationships among the incidence of complications during these
stages. At the beginning of the study, individuals are event free. Events in stage two on-
wards are conditional on the occurrence of events (or non events) at previous stages. The
time of an event in a stage starts from 0, i.e., ’clock reset’ approach. Model with this state
structure is a progressive multi-state model. Proportional hazards model is used to assess
the impact of covariates on each transition. The proposed method of risk prediction is
an extension of [slam ef al. (2004) and Islam and Chowdhury (2017) model by extend-
ing hazard, survival, density function and predicting risk of a sequence of events for the
required time interval.
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The multi-state models in Figure 2.1 is re-structured and shown in Figure 2.3, where
events at stage two and onwards are stratified on the occurrence of the events in previous
stages. The events are local recurrence (State 1), distant metastasis (State 2), both local
recurrence and distant metastasis (State 3), death (State 4) and study begins after surgery
(State 0). Here, all the events that occurred for the first time are in stage 1. After having
first event, any second event following that is in stage 2. Similarly, events in stage 3 are
conditional on all events from stage 2 and stage 1. Hence, this is an effective stratification
on the outcomes at different stages. In Figure 2.3, there are six trajectories, for example,
0 — 1 — 2 — 4 is the first trajectory with state 0 as the beginning of the study and state
4 as the endpoint. Part of the above trajectory 0 — 1 — 2 is termed as the segment of a
trajectory, i.e., transition from state O to state 1 and to state 2 and being in the same state
without any further transition to state 4. The Markov assumption, in particular the Markov
process (continuous time) is assumed for this multi-state model which should be checked
from the data. If in a stage, there are two or more events then it is a competing risk. This
multi-stage model can be viewed as series of models which are nested in previous stages.

Consider a group of event free individuals can make transitions from the beginning of the
study i (i =0) to state j (j =0,1,---,J) in stage one to state k (k =0, 1,---,K) in stage
two and to state [ (I =0,1,---,L) in stage three, m (m = 1,2,3) denotes the stages, with
i,j,k,l = 0 indicates non-eventand j =1,---,J; K=1,---,K; [ = 1,---,L indicate the
events. Let us denote Zy, j(t) for the regression vector for those who make transitions
from state k at (m — 1)th stage to state [ at mth stage for given state j at stage m — 2 and
B x|; as the corresponding regression coefficients. Here 7 refers to a specific transition
time (7;;) in any stage. The hazard function for transition k — [ can be defined as follows:

A’kl\j(l;z) = %,kl\j(l)ezk"j(t)ﬁkl‘j (2.8)

where Ay;(#;z) is the hazard for a transition from a state k within a stage to state [
in the next stage and Ay j(t;z) is the corresponding baseline hazard. The vector of
regression coefficients corresponding to the covariate vector Zy;(t) is By ; and Z(t) =
(Z,(t),Z5(t),....Zy(1)]). Similarly, A;;(;z) refers particular transition during stage 1 and
Al i(2;z) refers particular transition during stage 2. For simplicity, we will use Z instead
of Z(t) and A4;(¢) for Ay ;(#;2) henceforth. Also, let B, ; is the vector of the estimated

I‘GgI'CSSiOIl parameters.

The subscript k/ | j of A j(t) identifies a specific transition. Also, it identifies the history
of all states visited before making a transition to a state in next stage and the order of
the state visited before. This history also identifies the corresponding conditional models.
For example, 4,5/ (¢) is the hazards of transition to state 2 in stage 3 from state 1 in stage
2. Time Tj; for a transition in a stage starts from O as soon as an event takes place. The
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generalized Cox partial likelihood function for transition kK — [/ can be shown as:

n o exp(ByZuljr)
L(By) = L= , (2.9)
Kl tranl;tlionsr:ITl Y exp(Buja)
lER; (fkl|j,r)

where 8 Kl|j is the vector of regression coefficients Zy;, ;, the ordered transitions are #z; ;| <
f)j2 < - <Iy|jn 0 1s the number of transition from k to / in a particular stage and R is the
risk set. The censoring indicator dy; , = 1 if an individual r has an event for any transition,
0 otherwise.

Following notations are defined for cumulative hazard function, the survival function, the
density function and cumulative distribution function for the random variable 7;; as

t
Agy(t) :/0 A (t) dt, Sy j(t) = e M), Jia)j () = Ay () Sia 5 (2)
and Fkl|j(t) = 1_Skl\j(t)- (2.10)

Similarly, for stage one and stage two we can define the same quantities as below:

t
Aij(t) = /0 Kij(t)de, Sij(t) = e MO, fi(e) = A;(1)S;;(t), and
t
Fij(t) =1=Sij(t). Ajplt) = /Oljkli(t)dt’ Siwi(t) = e P,

Fini(t) = Aji(2)Sjxi(t) and Fjpi(t) = 1 =8 j(2).

2.3.1 Predicted Risk (Transition probability)

The transition probability or the predicted risk is the probability of an event or sequence
of events of interest within an interval. For homogeneous Markov process (i.e., transition
to next state depends only on current state not on the arrival time to current state), the
probability calculations depend on the length of the time interval (Beyersmann et al.,
2012, pp. 30). To derive equations to calculate this probability, for simplicity, consider
two transitions from the first trajectory of Figure 2.3 as shown below:

State 0 State 1 State 4
Surgery Aoi1() | Localrecurrence | 2 ao(t2) Death

We consider the first transition as the local recurrence from surgery and the second tran-
sition as death from the local recurrence. Let 77 (0 < 77 < t;1) be the time for transition to
the local recurrence from surgery and 7; (0 < 7, < t») be the time to death measured from
the local recurrence. Thus 7' = T; + 75 is the total time till death starting from surgery,
where 77 = t; is the time for the local recurrence and 75> = #; is the time to death since the
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time of the local recurrence. Since, T, = T — T there is an inbuilt dependence between
T and T, through the fixed value of T.

Denote fy(1) as the density function of Tj for the local recurrence and fi4)o(2 | #1) as
the density function of 7, for the second event (death) given the first event at ¢;. Here, 7>
is the time for occurrence of the second event since the occurrence of the first event. Since
T is non-negative continuous random variable, the transition probability is obtained by
integrating the corresponding density function on the required interval. We add up the
"point probabilities" by integrating the density, fx (x), to obtain cumulative probability.
The probability of the local recurrence by a given time 77 = ¢#; starting from surgery is
obtained using the following integral:

S1

Qo1(t1) = 7 (0,11) = /)L()I(Sl)exp —/Ml(vl)dv1 dsi
0

0

:/f01(s1)ds1. (2-11)
0

The notation 77,'6 (0,11) is used by Putter ez al. (2006). This is the transition probability
of the local recurrence for the interval [0,7;]. It is also cumulative incidence of local
recurrence as time started from 0. It may be of interest to predict probability for the
interval [uy,t1], u; < t;, which is obtained using the following integral:

n S1
Qo1 (u1,11) = my (ug,11) = /M1(S1)€xp —/Ml(vl)dv1 ds

= /AOI(S1)So1(51)d31/801(”1)

uj

- Sm;ul) 0/301(5/1)501(51)‘13/1 _0/201(4)501(%)(14
_ FOl(tl) _FOI(MI) _ SOI(Ml) _SOI(ll)
Sot (”1) So1 (ul)

=1-—2Sp (tl)/S()l (ul), since Sp1 (l‘l) =1-Fy (1‘1).

The conditional probability of the second event given the first event occurred at a given
time for an interval can be obtained by integrating the conditional density function. In
the following conditional pdf, #; is any given value for which the corresponding marginal
probability can be obtained. In this way, the probability of different values of 75 can be
estimated given the knowledge that first event is observed at 71 = #;. The conditional
probability of death by time #, (measured from the time of local recurrence) given that the
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local recurrence has occurred at time #; is obtained using the following integral:

15}
Qup(tz |11) =7 (0,2) =P(h <t | T1 = 11) = /f14|o(52 | t1)ds. (2.12)
0

Here, the time ¢#; is the history of local recurrence given at time #;. Note that the integral
is taken from O to #, which is the time since local recurrence.

The probability of both events [Q14(t1,5) = P(Ty <t;,T> < )] i.e., the local recurrence
at time 77 = #; and death by time 7, = t, where T = T; + T can be obtained using the
relation of the conditional marginal and joint probability (Moreira and Meira-Machado,
2012). The probability of both events for an interval (0 to 7) can be obtained as follows:

Qua(t1.2) = P(T1 <11, Ty < 1) = Qo1 (11) Qrapo(t2 | 11) = 75 (0.11) ] (t1.12),
Pxy (x,y)

since, PY‘X(Y <yl|X=x)= Pe(x)

(2.13)
where Q14|0(t2 | #1) is the conditional probability for the second event for the subset of
Ty = t; among those with the first event. Q(#1) is the probability of the first event for
the interval [0,71]. This fixed value could be thought as the length of the interval for the
first event. Time #; is an arbitrary value for which prediction can be made. Using the
above equation, it is possible to predict the probability of the both events for any values
of ) =tjand T, = 1.

Alternatively, the probability of both events i.e., the local recurrence at time 77 and death
by time 7 where T = T; + T> can be expressed as the probability of occurrence of the first
event at time 77 = ¢ and the second event by time 7" = ¢ using the following integral:

3]

t
ng“(zl,r)=//f01(s1)f14|0(sysl)dsdsl. (2.14)

0

Now, let T, = T —t, for given value of 71 = t;. Then the equation (2.14) can be shown as
follows:

n n 1

o (11.1) = //f01(S1)f14|0(S2 | 1) dsads) = /fo1(S1)dS1><
00 0

/f14|0(52 ‘ t1)dS2 = 71'6 (O,Z‘])TE?(O,Q) = Q14(t1,t2). (2.15)
0

Here % (#1,t) is the probability for both events for the interval [0,¢] with the local recur-
rence at time 77 = #; and death by time 7 = ¢. Equation (2.15) can easily be generalized
to more than two stages. We can generalize (2.15) for trajectory with three stages using
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the relationship shown in equation (2.13) as follows:

Q123(t1,12,13) = Qo1(t1) Q12)0(t2 | 1) Q3101 (13 | 12,11).

Further generalization for m stages is quite straightforward. For example, the predicted
risk for a trajectory, i.e., for a sequence of events from beginning to the endpoint can be
shown as follows:

0123..L(t1,12,83, oo tm) = Qo1 (t1) Q1o (12 | 1) Qa3j01 (13 | 12,11), (2.16)
---aQKL|O,1,-~-,J(tm | tm—1,--,t1). 2.17)

We may need to predict the risk of a segment of a trajectory, i.e., transition from one state
to another state and being in the same state without any further transition. For instance,
predicted probability from surgery to local recurrence and being alive, could be estimated
as:

Qo1 (1) X [1=Quagjo(t2 [ 11)] = Qo1 (t1) X Sygo(t2 | 11). (2.18)

First part of the above equation is the predicted probability to move to local recurrence
after surgery. Then the subject should be alive, so multiplication by the probability of
surviving from death. The predicted risk for a segment of a trajectory as shown in equation
(2.18) readily generalizes for several stages.

To compute these prediction probabilities using multistage model following steps are
used. First, estimate of the regression coefficient B for each transition is obtained by
fitting the Cox regression model. Proportional hazard assumption should be checked for
each variable. Next, cumulative baseline hazard AO is obtained for each transition. Using
this estimate the cumulative hazard for a patient with specified covariate vector (Z*) can
be obtained. For example, for the first transition the cumulative hazard for a subject with
covariate vector (Z*) is A(r) = Ag(t)exp( BTZ*). Let 7; denote the event time-points for
11 for which d A (1;) = A (t;) — Ay (r;—) > 0. This is the estimator of the hazard function
o1 (t1). Then using these estimates the density function is estimated for each transition.
The estimator of the prediction probabilities are obtained by replacing each integral by a
sum and by replacing hazard and survival function by their estimated counterparts (Klein
et al., 1994; Klein and Moeschberger, 2003; Putter et al., 2006, 2007). For instance,
Qo1 (t1) in equation (2.11) is estimated by Qg (t1) = . Y Ao1(s1)8(s;—). Finally, us-
<515t

ing equations (2.11), (2.12) and (2.13) the required pr(Saldei::ltion probabilities are obtained.
Overall predicted probability of the event of interest through different trajectories can be
obtained by adding the probability of the event through each trajectory.
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2.4 Application: EBMT data

To demonstrate the proposed method, data on 2204 patients from the ‘European Group
for Blood and Marrow Transplantation’ (EBMT) collected between 1995 and 1998 are
used. This data set is available from the ‘mstate’ package. In the paper by Putter er al.
(2007) used the same data for the prediction using multi-state model. The computa-
tional details for clock reset method for this data set can be found in Putter (2011). The
state structure used for this multi-state model is presented in Figure 2.4. The transitions
are: Transplant (TX)—Platelet Recovery (PR), PR—Relapse or death and TX— Relapse
or death. Platelet recovery and relapse or death are competing events. Covariates used
are: disease subclassification (AML, ALL, CML); patient age at transplant (20, 20-40,
>40); donor-recipient gender match (No gender mismatch, Gender mismatch) and GvHD
prevention: T-celll depletion (No TCD, TCD), reader’s are referred to Putter (2011) for
details. Interest is on the risk prediction of relapse or death through two paths.

State 0 Aor (t1) State 1 Arajo(t2) State 2
Transplant Platelet recovery Relapse or death
(TX) (PR) (D)
% State 2
Relapse or death
(D)

FIGURE 2.4: Progressive multi-state model for EBMT data.

For comparison, prediction is made using five methods: (i) First, we estimated cumulative
baseline hazards using the model in the paper by Putter ef al. (2007) and predicted prob-
abilities using the 'mstate’ package as shown in Putter (2011). Both SAS and R package
mstate’ are used for estimation and predictions.

(1) SAS is used to fit the proposed model and cumulative hazards for all transitions are es-
timated by setting the covariates value to their reference value to demonstrate the method.
Estimated coefficients of cause-specific hazards for all three transitions are presented in
the upper panel of Table 2.1. Since Platelet recovery (PR) and Relapse or Death (D) in
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stage 1 are competing risk, cumulative incidence function (CIF) is estimated as follows:

3] S1

Qo1 (1) Z/%l(S1)€xp —/ {%1(\11)4-%2(\/1)}61\/1 dsy

0

Aol (s1)S (Sl )dsi, where

o\“ﬂ o

S(s1) / (Vl)} dvi
0
3
Qoz(%) = /%Q(S3)§(S3_)dS3 and
0
15}
O1p0(12) /112|0 s2)exp //112|0 va)dvy | ds;

tz
/112|0(32)S12|0(S2 )ds».
0

(i11) Kaplan-Meier (KM) method (Kaplan and Meier, 1958) is used to estimate the survival
and cumulative hazard function assuming independence between two competing risk. The
transition probability is estimated as follows:

Ohi(t) =Y Ao1(s1)S01(s7), Otn(t3) = 203 (53)S03(s3 ) and
s1:851 <ty §3:53<13
Q12|0 n)= Y 112|0 (52)81200(s5 )-
§2:857 <t

(iv) Again, Kaplan-Meier method is used to estimate the survival and cumulative hazard
function. However, cumulative incidence function (CIF) is estimated as follows

Z il‘o(sl)ﬁ(s ) anonz t3 Z ).()2 S3 ( )where

§1:81 <1 53:83<13

S(l‘) = §01(l‘) -I—SA()z(l‘).

(v) Finally, sub-distribution hazards were estimated by changing the time of competing
events higher than the event time in the study (Fine and Gray, 1999) and the estimates are
presented in the lower panel of Table 2.1.

Disease classification, age at transplantation and GvHD prevention is found to be signif-
icant (p < 0.05) for transition 7X — PR as shown in Table 2.1. However, for transition
TX — Rel/Death age at transplantation and GvHD prevention is found to be significant
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TABLE 2.1: Parameter Estimates for different transitions using EBMT data.

Variables TX->PR TX->Rel/Death PR->Rel/Death

Coef. (SE) P Coef. (SE) P Coef. (SE) P

Cox proportional hazard models

Disease classification
AML
ALL -0.044 (0.078)  0.576 0.256 (0.135) 0.058  0.120 (0.148) 0.416
CML -0.297 (0.068)  0.0001 0.017 (0.108) 0.877  0.252(0.117)  0.031
Age at transplantation
< 20
20-40 -0.165 (0.079)  0.037 0.255 (0.151) 0.091 0.066 (0.153)  0.668
> 40 -0.090 (0.086)  0.299 0.526 (0.158) 0.001 0.582 (0.160)  0.0003
Donor-recipient
No gender mismatch
Gender mism. 0.046 (0.067) 0.492 -0.075(0.110) 0495  0.170 (0.115)  0.138
GvVHD prevention
No TCD
+TCD 0.429 (0.080) 0.0001 0.297 (0.150) 0.048  0.197 (0.126) 0.119

Fine and Gray models: sub-distribution hazard
Disease classification

AML

ALL -0.062 (0.078)  0.423 0.268 (0.135) 0.048
CML -0.274 (0.068)  0.000 0.273 (0.108) 0.012
Age at transplantation

< 20

20-40 -0.189 (0.079)  0.017 0.403 (0.150) 0.007
> 40 -0.130 (0.086)  0.133 0.587 (0.158) 0.000

Donor-recipient
No gender mismatch

Gender mism. 0.058 (0.067) 0.386 -0.098 (0.110) 0.374
GVHD prevention

No TCD

+ TCD 0.428 (0.080) 0.000 -0.226 (0.150)  0.131

(p < 0.05). For transition PR — Rel / Death disease classification, age at transplantation
is significant (p < 0.05). It should be noted that same multistate hazard model is used for
both proposed and Putter’s method. Estimates from Fine and Gray’s model for transition
TX — PR were similar with higher significant level.

Figure 2.5 presents the cumulative baseline hazards for all three transition using cause-
specific hazards model. Differing baseline hazard for transitions 7X — PR and TX —
Rel /Death justifies stratification. Predicted transition probabilities of trajectories and
segment of trajectories for different scenarios using estimates from all five methods are
plotted in the graphs. Predicted transition probabilities for TX — Rel / Death for different
time points is displayed in Figure 2.6. Predicted probabilities for proposed and Puter’s
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FIGURE 2.5: Cumulative baseline hazards FIGURE 2.6: Predicted probability of
for three transitions. TX—Rel/Death.

FIGURE 2.7: Predicted conditional proba- FIGURE 2.8: Predicted probability of
baility of PR—Rel/Death. trajectory TX—PR—Rel/Death.

approach coincides, the second line from bottom. The top line is based on the KM es-
timates assuming independence and the second line from the top is based on cumulative
incidence function considering survival from all competing events. This difference is be-
cause of dependencies among the competing events. However, the predicted risk is much
lower based on estimates from Fine and Gray approach. This is because 1159 cases from
competing event PR remains in the risk set forever, which decreases this predicted risk.

Figure 2.7 shows the conditional predicted risk of relapse or death given the platelet re-
covery. The bottom line of figure using proposed, Putter and Fine & Gray approach
coincides as expected, because of no competing events. The top line is based on KM
method assuming both independence and using CIF. However, this prediction is overesti-
mated based on KM hazards. Predicted risk of both platelet recovery and relapse or death
(TX—PR—Rel/Death) are presented in Figure 2.8. The third line from the bottom based
on proposed approach that very closely follows that of Putter (second line from bottom)
and the first line from the bottom based on Fine and Gray estimates. The first line from top
based on KM assuming independence and the second line using CIF those overestimates
the predicted risk for both events.

Figure 2.9 displays the overall death through both paths. The first line from the bottom

Dhaka University Institutional Repository


Anis
Typewritten text
Dhaka University Institutional Repository


Chapter 2. Risks Prediction of Sequence of Events: Multistage Proportional Hazards Model 23

FIGURE 2.9: Total predicted probability FIGURE 2.10: Predicted probability of
of Rel/Death through two paths. being in state TX.

based on Fine and Gray approach; the second line is the proposed one, and the third one
is using Putter’s approach. Prediction using KM estimates assuming independence (first
line from the top) are much higher as seen in the graph. The second line using CIF gives
a closer prediction, though higher than the proposed one. Fine and Gray shows lowest
predicted risks.

The predicted probability of being in state TX (0) is presented in Figure 2.10. Proposed
and Putters coincides third and second line from the top closely followed by an estimate
from KM assuming dependence, fourth line from the top. But using Fine and Gray’s
model predicted risks (first line from the top) are over estimated. Predicted risk using KM
assuming independence goes to negative teritory at the tail due to dependent competing
events. The predicted risk of having platelet recovery and being alive is shown in Fig-
ure 2.11. The proposed (top line) and Putters (second top) coincide and closely followed
by Fine and Gray (third from top). The reason is only 458 patients (TX-> Relapse or
Death) from competing events are considered as censored those remains in the risk set
forever. The last two line using KM method underestimate this probability.

Predicted transition probability of trajectory or segment of a trajectory using proposed
method either coincides to that using Putter’s method or follows very closely. The same
predicted risk using Fine and Gray’s method is also similar. However, estimate using KM
assuming independence overestimate the risk much higher rate compares to that from CIF.

2.4.1 Computational procedure

Steps involved in the computation of risk prediction are explained in this section. Ta-
bles 2.2, 2.3 and 2.4 provide examples of calculations based on the proposed method.
All computations are performed using SAS. Table 2.2 shows the first few event times for
three transitions and corresponding cumulative baseline hazards. Events for three transi-
tions occurred at different time points (Table 2.2). To make computations simple event

Dhaka University Institutional Repository


Anis
Typewritten text
Dhaka University Institutional Repository


Chapter 2. Risks Prediction of Sequence of Events: Multistage Proportional Hazards Model 24

Prediction probabilities
c
&
g

PLOT Proposed: - -~ Puter ——— Fa: - — kv—t - KM—D: TX—>PR

T T T T T T
o 1 2 3 4 5 6 7 8

Years Since Transplant

FIGURE 2.11: Predicted probability of being in state PR and being alive.

time points from all three transitions are combined considering unique time points (Ta-
ble 2.3). This table provides the corresponding cumulative baseline hazards and all other
quantities needed in the risk prediction, which is continued in Table 2.4. The time point
for which there is no event for a transition cumulative baseline hazard is repeated. Differ-
ence between two time points dA;(7;) = A{(71) — A{(71—) > 0 provides the estimates
of A(r) for a transition. Using this cumulative baseline hazard and hazard, the estimate
of the survival probability for each transition and overall survival S(¢) in the presence of
competing events and probability density function f () are obtained using the equations
shown earlier. Based on these quantities the prediction for a trajectory or segment is easily

computed.
TABLE 2.2: Cumulative baseline hazard using SAS for three transitions.

TX->PR TX->Rel/Death PR->Rel/Death
Time (7) A Time (7) AY) Time () A
1 0.00052777 1 0.00030470 5 0.00053859
3 0.00105609 4 0.00060974 10 0.00107757
7 0.00158576 6 0.00122040 12 0.00215679
9 0.00211674 7 0.00183162 14 0.00269708
10 0.00318014 8 0.00244385 17 0.00323805
11 0.00371233 9 0.00305655 20 0.00432073
12 0.00637587 11 0.00336354 21 0.00486320
13 0.01172665 12 0.00489959

13 0.00520808
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2.5 Maternal morbidity example

As a second example, the data on maternal morbidity is used to demonstrate the proposed
method of prediction. Two stages (stage 1 and stage 2) are considered. The antenatal
complications are: hemorrhage, edema, excessive vomiting, fits/convulsion; and deliv-
ery complications: excessive hemorrhage before or after delivery, retained placenta, ob-
structed labor, prolonged labor, other complications. Study sample comprises 993 preg-
nant women. Among them, 485 women were free from antenatal complications while
508 women suffered antenatal complications during stage 1. During stage 2 among 485
women, 364 women were free from delivery complications while 115 women suffered de-
livery complications. Out of 508 women with antenatal complications, 342 were compli-
cations free during delivery while 160 women suffered delivery complications. It should
be noted that there is no competing risk for this example.

To keep the illustration simple only four explanatory variables are considered for differ-
ent transitions, those are Z;: whether the index pregnancy was desired or not, Z,: age
at marriage (15 years or lower, more than 15 years), Z3: number of pregnancies prior to
the current pregnancy (0, 1+) and Z4: educational attainment of respondent (no educa-
tion, primary or higher). The estimate of regression parameters for three transitions are
presented in Table 2.5. Age at marriage with sixteen years or above decreases antenatal
complications (0 — 1), it is significant at ten percent level. Delivery complications given
that antenatal complication has occurred (0 — 1 — 1) is reduced significantly if the preg-
nancy is desired, i.e., planned. This transition rate is also significantly lower for women
with primary or higher education. Without antenatal complications, delivery complica-
tions (0 — 0 — 1) is lowered significantly for women with the experience of previous
pregnancies. Figure 2.12 displays the cumulative baseline hazards for transitions 0 — 1
and 0 — O (i.e., censoring distribution) in stage-1. Conditional on stage 1, the cumu-
lative baseline hazards for delivery complication for two transitions ( 0 — 1 — 1 and
0 — 0 — 1) in stage-2 are presented in Figure 2.13. It is evident from the figure that the
baseline hazards are different.

Predicted risk of antenatal, delivery and both complications together are estimated for a
woman without education with the value of Z; = Z, = Z3 = Z4 = 0 and for a woman
who has primary or higher education, i.e., Z; = Z, = Z3 = 0 and Z4 = 1. For example,
the predicted probability of antenatal complications by 2.61 months for a woman with
no education and a woman with primary or higher education are 0.003215 and 0.003376,
respectively. This is expected as education was not significant for the transition 0 — 1.
Similarly, the predicted conditional probability of delivery complications (0 — 1 — 1)
given that antenatal complications has occurred by time 2.85 months for women without
and with education are 0.959179 and 0.8435461, respectively. Which is expected as ed-
ucation affects this transition significantly. This predicted probability for different time
points are shown in figure 2.14.
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FIGURE 2.12: Baseline hazards of 0 — 1
transitions and 0 — Otransitions.

FIGURE 2.14: Predicted probability of
delivery complications given antenatal
complications.

“Time of Antental Complicatons (Monts)

FIGURE 2.13: Baseline hazards of 0 —
0 — 1and 0 — 1 — 1 transitions.

FIGURE 2.15: Predicted risk of both
complications (0 — 1 — 1) by education.

The predicted probability of both antenatal and delivery complications i.e., the probability

of both events are estimated next. The delivery complication by # = 9.5 month is fixed.

Then the time of antenatal complications is varied (4.16 < t; < 9.5) and using equation

(2.15) the joint probabilities are calculated for different values of #;. The predicted risks

of both antenatal and delivery complications for two categories of education are shown in

figure 2.15 and both the lines coincides. The influence of education in stage 2 (p<0.01)

disappear while predicting both events together. In the figure 2.16 the predicted risk of

both events by desired or undesired pregnancy are shown. The bottom line of this figure

displays antenatal complications for women with desired pregnancy, and this complica-

tion is lower than that of undesired one (the top line).
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Predicted risks of antenatal and delivery complications
o
e
3

Not desired ~ Desired

T T T T T T
4.00 5.00 6.00 7.00 8.00 9.00 10.00

Time (in months)

FIGURE 2.16: Predicted risk for antenatal and delivery complications for 0 — 1 — 1 transition by
desired pregnancy.

2.6 Conclusions

In this study, an alternative multistage procedure is developed in order to simplify the
transition models for the underlying trajectories for risk prediction. The proposed alter-
native provides the estimates for each stage in the process conditionally and the condi-
tional estimates is linked based on marginal-conditional models in order to provide the
joint probabilities needed for predicting the status of disease based on the potential risk
factors. This simplification will allow any number of intermediate stages without making
the theory complicated. As compared to the existing method (Putter:2006) the proposed
method provides a generalization that can be employed for any prediction model for any
sequence of occurrence of events longitudinally. It may be noted here that previous meth-
ods require problem-specific modeling and a generalization cannot be shown due to lack
of exposition of the probabilities of survival and failure over segments and linking the
probabilities in a general form to arrive at the risk prediction of trajectories. On the other
hand, the probabilities in segments as well as transitions to various states are expressed
coherently for trajectories in a general form for a sequence of events in the proposed
method using the multistage approach. Hence, the models for different transitions can be
handled conveniently without making the exposition difficult for estimation and test of
hypothesis.
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The proposed method of prediction is a new development using a series of events in con-
ditional setting arising from the beginning to the endpoint. This method used a marginal-
conditional approach to link the events occurring in the trajectory. The main improvement
of the proposed method is that it is simple, as a general form of integral is developed for
predicting the joint probability of a sequence of events from longitudinal studies for (i)
different types of trajectories and (i1) any segment of a trajectory along with the general-
ization to any number of stages. The timescale is easier to understand as it starts from zero
for each transition in a stage (clock-reset method). A simple method of risk prediction
from multi-state models for continuous time data is demanding. The proposed methods
can be applied in many field of studies such as epidemiology, public health, survival anal-
ysis, genetics, reliability, environmental studies, etc.
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TABLE 2.5: Estimates for three transitions from multi-state model.

Variables B S.E p-value HR
Antenatal complication: 0 — 1

Desired pregnancy -0.06277 0.09669 0.5162 0.939
Age at marriage -0.15935 0.09670 0.0994 0.853
Number of previous pregnancy  0.01528 0.10782 0.8873 1.015
Education 0.04893  0.09098 0.5907 1.050
Delivery complication after antenatal complication: 0 — 1 — 1
Desired pregnancy -0.46601 0.18861 0.0135 0.628
Age at marriage 0.10864 0.17543 0.5357 1.115
Number of previous pregnancy 0.13674 0.18933 0.4702 1.147
Education -0.54482 0.17047 0.0014 0.580
Delivery complication given no antenatal complication: 0 — 0 — 1
Desired pregnancy -0.13080 0.21838 0.5492 0.877
Age at marriage -0.26930 0.20024 0.1787 0.764
Number of previous pregnancy -0.61007 0.19948 0.0022 0.543
Education 0.32378 0.19371 0.0946 1.382

Model 2 (p-value, d.f.) 37.1 (0.0002,12)
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Chapter 3

Regressive Models for Risk Prediction
for a Sequence of Multinomial
Outcomes

3.1 Introduction

In longitudinal, cohort or panel studies repeated outcomes are observed along with various
risk factors on the same subjects. The outcome variables may be discrete or continuous.
If the outcome variables are categorical, either nominal or ordinal, then the sequence of
outcomes for each subject may produce outcomes that may follow multivariate binary
or multivariate multinomial distributions. For example, uncontrolled diabetes can lead
to nephropathy, diabetic retinopathy, pulmonary tuberculosis, and coronary heart disease
that may be observed longitudinally in a large number of follow-ups producing nomi-
nal outcomes. Activities of daily living (ADL) indices measure functional limitations
as ordinal outcomes. Repeated outcomes over time may produce a large number of tra-
jectories as transitions between states may occur at different follow-ups. A multinomial
outcome with three states from three follow-ups produces a total of twenty-seven trajecto-
ries (paths) as shown in Figure 3.1. A growing area of interest is to understand the disease
progression over time, predict risks of a sequence of events with risk factors and status
at previous outcomes (Wen et al., 2016; Islam and Chowdhury, 2010; Putter et al., 2006,
2007; Rothman, 2002; Klein et al., 1994). With the risk quantification of a sequence of
events, health care providers could screen individuals that would help them to suggest
necessary therapy and prevention (Tripepi et al., 2013). Risk prediction would also allow
a patient to be aware of the future course of disease (Tripepi ef al., 2013).

Prediction of risk of a sequence of events for multinomial outcomes with specified pre-
dictors is a challenge to the researchers. To understand this process we need to examine
the sequence of events during subsequent follow-ups. One need to deal with transitions to
a number of states over time generating a large number of trajectories from beginning to
the end of the study (Figure 3.1). With the increased number of follow-ups, this problem
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becomes even more difficult to model. For survival data, Klein er al. (1994) illustrated
risk prediction for a sequence of events based on the work of Arjas and Eerola (1993).
Putter et al. (2006) and Putter et al. (2007) provided a comprehensive illustration of risk
prediction for a sequence of events using multistate modeling framework, among others.
For discrete survival time data, two commonly used regression models are the grouped
proportional hazard models (Pierce e al., 1979; Prentice and Gloeckler, 1978) and the
logistic model (Lawless, 2003). D’Agostino ef al. (1990) illustrated pooled logistic re-
gression model for discrete time data.

The multistate higher order Markov model is a natural choice to study the underlying
property of dependence in consecutive follow-ups (Islam ez al., 2009). Using this model
one can investigate the relationship between outcomes and predictors and risk could be
calculated for a sequence of events (Islam ef al., 2012). For better prediction, it is im-
portant to understand how the transitions between states occur and how the covariates
influence these transitions. However, Markov chain models appear to be restricted due to
over-parameterization (Islam ez al., 2013). For example, outcomes from three follow-ups
with three categories (Figure 3.1) one need to fit thirteen models, one marginal model for
the outcome at follow-up one or baseline, three first order and nine second order Markov
models. Outcomes from large number of follow-ups would be intractable and computa-
tionally infeasible (Wen et al., 2016). Generalized estimating equations (GEE), a marginal
model, is used for model parameter estimation for correlated outcomes. Yu (2003) used
first-order Markov transition model to evaluate the impact of risk factors on longitudinal
back-pain data for ordinal outcomes.

Another class of models is the regressive model. Muenz and Rubinstein (1985), Bon-
ney (1986, 1987), Azzalini (1994), Islam et al. (2004), Islam and Chowdhury (2006),
Islam and Chowdhury (2010) and Islam er al. (2014) proposed regressive logistic models
under the Markovian assumptions to include both binary outcomes in previous times in
addition to covariates in the conditional models. The regressive model for binary out-
comes proposed by Bonney (1986, 1987) is extended by [slam and Chowdhury (2010). A
framework to predict joint probability of a sequence of events for binary outcomes from
repeated measures based on specified risk factors is proposed by Islam and Chowdhury
(2010). In this paper, we extended the regressive models for multinomial outcomes from
repeated measures and proposed a framework for risk prediction for a sequence of events
for specified covariate values. The proposed framework links the conditional process and
obtains predictive outcome based on the whole process through all possible trajectories.
This model allows to include interaction between previous outcomes and covariates in the
model as long as sample size permits.
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3.2 Models

The method for risk prediction for a trajectory is based on the proposed regressive mod-
els for multinomial outcomes. Figure 3.1 displays the transitions between three outcome
levels from three follow-ups. Outcome levels (0,1,2) are denoted inside the rectangles.
Here, first column shows marginal probabilities and second onward are conditional prob-

abilities.
n 15} 13
| Follow-up 1 | Follow-up 2 | Follow-up 3 |
" P(Y1=y1|x) " PMa=ylyx) | P(s=s|yy1.x)
0 =no event 0 =no event 0 =no event

l=eventl F------4 1=event]l *”f:-‘*;” I =event 1

2 =event 2 1 2=-event2 1 2 =-event?2

FIGURE 3.1: Transitions between states for regressive models.

3.2.1 Notations

Let Y;1,Yp,...,Y;y, represent the past and present responses for i-th subject at j-th follow-
up where (i = 1,2,...,n) and (j = 1,2,...,J;), J; is the number of follow-ups for subject
i. For simplicity, subscript i is omitted what follows next unless explicitly specified. As-
sume, ¥; = s follows multinomial distribution where (s=0,1,2, ...,S) with S+ 1 outcome
categories. The category 0 denotes non-event.

The joint probability mass function of Y1,Y>,...,¥; with covariate vector X = x can be
expressed as:

PYy=y,Yh=y2..Y7=y;| X =x)
=PYi=y|X=x)xP(Yh=y|Y1=y;X =Xx)
X.xPYr=s|Y_1=yj-1,..Y1 =y X =x)
= Py, (X) X Py, (%) X oo X Pyy; oy (%), 3.1)

where X' = [1,x1, ...,xp] is vector of covariates for a subject at first follow-up. It should
be noted that X = x can be time dependent.

Explanations of the functions of the right hand side in equation (3.1) are as follows:
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P(Y) =s| X = x) = Py(x) is the marginal probability function of ¥; conditional on x;

PY;=s|Yi1=yj-;X=x)= Py, (x) is the probability function of ¥; conditional
ony;_1 and x of order one;

PYy=s|Yji1=yj-1.Yj2=yj-2.X=x)=P

S$.Yj—1.Yj-2
tion for Y; conditional on y;_1,y;_> and x of order two;

(X = x) is the probability func-

P(Yy=s|Yi 1=y 1.Yj2=Yj 2. Y1 =y;X =x) = Py, |y, 5. (%) is the proba-
bility function of ¥; conditional on y;_1,...,y; and x of order k = j — 1.

The unconditional probabilitiy of the left hand side of equation (3.1) is defined as:

PY1=y.Y2=y2,. Y, =y; | X =x) = Py y,..y;(%).

3.2.2 Multinomial logistic regression (Marginal model)

For simplicity, let us consider outcomes with three categories (s = 0,1,2) as shown in
Figure 3.1, a natural choice is multinomial logistic regression to model outcome (Y;) as a
function of covariates vector X = x. Two sets of parameters would be estimated (Y} = 1
vs. Yy =0and Y] =2 vs. Y} =0). Then the marginal model P(¥; = y; | Z) can be shown
as:

eZ'B;) e8s(Z)
P(Z)=P(Y,=5|2Z) = > = , §s=0,1,2, (3.2)
Z e(zlﬁs) egS(Z/)
s=0 s=0
. ) { 0 ifs=0
where g = P(Y|=5|Z) e
In [m} if s = 1,2,

here gs(Z) is the first logit of s-th component of y; conditional on Z and
gS(Z) :ﬁso+ﬁslzl+-+ﬁspzp, s = 1,2,

where Z' = 1,Zy,...Z,) =X"=[1,X,....X,] and ﬁ; = [Bs0. Bt -, Bsp| are the parameter
vectors of the s-th component for outcome Y; where B'l = [Bi0,Bi1,.... B1p) and [3’2 =
[B20,B215 - Bap), B} and B3 are 1 x (p+ 1) vectors totalling a [(p + 1)2] regression
coefficients.

For ordinal outcome, the proportional odds model could be used. However, proportional
odds assumption should be checked from the data which in many instances are not attain-
able. Hence to model ordinal outcome, a multinomial logistic regression model is one
of the choices among other alternatives. Multinomial logistic regression disregards the
ordering of the outcome levels.
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3.2.3 Proposed first order multinomial regressive model

Consider a subject moves between states from Y; = y; at time #; to Y = y, at time 1, as
shown in Figure 3.1. Then the first order regressive model P(Y, =y, | Y] = y1,Z) can be
shown as:

egl)’] (Z)

PS.yl(Z):P(YZZS’YI:ylaz):2—7 Sa)’l:O,l,z, (33)

Z egs-)’l (Zl)
s=0

0 ifs=0
where gy, (Z) = ¢ | =2

m} ifs =12,

here g ,, (Z) is the second logit of s-th component of y; conditional on previous outcome
Vi, Z and

8s.y1 (Z> :ﬁs.ylo + ﬁs.yl IZl +..+ ﬁs.ylpzp + BS-)’] (p+1)Zp—|—l
+ﬁs.y1 (p+2)Zp+2 s=1,2,

where Z/ = [I,Zl,...,Zp,ZP+1,ZP+2] = [XI,D,] = [I,Xl,...,Xp,DH,D]z]. Here D|1 and
D1, are the dummy variables for categories 1 and 2 of outcome Y; with O as the reference
category. Here X’ isa 1 x (p+1) and D' is a 1 x 2 vector producing a total of [(p+1) +
2]2 regression coefficients.

3.2.4 Proposed second order multinomial regressive model

The second order regressive model P(Ys = y3 | Y1 = y1,Y» = y2,Z) can be shown as:

8532 (Z)
Py (Z) =Pz =s|Y1 =y.Y2 =y.Z) = 70—, 5s=0,12, (34
Z egs-)’z(zl)
s=0
N @) { 0 ifs=0
WRETE 8s.y,(£) = P(3=s2)] .o
1 [P—(szo‘z)} ifs=1.2,

here g, (Z) is the third logit of s-th component of y3 conditional on previous two out-
comes yq, y2, Z and

8.y, (Z) :ﬁs.yzo + Bs.yzlzl + ...+ B&szZP + ﬁS-YZ(P+1)ZP+1
+ By (p+2)Zp+2 + By gy (p+3)Zp+3: HBsyy (pa)Zpra s = 1.2,

where Z' = [1,Z4,...Zp. Zp 11, Zp12.Zp 13, Zpp+ 4]
= [X'.D'] =[1.X1,....Xp,D11,D12,D21,D2) .
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Here Dy and D, are the dummy variables for categories 1 and 2 of outcome variable Y
and D, and D», are the dummy variables for categories 1 and 2 of outcome variable Y>
with 0 as the reference category. X’ isa 1 x (p+ 1) and D" is a 1 x 4 vector producing
[(p+1) + 4] regression coefficients with a total of [(p+ 1) + 4]2 regression coefficients.

3.2.5 Proposed higher order multinomial regressive model

Above regressive model could be generalized for k-th order (k = j— 1) fors =0,1,2,...,S
outcome levels as follows:

egs.yJ;l (Z)
Py 1o (Z)=P(Yj=s|Y1 =y1,.Y;1 =yj-1.Z) =
Z eg5~Yj—1(Z)

s=0
s=0,1,2,..,5, (3.5)
N ) { 0 ifs=0
Where gs.y; &) = PY=sZ)] .o
j n|p=sg | ifs=1.2...5,

is the j-th logit of the s-th component of y; conditional on previous previous j — 1 out-
comes y1,y2,...,yj—1, Z and

8s.yj-1 (Z) = ﬁS-yj—lo + BS-Yj—l 1Z1+...+ BS-)’j#lPZP + ﬁs.yj_l (p+1)ZP+l
+ ot Boy 1 (pr5)Zp+s + By, (prsn) Zp st
ot By, (pras)Zpras o By o G- DS Z[p (- 1)S41]

tot Boy prG-nseApr (- ns+sp 5= 120080 > 1

where Z' = [1,Z,...Zp, Zp s 1y Zptss

ZP+S+1""’ZP+25’""Z[p+(j—1)5+1]’""Z[p+(j—1)S+S]} = [X',Dl}

_ [I,Xl,...,Xp,Dl1,...,D15,D21,...,D25,...,D(j_l)l,...,D(j_l)S] :

Here, DH,...,D15,D21,...,D25,...,D(jfl)l,...,D(J-,I)S are the dummy variables for cate-
gories 1,2,...,S of outcomes yj,ys,...,y;—1 with 0 as the reference category, respectively.
X' is alx (p+1) vector of covariates and D' is a 1 x [(j — 1)S] vector of dummy
variables for previous y;_1,...,y; outcomes with S+ 1 categories considering 0 as the ref-
erence category. There are [(p+ 1) + (j— 1)S] regression coefficients for s-th component
of the model and with a total of [(p+ 1) + (j — 1)S]S regression coefficients.
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3.2.6 Estimation

Let o, = 1 if Y; = s otherwise §; = 0, s = 0,1,...,, is an indicator variable to identify
observed levels of Y;.

Then the likelihood function for a single subject of jth order model can be expressed as:

L= Ii) [Ps.yjl (Z)} 63,

and the log likelihood for /-th component for a subject is given by

S S
lnLl = [Z 5Sgs.yj,1 (Z) _ln (Z eg&yj_l (Z)> ] ’ l - 1,2,...,5.
s=1 s=0

Differentiate with respect to the parameters and solving the following equations we obtain
the likelihood estimates for S sets of parameters:

0 lnLl o
J BSJ'q

Observed information matrix can be obtained using following second derivatives:

[53 — Py, (Z)] Z, ¢g=0,1,..,p.

82 ll’lLl l
BBy Lo (DU =Py, (2] 22,
and
82 In Ll ,
Bodf s = B (D), (2)] 22,

where q,q’ =0, 1,...,p;s,s’ =12,....51=1,2,..5.

For n subjects, there will be summation over i = 1,2, ...,n. Here, subscript i is omitted for
notational convenience. The information matrix /(B) is the [(p+ 1)+ (j—1)S|Sx [(p+
1) + (j — 1)S]S matrix where elements are the negative of the second derivatives and the
asymptotic covariance matrix is [/(B)] -1

It may be noted that first and all higher order regressive models are equivalent to that
of the marginal multinomial logistic regression models shown in equation (3.2). Regres-
sive models for higher order shown in equation (3.5) can be estimated using appropriate
data structure and usual SAS, STATA or R-package or other software capable of fitting
multinomial logistic regression. It should be noted that the regressive model proposed by
Bonney (1986, 1987) and Islam and Chowdhury (2010) are special cases of the model

shown in equation (3.5) for s=0,1.
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3.2.7 Predictive models and joint probabilities

Our objective is to predict the risks of occurring a sequence of events from repeated
measures for a subject with specified covariate vector X* = x*. Which is the predicted
risk that a subject with covariate vector (X* = x*) would follow a particular trajectory as
shown in the Figure 3.1.

The predicted joint probabilities of IS(Yl =y.Hh=y..Y;=y, | x*) can be obtained as:
PYi =y ,a=y,..Y,=y; | x)
ZP(YI =¥ |x) XP(YZ = | Y1 :yl;x)
Xyuiny XP(YJ ) | Yj—l = yj—l’---aYI :yl;x)

= p)’l (x) x pY2~Y1 (x) X ... X P\&ijlw-a)’l (x).

(3.6)

Based on the equation (3.6) the predicted joint probabilities for Y; and Y; is
Py, (x) =P(Yi =y1,Y2 =2 | x),
the conditional probability for ¥, = s given Y| and x is
Py (x) = P(a=5,| Y1 = y15x),
and the marginal probability for Y] given x is
Py (x) = P(Y1 = y1 | x).
The joint probabilities can be predicted using marginal and conditional probabilities as:

PYi=y.Ya=y |x) =P(Y1 =y | x) x P(Y2 =5,| Y1 = y1;x)

X
N R . 3.7
= P, (x) = Py (x) x By, (x).

Then for outcomes y1, y» with categories 0,1 and 2 and using equation (3.7) we can predict
joint probabilities from conditional and marginal probabilities as follows:

Py =y1.Ya=s5|x) =P(Y1 =y1;x%) x P(Y, =5 | Y1 = y15%),
s=0,1,2; y1 =0,1,2; j=1,2.

Similarly, for j-th outcomes yq,y»,...,y; we can predict joint probabilities using marginal
and conditional probabilities as:

P(Yi =y, Ya=y2,...Y,=5|x)=P(Y1 =y1;x) x P(Y, =y, | Y1 = y1;X),
X ... XP(Y] =S ‘ Yj_l :yj_l,...,Y1 :yl;x),s = 0, 1,2; yl,...yj_l,: 0,1,2;
=121,
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3.3 Steps involved in prediction

Using following steps, the marginal and conditional probabilities can be estimated from
fitted marginal and regressive models for a subject with a specified covariates vector X * =
[I,Xl* ,...,Xlﬂ/. Then using relation shown in equation (3.6), we can predict the risk of
joint events for any number of follow-ups as follows:

(i) The predicted marginal probabilities P (x*); P (x*); By(x*) can be estimated from the
fitted marginal model shown in equation (3.2). The first order conditional probabilities
ﬁs_yl (x*), s,y1 =0, 1,2, can be estimated from the fitted first order regressive model using
covariates vector Z’' = [x*,D11,D13)" where Di1,D1; = 0,1. For example, P o(x*) is
estimated using Z = [x*,0,0]’ in equation (3.3) for s = 2, P; o(x*) using covariates vector
Z = [x*,0,0]' for s = 1, and Py (x*) = 1 — P o(x*) — P, o(x*) and so on. Similarly, using
appropriate covariates vector Z second order conditional probabilities can be estimated.
For example, P> o(x*) is estimated using Z = [x*,0,0,0,0]” in equation (3.4) for s = 2,
and Py oo (x*) using covariate vector Z = [x*,0,0,0,0] for s = 1.

(i1) Now using predicted marginal and conditional probabilities showed in equation (3.6)
joint probabilities for events are obtained. For example, By (x*) = Py(x*) x P o(x*),
Boo1 (x*) = By(x*) x Pyo(x*) x Py go(x*) and so on.

3.4 Tests

3.4.1 Significance of the joint model

The significance of the joint model can be tested using likelihood ratio test between joint
constant only model (Reduced) and joint full model (Full) as follows:

-2 [lnLReduced(Bo) - lnLFull(B)} (3.8)

which is distributed asymptotically as x> with [{(p+ 1)S} +{(p+1+8)S} + {(p+
1+28)St+...+{p+ 1+ (j—1)S}S] — jS degrees of freedom. Here [3:) includes all
the regression parameters from the constant only joint model and Bll includes all the
parameters from the full joint model. Calculation of the degrees of freedom is shown in
the following table. Each of the constant only marginal, first and higher order regressive
models have S sets of constants as we are obtaining the number of categories minus one
(S) sets of parameter estimates.
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Number of parameters for different models.

Models Constant only s-th component Full
Marginal S p+1] p+1]S

First order S [p+1+S] [p+1+S8]S
regressive

Second order S [p+1+28] [p+1+28]S
regressive

J—1thorder S [(p+1+(G=1)S)] [(p+1+(j-1)S)]S
regressive

3.4.2 Test for proportional odds assumption

If the outcome is ordinal it is common to use proportional odds model (McCullagh, 1980).
Let, P(Y;<s)=mp+..+ M5 =0,1,...,Swhere P(Y; <0) <P(¥; < 1) <..<P(¥; <
S) = 1. The ordinal logistic regression model can be shown as:

logit[P(Y; < S)] =1In {”0*—”} = O+ Bix; + ... + Bpxp = 04+ X'B,

Tgt1+... 4T

s=0,..S—land P(Y;=5|x)=P(Y;<s+1|x)—P(Y; <s|x).

One of the important assumptions of this model is proportional odds assumption. In this
model, the coefficients that describe the relationship between lower level versus all higher
levels of the response variable are the same as those that describe the relationship between
the next lowest level and all higher levels. Likelihood ratio test (Peterson and Harrell,
1990) and Brant test (Brant, 1990) is used to test the proportional odds assumption. How-
ever, these tests have been criticized for having a tendency to reject the null hypothesis
(Harrell, 2001). If this assumption is violated the multinomial logistic regression is one
option among others (Hosmer and Lemeshow 2013, McCullagh and Nelder 1989).

3.4.3 Brant test

Brant (1990) proposed a test by by creating S — 1 binary logits on the outcomes defined
by Y*=1if Y >sand Y* =0if Y <s. An outcome Y with levels s = 0,1,2, one can
define two binary outcomes ¥" = 1if Y >0,Y"=0if Y <Oand ¥, =1ifY > 1,Y; =0
if Y <1.

. A/ A A A Al A A A — A — A
Then one can estimate B, = [Bi0, P11, .-, Bip|, Ba = [B20. P21, .-, B2p), Var(By)., Var(B,).

R (x;) = P(Yy" = 1| x;) and #pp(x;) = P(Y; = 1| x;) from two binary logistic regres-

. A5/ A A N A~ A A A .
sion model. Define By = [Bi1,Bi2.-... Bipl, B2 = [B21, P22, ... Bop] and wiwy = Ry (x;) —
ﬁiu(xi)fr,-v(x,-), u,v=1,2.
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The null hypothesis for proportional odds assumption is Hy : B = B5. This hypothesis is
equivalent to Hy : DB* = 0, where

I -1
D 1 0
1 0

Iisa(p+1)x (p+1) identity matrix and O is a (p+ 1) x (p + 1) matrix of 0’s. The
test statistic can be shown as:

X*=(DB")'[DVar(B")D'|"(DB") (3.9)
distributed as 2 with [(S+ 1) —2]p = (3 —2)p degrees of freedom. Where

Vargh — | Var(By)  Var(Bi,Bo)
VartB )= | Bl Var(By)

The diagonal elements are the variance-covariance matrix from each binary logistic re-
gression and the off-diagonal elements is estimated by deleting first row and column of
(X'W,..X)" " (X'W,,X)" ' (XW,,X)~!, where W,, is a N x N diagonal matrix whose
diagonal element is wjy, and X is a N x (p+ 1) covariate vector including constant. This
test easily generalize for s = 0, 1, ..., S and details can be found in Long (1997).

3.4.4 Goodness-of-fit

Islam and Chowdhury (2010) proposed modified deviance for repeated measures for bi-
nary outcome to test the goodness-of-fit for the joint model. We generalized this for
multinomial outcome from repeated measures.

3.4.5 Modified deviance for repeated measures

Let the outcome y has s =0, 1,...,S with § 4 1 categories. In the case of multinomial logis-
tic regression, suppose the observed data is of the form (z1,y1), (22,2) s (ZisYi )5 oo (22 Yn)
where y; is a (S+1) indicator vector identifies which class an observation belongs to. From
the fitted model the estimate of a vector of probabilities is p;(z) = [pio(z), Pi1 (2)s---» Pis(2)]-

Then the model-based likelihood for ith subject can be shown as:
S

[T (z))" (3.10)

s=0
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where y;; = 1 if the outcome is in category s, otherwise y;; = 0. E(Y) = E(Y;) = Ps(x)
as defined in (3.1). The saturated model assigns probability one to each observed events.
Here the vectors of probabilities p;(z) is equal to y; for each observation and the ratio of
these likelihood can be written as:

S ) Yis
P. .
H[ ”(Z’)} 3.11)
s—o L JYis

where y;; is observed outcome for subject i with sth category. By taking minus two times
the log of this quantity, we find the deviance for all n subjects as

-2y Zyu [ . Z’)]- (3.12)
i=0s= is

The contribution of marginal model shown in equation (3.1) to the overall deviance is

D;. All first and higher order regressive models shown previously are equivalent to the

marginal model. Similarly, the contribution of jth order regressive model to overall de-

viance is:

_—22 Zym [ ’y( )}, j=2.3,.., (3.13)

i=0s= Ljs
where y;js is ith subject from jth outcome of sth category. Following, Islam and Chowd-
hury (2010) the summary deviance statistic for yi,y,,...,ys is the sum of deviance from
marginal and all regressive models and can be written as:

B
D=Di+D;+..+D; :—2225”1%[ ”(Z‘)}
i=0s=0 Yis

+Ji2{ 2225,,51 {’ff(z’)”.

i=0s= Yijs

(3.14)

3.4.6 Tests for order

Islam et al. (2009) proposed a simple and flexible test to check the order of the Markov
model for binary outcomes. For j-th order regressive model, dummy variables for each
category except for reference level from previous j-1 outcomes are incorporated as the
covariates for investigating the adequacy of the order of the model as shown in equation
(3.5). Then the null hypotheses

Hy :ﬁs.yj,l(p—l—l) == ﬁs,yj,l(p—l—S) = Bs.y_,-,l(p—i—S—l—l) == ﬁs.yj,l(p—i—ZS)

== Bs.yjfl[p—&-(j—l)S—H} == ﬁs.yjfl[p—k(j—l)S—FS} =0,
s=1,2,---,8;j=2,---,J, can be tested using following statistic:

) [mL(Bl) “L(B)], (3.15)
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which is distributed asymptotically as x2 with [{p+ 1+ (j—1)S}S]—{(j—1)S}] degrees
of freedom, [{p+ 1+ (j— 1)S}S] is the total number of parameters of (j — 1)th order
regressive model and j— 1 in (j — 1)S are the number of previous outcomes yi,...,yj—1
multiplied by the number of dummy variables (S) for each outcomes. Let,

N A A A
ﬁl :[ﬁs.yj,l(p-i-l)’ e ’ﬁs.yj,l(p-l—S)’Bs.yj,l(p-l-S%-l)’ T ’ﬁs.yj,l(pﬁ-ZS)’ o

A

Boy,ilpr(-s+1s By i pr(-Ds+g))s s =12,--.8

be a 1 x (j—1)S vector of the regression coefficients of dummy variables Dy1,---,Djs,
D>y, ,Dag,- -+ ,D(j,m,m ,D(j,I)S corresponding to previous yi,---,y;_1 outcomes
and

Al

ﬁ :[ﬁs.yj,lo, Bs.yj,ll’ T ’BS.yj,IPa

A

ﬁs.yj,l(erl)’ Tt 9ﬁs.yj,1(p+5)9ﬁs.yj,1(p+S+1)’ T ’ﬁs.yj,l(p+25)’ T

Boyilp+G-1)st1)s »Boy, [pr(i-ses))s s=1.2,-.8

bealx[p+ 1+ (j—1)S]S vector of all regression coefficients of (j — 1)zh order regres-
sive model.

Alternatively, we can test the above hypothesis that some subset of parameters equal to

| Bo
ﬁ‘M

where ﬂo — [ﬁs.y‘i,loaﬁs.yj,ll,»--,ﬁs,yj,lp],, s = 1,2,...,S

is a [p+1]S x 1 vector of parameters corresponding to [1,X],...,.X,] and B, defined

zero and construct a Wald test. Let,

aboveisa [{p+1+(j—1)S}S— (p+1)S] x 1 vector of parameters corresponding to the

)

)
where I(f3) is the observed information matrix and V;(B) is the lower sub-matrix of
V(B). The Wald statistic is then

dummy variables D11, ...,DlS, D21,~-~,D2S

,...,D( )1""’D(j—1)S' Let,

j—1

—

VB) —1(B) " = | oo(B) Vo

Vio(B) Vi(

o ™

BV (B)]'B, (3.16)

which is asymptotically x2 with [(j — 1)S]S degrees of freedom.

Then one can perform the test as follows:
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(1) The likelihood ratio test can be used to test the significance of the overall model at the
first stage.

(i1) The Wald test can be used to test the significance of the parameter(s) corresponding
to the previous outcomes as shown below:

W =By, st G-vpsasl/5¢Bay s lpr(-nsts))s 5= 12,08,

Good fit models with the better discriminative ability and predictive power are expected
to provide higher prediction accuracy. Predictive accuracy of models can be estimated
based on confusion matrix and over(under)fitting can be evaluated using training and test
data sets approach (James et al., 2013).

3.5 Application

The panel data from the Health and Retirement Study (HRS), sponsored by the National
Institute of Aging (grant number NIA U01AG09740), conducted by the University of
Michigan (HRS, 2014) is used for the application. In wave one, a total of 12652 subjects
were interviewed in the HRS cohort. Out of all these subjects, 9762 were age eligible
(those with birth years 1931-1941). A total of six waves (follow-ups) of the RAND ver-
sion of the data from wave six (2002) to wave 11 (2012) is considered for this application.
At wave six minimum age of the subjects was 60. The outcome variables considered are
Activity of daily living index (ADL) from wave six to wave eleven (Y7, ...,Ys). This index
is the sum of five tasks (yes/no) ranging from O to 5: whether respondents faced difficulties
in walking, dressing, bathing, eating and getting in/out of bed. Due to small frequencies
3 and higher values were coded as 2. The explanatory variables considered are: age (in
years), marital status (married/partnered=1, single/separated=0), whether drink (yes=1,
no=0), sex (male=1, female=0), number of conditions ever had (N.cond) ranges from 0
to 8, White (yes=1, no=0), Black (yes=1, no=0) with others as reference category, edu-
cation (in years) and veteran status (1=yes, O= no). The variable drink indicates whether
the respondent drinks alcoholic beverages. After removal of cases with missing values
for outcome variable at wave six, the number of subjects is 7130. Table 3.1 displays the
frequency distribution of the outcomes for different waves.

The outcomes used here are ordinal in nature and it is common to use proportional odds
model (McCullagh, 1980). One of the important assumptions of this model is proportional
odds assumption. The proposed regressive models for the ordinal outcome for first and
higher order are equivalent to the ordinal regression for a single outcome. Likelihood
ratio test and Brant test for proportional odds assumption are shown in Table 3.2. The
likelihood ratio test for marginal and first order models and Brant test for marginal model
satisfies the assumption.
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TABLE 3.1: Distribution of Activity of Daily Living Index, Waves 6 to 11.

Outcome Wave
6 7 8
Value N % N % N %0
0 6210 87.1 5906 86.7 5459 849
1 477 6.7 462 6.8 503 7.8
2 443 6.2 445 6.5 467 7.3
Total 7130 100.0 6813 100.0 6429 100.0
Wave
9 10 11
Value N Y% N % N Y0
0 5459 849 4600 81.7 4262 81.5
1 503 7.8 460 8.2 479 9.2
2 467 7.3 569 10.1 491 94

Total 6429 100.0 5629 100.0 5232 100.0

TABLE 3.2: Test results for proportionality odds assumption.

Approximate LRT  Brant test
Wave  x? p.v. x° p.v. df.
6 134 0.145 13.7 0134 9
7 18.2 0.076 239 0.013 11
8 22.8 0.044 25,5 0.020 13
9 41.8 0.000 459 0.000 15
10 313 0.016 344 0.008 17

11 424 0.002 43.8 0.001 19

Parameter estimates along with standard error and significance level for marginal and re-
gressive models are shown in Table 3.3 and Table 3.4. Various predictors are found to
be significantly associated with outcome variables for different models. All dummy indi-
cators for previous outcomes are significantly and positively associated with the current
outcomes except for fifth-order model. Model statistics are shown in Table 3.5. Like-
lihood ratio test for the joint model is statistically significant (p < 0.001) as shown in
Table 3.5.The prediction accuracy based on confusion matrix for full data and test and
training data varies between 0.86 to 0.89 which is reasonably high. Also, accuracy from
full, training and test data are very close, which shows the absence of over(under)fitting
for all models.

3.6 Predicted joint probabilities

Specified covariates vector were used to predict marginal and conditional probabilities
and to predict the joint probability of outcomes for three selected trajectories. Three
paths are: (i) P(Y; =0,Y» = 0,Y3 =0,Y4; = 0,Y5 = 0,Ys = 0| X* = x*) remains functional
limitations free from wave six to eleven. (ii) P(Y; = 1, = 1,3 = 1,Y; = 1,Ys = 1,Yg =
1 | X* = x*) one functional limitations among all six waves. (iii) p(Yl =2, =23 =



47

Chapter 3. Regressive Models for Risk Prediction for a Sequence of Multinomial Outcomes

90C°0 *%960°C  SITO #xVLT'1 oLa
€81°0 #x8E1'T  €S1°0 #x¥0C'1 [Ld
10C0 #%8SS°€  CTITO #xL61'C  691'0 #xSYCV €810 *xE8Y'C 9d
CLI'O #+888°1T  9VI'0 x+859'1T  €91'0 *x8SCC  8EI'0 *xCO8'I 19d
8IC0  €SI'0— 8SI'0  €€I'0— C0C0  SCE0— 9910 «*¥SE€0— OLI'0O  LSI'0O— €ST°0  LEO0— UBISIA
0200 #x£800— LIO0 %8¢00— 6100 8200— LIOO 8I0O0— 9100 %xL800— SI00 #«160°0—  O0pd
0s€0 IIv0 0€e0 <T6¥0 600  LSTO— 160 6200 LvCO ICTI'0— 89C0  SC00 Aorlg
geec’0 vII'0O— GIC0  LETO 060  8CPO0— ¥LCO  ¥SI'0— S€CTO0  «8PS0— €ST0  0L00—  °HUM
vLI'O 8200 S€I'0  vICO #9910 #9L¥'0  S€1'0  9I1T'0  IvI'0  8000— 8CI'0 9100  I9push
L0 #x[LY0— TIT'0  9CI'0— OSI'0 #x€19°0— SIT'0  €91'0— 8CI'0 %x06L0— LOI'0 #xI1C€0—  UHUJ
SPO0 #xSI¥'0  LEOO #x0€€0 €400 #x99¥'0  LEOO #xSCF0  9€0°0 #x0L9°0  vE€0'0 =xL6¥'0  PUOIN
rI'0 $eC0— 9IT°0 9000  9€l'0 #x085°0— LIT'O T€00— €IT'0 #+9€S0— LOI'0 #xCe€0—  IBISN
1200  v200 LIOO «%8¢00 0C0O0 <CIOO  LIOO  LIOO  LIOO  +000— 9100 T1100— o3y
68T #xV0I'S— 6€CT %x091'9— 9P #x€ISV— 6811 #x¥99v— PYI'lT  €T6'T— 8901  O8F'[— UBISUOH
q's mm a's _Q 'S Nm q°S _Q a's NQ H'S _Q SI[qeLIBA
7 K103918) 1 A103918D) 7 K103918) 1 A103918D) 7 A103918) 1 A103918D)
L
SOABM

“JOPIO JUAIRJJIP J0J UOISSIZAI ONSISO[ [eruounnwu Juisn S[OPOUW JAISSAITAI pue [eulISIew Jo sajewnsy (¢ ¢ A14V],



48

Chapter 3. Regressive Models for Risk Prediction for a Sequence of Multinomial Outcomes

a01d
101d
c6d
red
8d
3d
oLa
1La
d
[
UBIOJA
onpg
Aoeld
AUMYM
Iopuan)
JuLIq
Puod'N
JeISIN
a8y
JUBISUOD)

So[qeLIeA

eIe0 #6960  SIE0  €C€0
YeC0 %xC69°0  0IT0  €6£0
LEEO SO0  €vE0  ¥8EO0  0LCO #xI0L0  8LTO %0890
SYC0  I¥00 6610 #«¥IL0O 9610 %x€190 8610  0LEO
00€0 06£0 S6C0 08¢0 SLTO #x8SL0  LIEO I8I'0  9¢CT0 #+9¥CT  6¥VC'0 #xL69°0
61C0 ey’ 0 6810 «=9vF0 6610 =x¥CL'O0 9810 #x¥C80  ¥6I'0 #x6¥6'0  9LI'0 %x€6L°0
0900 #xLC6'T  98C0 #xCL80  I¥CO #xSOv'T  S8C0  S8'0  I¥VCO %0861  99CT°0 #x000'1
€IT0 #8160  LLTI'O #xL€0'T €810 #x680°T  LIT'0 #xLST'T  ¥61°0 #xG€80  OLI'0 %xE16°0
0000 #+9CC'¢  T1T0 #9961  T0C0 #x8L8C  OVCO #xSPS'T  COCO #x911°€  0CTO #xL90°C
COI'0 #x¥68°T  PSI'0 #1881  9LI'0 #xI89°1T  ¥91°0 #x6SV' I €810 #xEeTP'T  LYI'0 %xCOL'L
LCT0  LSTO— L91'0 €800 ¥6I'0 +c00 S91'0  8LO'O 9IT0 <CE00— 9LI'0  6£C0—
00 xIS00— 6100 €100— 0C00 %x0600— 8IO0 %9¥00— I200 %%x£S00— 8100 #x¥S00—
L6€0  CO0I'0  STE0 €900 8e€0 1900— o6I¢0 SIT'0— ¥L€0  T1C0 pee0  0SCTO0—
ILE0  L900 C0€0 8800— 8Ic0 <¢8CO— L6CO 0cC0— €SS0 o6vI'0 LOEO  +OI0
0610 6410 0SI'0 I8I'0 S9I'0 0¢CcO0  O9¥I'0  I¥CO0  6L1'0  COI'0  LyI'O  LEOO
I91°0  *S€€0— <TCI'0 %99C0— 8¢I'0 =16C0— 8II'0 9L00— ¥SI'0 6V’ 0— TCI'0  SSO0—
IS0°0 #xI0F0  Ov00 %+8LC0  ¥P0'0 %x9¢€0  O0VO'0 %+08C0  9¥0°0 #xC9¢0  OV0'0 %x9LT0
9GI'0  «I6€0— ¥CI'0  LOT'O— VEI'O #xCCS0— OCI'0 #x¥I€0— €VI'0 =x816°0— ¥CI'0  SC00—
Y200 %%xC600 8100 +¥€00 0C00 %8800  8IOO *xLS00  CTO0 #x¥L00 8100 %xCSO0°0
CO8'T s 90 TT— LyV' T #xC16°S— TLST sxVL1'6— 88E'T #xL169— 0C9'1 #+IL06— €9¢' T %x8C89—
qa's ) qS 'g q'S 9 qs 'd q'S 9 q'S 'g

7 K103918) 1 A103918) 7 K103918) 1 A103918D) 7 A103918) 1 A103918D)

L 9
SOABA

"€ 9IqRL, ponuUnuo) ¢ A14dV],



49

Chapter 3. Regressive Models for Risk Prediction for a Sequence of Multinomial Outcomes

CL 0000 €96¢€LT ¢€9¢0LC T8ISEI- P¥'6C98¢ +'1098¢  800¢61-
G680 198°0 0980 8¢ 0000 9°608¢  96cLe  87T98I- 00019 09609 08v0c-
6580 €980 1980 ve 0000 9CLey  9¢0ey  QISIC-  v'69¥9  ¥SOY9  L'TECE-
0880 7880 €880 0¢ 0000 vOCIy  ¥9SOF T80T~  9'8CEY  9PCe9  €7T9I¢-
CL80  8L8O BL8O 9¢ 0000 8SPSy 868y  6VPCC- 00LS9 09959  0°¢8CE-
188°0 L8800 L8880 C 0000 0999r  08I9F 060¢C- L'S6£9  L16E9  6'S6l¢-
8L8°0 [L80 €L8°0 81 0000 6T88S  6Cy8S  G'IC6C-  LI9L9  LLSLY9  6'8LEE-
ML Efrw = HLMMW L H.qu 9]0+ ‘A 13807 )\ ‘A 13807

[opow [[ng A[uo jueIsuo))

"STOPOW QATSSQIZ0I pue JeUISIRW JOJ SONSTRIS [OPOIA :G° € T1dV],

[opow jutof
I1

o1

6

8

L

9

QABM



Chapter 3. Regressive Models for Risk Prediction for a Sequence of Multinomial Outcomes 50

2,Y,=2Ys=2Ys=2|X"= x*) two or more functional limitations from wave six to
eleven. Figure 3.2-3.4 displays three joint predicted risks for selected trajectories along
with the average from 10,000 bootstrap samples. It should be noted that predicted risk at
wave six in the graphs are marginal probabilities and from wave seven onward are joint
probabilities.

Figure 3.2 displays the predicted joint risks for three trajectories by number of previous
conditions (0,2,4,6, and 8) and gender. The value of other predictors were set to: mstat=0,
Age=65 years, whether drink=1, white=1, Educ. =12 years, and veteran status=1. The
risk of functional limitations free for zero previous conditions was close to one at wave
six this risk decreases in later waves and the risk was little higher for male compared
to female. The risk to follow path (iii) remains flat for all six waves with zero previous
conditions. However, this risk increases with increased number of previous conditions.
Figure 3.3 displays the predicted joint risks for three trajectories by gender. The predicted
risk for trajectories (i, ii, and iii) are shown in the graph. The value of other predictors
was set to: age=65 years, mstat=0, N.cond =2, whether drink=1, white=1, Educ. =12
years, veteran status=1. Male subject has more risk compared to female subject. Pre-
dicted joint risks for three trajectories by veteran status is presented in Figure 3.4. The
value of other predictors was set to: age=65 years, mstat=0, N.cond =2 N.cond, whether
drink=1, white=1, Educ. =12 years, gender=1. Non-veteran subject has higher risk com-
pared to veteran subject. A sample calculation of marginal, conditional and joint risk for
a trajectory is shown in Table 3.6.

TABLE 3.6: Computation of predicted risk for a trajectory.

N.cond Gender Py FRyo Pouoo Poooo Pooooo Poooooo  Poooooo

0 Female 0.97 098 098 097 0.96 0.97 0.85
2 Female 091 096 096 095 093 0.95 0.70
4 Female 0.76 091 091 092 0.88 0.91 0.47
6 Female 0.51 0.81 0.84 0.85 0.80 0.85 0.20
8 Female 0.24 064 0.72 0.76 0.68 0.75 0.04
0 Male 097 098 097 097 095 0.97 0.82
2 Male 091 095 095 095 0091 0.94 0.67
4 Male 0.76 089 090 091 0.85 0.90 0.43
6 Male 050 0.77 082 0.85 0.76 0.83 0.17
8 Male 024 058 0.69 074 0.63 0.72 0.03

3.7 Bootstrapping

To measure the accuracy of sample estimates, bootstrapping is used. We performed
10,000 bootstraps and computed bias, standard error, and mean squared error for esti-
mates. Estimates from Table 3.3 and Table 3.4 are considered as population parameters
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FIGURE 3.2: Predicted risk by gender and no. of conditions from original and bootstrap sample.

while bias, standard error and mean squared error are computed. Bias is very small gen-
erally (less than 1 percent) for the estimators of parameters of all models. Standard error
and mean squared errors are also found to be very small (Table 3.7-3.9). Convergence
is achieved for all 10,000 bootstrap samples. We also predicted joint risks as shown in
Figures 3.2-3.4 from all 10,000 samples. Average of the predicted joint risks from all
bootstrap samples and predicted risk are also shown in the Figure 3.2-3.4. Lines of pre-
dicted risk from original sample and bootstrap samples are overlapped in all three graphs.
Therefore, very minimal or no bias in the case of predicted joint risk.

3.8 Conclusions

In this paper, a modeling framework is proposed to predict joint probabilities for a se-
quence of multinomial events from longitudinal studies that may change through differ-
ent trajectories. The proposed models provide the estimates for each stage in the process
conditionally, and the conditional estimates are linked using marginal and sequence of
conditional models to provide the joint model needed for predicting the probability of a
trajectory based on specified covariates pattern. The estimates of the parameters of the
marginal models are obtained from the outcome variable at the baseline and the models
at the subsequent follow-ups provide the estimates of the parameters of the conditional
models. Proposed approach also allows interaction among previous outcomes and predic-
tors. The interaction terms may provide a better understanding of the underlying disease
process and the relationships between outcomes and related risk factors. The likelihood
ratio test for the goodness of fit, deviance and AIC for the proposed model are shown in
this paper. Also, 10,000 bootstrap simulation is undertaken to study the performance of
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the proposed model and predicted joint probabilities for a sequence of events. One can
easily fit proposed models and predict the risk of a sequence of events using the available
statistical softwares when there are multiple outcomes at each follow-up time.

The major improvement of the proposed framework is that one needs to fit a significantly
smaller number of models compared to the conditional models such as Markov models.
The bias of parameter estimates for all models from all bootstrap simulation is less than
one percent in most of the cases except for intercepts and the explanatory variable, race.
The estimated mean squared error is also very low. Predicted joint risks for trajectories
from bootstrap simulation overlap with that of the assumed population as shown in Fig-
ures 3.2-3.4. The proposed methods can be applied in many fields of studies such as
epidemiology, public health, survival analysis, genetics, reliability, environmental stud-
ies, etc. Also, we believe that the proposed framework would be very useful for analyzing
big data.
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Chapter 4

Goodness-of-fit Test of Joint Model for a
Sequence of Multinomial Outcomes
from Repeated Measures

4.1 Introduction

There is a growing interest in the risk prediction model to predict the risk of a sequence
of responses for a multinomial outcome from repeated measures based on patient-specific
characteristics. Islam and Chowdhury (2010) proposed a regressive model to predict the
risk of a sequence of binary outcomes from repeated measures. The predicted risk could
be used to present the evidence to decision makers (e.g., clinicians and patients) and are
highly relevant to clinical decision support, personalized health care, and shared deci-
sion making (Moons et al., 2009). The development of robust and accurate risk predic-
tion models are a resource-demanding task and their performance needs to be rigorously
validated (Calster er al., 2017; Wehberg and Schumacher, 2004). Core elements of per-
formance include (i) discrimination and (ii) classification (calibration). Discrimination
considers the ability how well the model discriminates between the different categories of
outcome and classification which is not error free measures the reliability of the predicted
risks (Steyerberg, 2009; Johnson and Wichern, 2008; Harrell, 2001). A good classifica-
tion method should result in few misclassification. Classification techniques are often
evaluated in terms of their misclassification rate ignoring misclassification cost. For ex-
ample, misclassifying a diseases subject as a non-diseased may have serious implications.
For dichotomous outcome, many discrimination performance measures exist such as the
receiver operating characteristic curve (ROC), the area under the curve (AUC), sensitivity,
specificity and accuracy among others. A comprehensive discussion regarding ROC and
AUC can be found in the book of Krzanowski and Hand (2009). Toledano and Gatsonis
(1996) generalized ROC curve for multiple category outcomes. Accuracy and overfitting
are popularly estimated by splitting the data into training and test sets. This approach is
fine for the very large data set (Johnson and Wichern, 2008). There are several variants
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of this technique and can be used for the polytomous outcome (James et al., 2013). For
a multinomial risk prediction model, either a set of dichotomous measures or one over-
all measure can be used to assess the discriminative ability (Calster ez al., 2012). The
bootstrap simulation is a very useful technique to derive bias (Efron and Tibshirani, 1997,
1993). AIC and BIC can be used for model comparison.

Calibration curve and goodness of fit test for the prediction model are commonly used
as calibration measure (Austin and Steyerberg, 2014; Steyerberg, 2009; Goeman and
le Cessie, 2006; Hand and Till, 2001). For example, Hosmer-Lemeshow test for good-
ness of fit (Hosmer and Lemeshow, 1980) for binary outcome. Fagerland et al. (2008)
generalized the Hosmer-Lemeshow test for multinomial logistic regression. Various au-
thors reported several drawbacks of Hosmer-Lemeshow statistic (Fagerland er al., 2008;
Peek et al., 2007; Vergouwe et al., 2005; Harrell, 2001; Hosmer et al., 1997; Tsiatis,
1980). A score test is suggested by Tsiatis (1980), a generalized logistic model frame-
work to test the adequacy of the fitted model is proposed by Stukel (1988), a class of
test based on smoothed residuals by le Cessie and van Houwelingen (1995) and using
partial sum of residuals by Royston (1992). A detailed overview can be found in Hosmer
et al. (1997). The Brier score measures the accuracy (prediction error) of probabilistic
predictions (Brier, 1950). It can be thought of as either a measure of the "calibration" of
a set of probabilistic predictions. Two other well-known statistics are the deviance and
Pearson chi-square for comparing the observed number with the expected number. Using
a fitted model and saturated model deviance uses a likelihood ratio test. All the methods
discussed above are for a single outcome and are not readily applicable to the joint model.

Muenz and Rubinstein (1985), Bonney (1986, 1987), Azzalini (1994), Islam and Chowd-
hury (2006), Islam er al. (2009), and Islam and Chowdhury (2010) proposed regressive
logistic models under the Markovian assumptions to include both binary outcomes in pre-
vious times in addition to covariates in the conditional models (Islam et al., 2014, 2012,
2009, 2004). This approach reduces the over-parameterization as occurs for conditional
models such as Markov models (Islam ef al., 2013). The framework proposed by Islam
and Chowdhury (2010) for binary responses from repeated measures data links the con-
ditional process and obtains predictive outcome based on the whole process through all
possible trajectories to obtain the joint model (Islam ez al., 2013, 2012; Islam and Chowd-
hury, 2010). They also proposed modified deviance, extended Hosmer-Lemeshow test
and the ROC curve for repeated measures for binary outcomes to test the goodness-of-fit
and discriminative power.

Most of the available measures to check the model performance are for a single binary
outcome and are not directly applicable to test the goodness of fit of the joint model for
multinomial outcomes. At this drop back, we proposed a test to check the goodness-of-
fit for a joint model for multinomial outcomes from repeated measures. The proposed
model takes account interdependence in the outcomes variables which applies to each
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subject. Also, we showed a test of independence to check the association among repeated

outcomes along with bootstrap simulation.

4.2 Regressive multinomial logistic models

Figure 4.1 displays the transitions between categories of three outcomes Y1, ¥> and Y3
from three follow-ups. Outcome levels (0,1,2) are denoted inside the rectangles. Here,
first column shows marginal probabilities and second onward are conditional probabili-
ties. Marginal and conditional probabilities are estimated using marginal and regressive

models.
51 15} 13
| Follow-up 1 | Follow-up 2 | Follow-up 3 |
" P(Yi =y |x) " P(Ya =y |y1,X) " P(Y5=s]|yny1x)
0 =no event 0 =no event 0 =no event

T =

= ~

1 =event 1 *”f:‘*;** l=event] F---X---4 1=event]l

2 =event 2 1 2=-event2 1 2 =-event 2

FIGURE 4.1: Transitions between states for regressive models.

4.2.1 Notations

Let Y;1,Yp, ..., Yy, are the responses from i-th subject at j-th follow-up where (i = 1,2,...,n)
and (j = 1,2,...,J;), J; is the number of follow-ups for subject i. For simplicity, subscript
i is omitted henceforth unless explicitly specified. Assume, Y; = s follows multinomial
distribution where (s =0, 1,2,...,S) with S+ 1 outcome categories and denoting non-
event by category 0. For simplicity, consider outcomes with three categories (s = 0,1,2).
The risk of a sequence of events is estimated from the joint probability mass function of
Y1,Ys,...,Y; with covariates vector X — x as follows:

PYi=y,Ya=y,..Y =y | X =x)
:P(Yl =y |X:x) XP(YZ =y | Y =y1;X :x)
X ... XP(Y] =5 ’ Y 1=Yj 1,11 =y X :x)

= Pyl (x) X Py2~y1 (x) X X Ps-yjfls-us)’l (x)’

(4.1)
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where X' = [l,xl, ...,xp] is vector of covariates for a subject at first follow-up and X = x
can be time dependent. We have used Y; = s as the observed outcome for the last follow-
up to specify the category of a specified outcome at the endpoint.

P(Y; = s | X = x) = Py(x) is the marginal probability function of ¥; conditional on x;
P(Y;=s|Yj—1 =yj-1;X =x) = P, ,(x) is the probability function of ¥; conditional
on y;_1 and x of order one;

PY;=s|Y_1=yj-1.Yj 2=y, 2 X=x)= Py 1y (X = x) is the probability func-
tion for ¥; conditional on y; 1,y; > and x of order two;
PYy=s|Y1=yj-1.Yj2=Yyj2..Y1i=yX=x) = Py 1 yiam (x) is the proba-
bility function of ¥; conditional on y;_1,...,y; and x of order k = j — 1.

The joint probabilitiy is defined as:

PY1=y.Y2 =y2,.Y; =31 | X =x) = Py y,...y;(%).

The log-likelihood function of the joint mass function can be obtamed as:

n
= ZlnP(Yil =yi.Yo =yi,.Yu =y | X =x)
i—l

Z InP(Y;y =y | X =x)+InP(Yp =yp | Yi =yin; X =x)

+ e+ InP(Yy = 5| Y(jo1) = Yi(j—1)>- Y = Yi: X =x)|.

Here, Y;; = s is used as the observed outcome for the last follow-up to specify the category
of a specified outcome at the endpoint.

4.2.2 Marginal model

Multinomial logistic regression is a natural choice to model a nominal outcome Y; as a
function of covariates vector X = x. This model, for the outcome Y; with three categories
(0,1,2) will produce two sets of parameter vector (Y] =1 vs. Y =0 and Y; = 2 vs.
Y1 = 0). The marginal model P(Y; = y; | Z) can be shown as:

2B 255(2)
PS(Z):P(Y1:S|Z): ) - ) 5 SZO,I,Z, (42)
Yy e(Z/Bs) ) e8s(Z')
s=0 s=0
. @) { 0 ifs=0
where g = P(Y1=s|Z .

here gs(Z) is the first logit of s-z4 component of y; conditional on Z and

gs(z) = ﬁSO +ﬁSIZI + aes +ﬁspzp, S = 1,2,
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where Z' = 11,Zy,....Z,] =X"=[1,X),....X,] and ﬁ/s = [Bs0. Bs1> ---» Bsp] are the parameter
vectors of the s-th component for outcome ¥ where B} = [Bi0, i1, Bip] and By =
[B20,B215 - Bap), B} and B3 are 1 x (p+ 1) vectors totalling a [(p + 1)2] regression
coefficients.

4.2.3 First order regressive model

The first order regressive model P(Y> =y, | ¥ = y1,Z) can be shown as:

egl,V] (Z)

PS.yl(Z):P(YZZS’YI:ylaz)zz—a Say1:0a1’2, (43)
Z egs-)’l (Zl)

s=0

0 ifs=0
where gy, (Z) =9, [P<Y2=s\2>

Fichg) fe=12

here g;.,, (Z) is the second logit of s-th component of y; conditional on previous outcome
Vi, Z and

8s.y1 (Z) :ﬁs.ylo + Bs.yl 121+ ...+ ﬁs.ylpzp + ﬁs.yl (p+1)Zp+1
+ Bs.yl (p—|—2)Zp+2, s=1,2,
where Z' = [1,Z1,....2p, Zp+1,Zp12) = [X'.D'] = [1,X1,...,Xp,D11,D12). Here Dy and
D1, are the dummy variables for categories 1 and 2 of outcome Y; with O as the reference

category. Here X' isa 1 x (p+1) and D' is a 1 x 2 vector producing a total of [(p+1) +
2]2 regression coefficients.

4.2.4 Second order regressive model

The second order regressive model P(Y3 =y3 | Y] = y1,Y2 =y,Z) is

852 (Z)
ngZ,yl(Z):P(Y?’:SlYl :yl’Yzzyz’Z):—5 S:O91’27 (44)

2
Z egs.y2 (Z/)
s=0

0 ifs=0
where g;.,,(Z) = In [%} ifs=1,2
PY3: 9 &y

here g;.y,(Z) is the third logit of s-zh component of y3 conditional on previous two out-
comes y1, y2, Z and

8532 (Z) =Pis.yy0 + Bsys1Zi + oo+ BsyopZp + Byy, (4 1) Zp+1
+ B ya(p+2)Zp+2 + By gy (p+3)Zp+3: FBsyy (pa)Zpra s = 1.2,
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where Z' = [1,Z4,...Zp, Zp+1,Zp+2.Zp 13+ Zp+4)
= [X'.D'] =[1.X),...X,D11,D12,D21,D2)] .

Here Dy and Dy, are the dummy variables for categories 1 and 2 of outcome variable Y;
and D, and D,; are the dummy variables for categories 1 and 2 of outcome variable Y,
with 0 as the reference category. X' isa 1 x (p+1) and D' is a 1 x 4 vector producing
[(p+ 1) + 4] regression coefficients with a total of [(p + 1) + 4]2 regression coefficients.

4.2.5 Higher order multistate regressive model

Above regressive model could be generalized for k-th order (k = j— 1) for S outcome
levels is shown as:

egS-yj_l(Z)
Piy; 1 (Z) =P(Yj=s |V =y1,..Yj 1 =yj-1.Z) = — g0y (2
e syj—1
sgo
s = 0,1,2,...,5, (45)
" ) { 0 ifs=0
where g, | — P(Yi=s2) o
: In [W} ifs=1,2,..5,

is the j-th logit of the s-th component of y; conditional on previous j— 1 outcomes
Y1,¥25--Yj—1, Z and

8s.yj-1 (Z) :ﬁs‘)’j—lo + BS-ijllzl tot ﬁs-yj—lpZP + Bs.yj,l(p+l)zp+l
+ oot By, (prs)Zp+s By (s Zprs+1 o
tBoyii(pras)Zpras t ot By pr G- 1s 0 Zp+ (- Ds ]

ot By i lpr -5+ Z0p (-8l S = 12087 > 1

where

Z'=(1.21,..Zp, Zp1 1, s Zps,
N
Zp+5+1,...,Zp+25,...,Z[er(j_])SJr]],...,Z[er(j_])SJrS]} = [X ,D]

= [I,Xl, ...,Xp,Dll, . D15,D71,...,Dos, '"’D(j—l)l’-"’D(j—l)S} .

Here, DH,...,DlS,Dzl,...,Dzs,...,D(j,m,...,D(j,I)S are the dummy variables for cate-
gories 1,2,...,S of outcomes yj,ys,...,y;—1 with 0 as the reference category, respectively.
X' is a1 x (p+1) vector of covariates and D’ is a 1 x [(j — 1)S] vector of dummy
variables for previous y;_1,...,y; outcomes with S+ 1 categories considering 0 as the ref-
erence category. There are [(p+ 1) + (j— 1)S] regression coefficients for s-th component
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of the model and with a total of [(p+ 1) + (j — 1)S]S regression coefficients. Number of
parameters in various models are shown in Table 4.1.

TABLE 4.1: Number of parameters for different models.

Models Constant only s-th component Full
Marginal S p+1] p+1]S

First order regressive S [p+1+S] [p+1+S]S
Second order regressive S [p+1+2S] [p+1+2S8]S
j— 1 th order regressive S [(p+1+(1—1)s)] [(p+14+(G—1)S)]s

It may be noted that first and all higher order regressive models are equivalent to that of
the marginal multinomial logistic regression models shown in equation (4.2). Regressive
models for any order shown in equation (4.5) can be estimated using appropriate data
structure and usual SAS, STATA or R-package or other software capable of fitting multi-
nomial logistic regression. We used R software to do all the computations and *'multinom’
function of R package "nnet" is used to fit all the marginal and regressive multinomial

models.

4.2.6 Predictive models and joint probabilities
The predicted joint probabilities of P(Yl =y.Y2=y2,...Y;j=y;| x) can be obtained as:

PYi=y,Ya=y,..Y, =y | x) = P(Y1 = y1 | x)X,..., X
PYy=s|Yic1=Yj-1, Y1:yl;x)xP(Y2:y2|Y1:y1;x)
=By, (x) X Py, () X x Py (%) (4.6)

Based on the equation (4.6) the predicted joint probabilities for ¥; and ¥> is
p)’h}’z(x> = p(Yl =yLHh=w»m | x),
the conditional probability for ¥ = s given Y| and x is

ps-y1 (x) = p(YZ =9,

=y1;X),

and the marginal probability for Y] given x is

Py (x) = P(Y1 =y | x).

The joint probabilities can be predicted using marginal and conditional probabilities as:

PYi=y.Ya=y|x)=PY1 =y |x)x P(Ya=1s,]Y1 =y1;x)

" R 8 “4.7)
= P, ,,(x) = P, (x) x By, (x).
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Then for outcomes y, y» with categories 0,1 and 2 and using equation (4.7) we can predict
joint probabilities from conditional and marginal probabilities as follows:

p(Yl :yl,Y2:s|x) :p(Yl :yl;x) Xp(Y2:S|Yl :yl;x),
s=0,1,2; v, =0,1,2; j=1,2.

Similarly, for j-th outcomes y1,y>,...,y; we can predict joint probabilities using marginal
and conditional probabilities as:

PV =yL,Ya=y2..Y =s|x) =PV =yx)x P(a =y, | V| = y1;%)
X ... XP(YJ:S | Yj_l :yj_1,...,Y1 :yl;x), S:O,l,z;
yl,.“yj_l = 0,1,2; j: 1,2,...,].

4.3 Tests

The prediction of the joint probability of events is based on the joint model, hence, we
need to check the goodness-of-fit of the joint model. It is also of interests to check the
association (independence) of repeated outcomes.

4.3.1 Independence of outcomes Y; and Y,

The observed counts of ¥ and ¥, from two follow-ups each with 3 categories (s =0,1,2)
as defined in Section (4.2.1) will produce 9(= 3.3) possible outcomes which can be shown
as a 3 x 3 cross-classification table using Y; as row and Y, as column variables. Let,
nay and ey, are observed and expected cell frequencies. The subscripts a (a = 0,1,2)
and b (b =0, 1,2) denotes the categories of Y7 and Y> and n,y, nyp, e,4+ and e, are
the marginal totals of observed and expected frequencies corresponding to Y; and Y.
Assuming cell counts follow a multinomial sampling and joint probability p,;, of (¥Y1,Y2)
with the restriction )} e,;, = n, the null hypothesis (Hy :) is the statistical independence

a b
(Agresti, 2013) of Y1 and Y;. Under the null hypothesis H :
DPab = Pa+D+b, forall a and b, (4.8)

where p,+ = ngyy /nand p,j, = ny;/n are the marginal probabilities corresponding to Y
and Y>.

Under the null hypothesis (Hp :); e, = E (nap) = npa+ p+p. The estimates of the unknown
marginal probability can be obtained from the marginal model shown in equation (4.2).
Those are p,+ = P,,(z) and p1p, = Py, (z). Then &, = npatpip-
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In the presence of independent variables in the model there will be covariate patterns.
Long (1997) proposed to use the mean predicted probability for each count after control-
ling for independent variables empirically. Islam and Chowdhury (2017) showed model
based marginal probabilities can be estimated directly from multinomial distribution. As-
suming cell counts follow the Poisson distribution they used the connection between Pois-
son and multinomial distribution to obtain the predicted probabilities for categories of Y}
or ¥, (Islam and Chowdhury, 2017).

4.3.2 Pearson X? statistic

Using the observed and expected frequencies the Pearson X2 statistic to test the null hy-
pothesis of independence (Hp) is:

PRV
X2 — ZZ (nab _ eab) ’ (4.9)

4.3.3 Likelihood-ratio chi-squared statistic

The deviance G can be used to test the above hypothesis. The deviance can be shown as:
2 Nap

G*=2Y"Y nglog (—) (4.10)
a p eab

both the statistics X2 and G? using model based estimates are asymptotically distributed as
2% with (3—1)(3—1) = 4 degrees of freedom assuming total n fixed for each marginal.

Both the statistics X? and G readily generalizes for more than two outcomes. For out-
comes Y1, Y> and Y3 the estimates of joint probability p,p. can be obtained from marginal
probabilities of Y1, > and Y3 as pape = Py, (2) By, (2) P;(z). Then éupe = npape. Using ob-
served frequency n,;. and expected frequency é,;. both the test statistics can be calculated
as usual manner.

4.3.4 Tests for goodness-of-fit of the joint model of Y; and Y»

In equation (4.1) the joint model shown is based on marginal and conditional models as a
function of covariates to predict the sequence of events. A goodness-of-fit test is needed
to assess the suitability of such models. The null hypothesis is, Hy : the fitted model is
correct. The observed (n,;) and expected (e,p) frequencies of joint outcome of Y| and Y»
is same as defined previously. The joint probability p,; can be obtain using the marginal
and conditional probabilities as

Pab = Pa+Ppla> forall a and b (4.11)
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where, py, 1s the conditional probability, i.e., the probability of classification in column
b of Y, given that a subject is classified in row a of Y] and p,+ is marginal probabilities
of Y. The quantities e,, = np,;, are expected frequencies, where

Zzpab =1, Zzeab =n.
a p a b

Islam and Chowdhury (2017) proposed a goodness-of-fit test for repeated measures by
estimating the joint probabilities using model based marginal and conditional probabili-
ties. They showed that both the marginal probabilities of ¥; and conditional probabilities
of ¥, for any given value of Y; follow multinomial distribution.

The estimated joint probability is pup = Py, (2)P,y, (z), where P, (x) is estimated from
marginal model and y; = s in equation (4.2). If’yz.y1 (x) is estimated from first order re-
gressive model in equation (4.3). It may be noted that y, = s in equation (4.3). Then the
estimated expected frequency is, é,, = np,,. The Pearson X 2 and likelihood ratio G? can
be calculated similarly shown in equations (4.9) and (4.10). Both the statistics X 2 and G?
are asymptotically distributed as y? with (3 —1)(3 — 1) = 4 degrees of freedom as we
are using the restriction for both the marginal and conditional models as }, p,+ = n and
Yy Ppla = nforall a.

In the presence of covariates pattern one can use the predicted empirical means proposed
by Long (1997). Alternatively, we can used the predicted probabilities shown by Islam
and Chowdhury (2017) using the connection between the Poisson and multinomial.

4.3.5 Goodness-of-fit test of joint model for Y, > and Y3

The proposed method of goodness-of-fit in previous section readily generalizes for more
than two outcomes. For example, three repeated outcomes Y;, ¥> and Y3 each with cate-
gories s = 0, 1,2, the expected frequencies p,p. can be estimated as:

Pabe = pywz,y,% (x) - py1 (x) Ayz-y1 (x)py3-y2,y1 (x)

The estimated marginal probabilities for Y7 can be obtained from the fitted marginal mod-
els shown in equation (4.2) and the estimated conditional probabilities from the fitted first
and second order regressive models shown in equations (4.3) and (4.4), respectively. The
estimated expected frequencies is then é,,. = npgp. and the Pearson X 2 statistic is:

5 2
X2 _ ;;; (nabc eabc) , (412)

€abc
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and the deviance G? can be shown as:

G2 =2Y' Y'Y nulog <”“”C
a p c bc

n ) , (4.13)
€q

both the statistics X? and G? using model based estimates are asymptotically distributed
as x% with (3—1)(3—1)(3 —1) = 8 degrees of freedom due to single restriction on
marginal and conditional models as shown previously.

4.3.6 Significance of the joint model

The significance of the joint model can be tested using likelihood ratio test between joint
constant only model (Reduced) and joint full model (Full) as follows:

~2 | In Lecducea(Bo) —InLrun (B)| (4.14)

which is distributed asymptotically as x> with [{(p + 1)S} + {(p+1+8)S} + {(p+
14+28)St+...+{p+ 1+ (j—1)S}S] — jS degrees of freedom. Here 3:, includes all the
regression parameters from the constant only joint model and 31 includes all the param-
eters from the full joint model. The above test can be extended to test the significance
of a set of covariates which is important especially for the case where there is a group of
covariates to choose from.

4.4 Application

For the application we used data from wave (follow-ups) six to eight from the Health and
Retirement Study (HRS, 2014). At wave six minimum age of the respondents was 60.
In wave one, a total of 12652 subjects were interviewed in the HRS cohort out of which
9762 were age eligible (those with birth years 1931-1941). After removal of cases with
missing values for outcome variable at wave six, the number of subjects is 7130. The
outcome variables are Activity of Daily Living Index (ADL) from wave six to wave eight
(Y1,Y»,Y3). This index is the sum of five tasks (yes/no) ranging from O to 5: whether re-
spondents faced difficulties in walking, dressing, bathing, eating and getting in/out of bed.
Due to small frequencies 3 and higher values were coded as 2. The explanatory variables
considered are: age (in years), marital status (married/partnered=1, single/separated=0),
whether drink (yes=1, no=0), sex (male=1, female=0), number of conditions ever had
(N.cond) ranges from 0 to 8, White (yes=1, no=0), Black (yes=1, no=0) with others as
reference category, education (in years) and veteran status (I1=yes, 0= no). The variable
drink indicates whether the respondent drinks alcoholic beverages. Table 4.2 displays the
frequency distribution of the outcomes for different waves.
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TABLE 4.2: Distribution of Activity of Daily Living Index.
Outcomes
Outcome Y Y, Y

Value N % N % N %
0 6210 87.1 5906 86.7 5459 84.9
1 477 6.7 462 6.8 503 7.8
2 443 6.2 445 6.5 467 7.3

Total 7130 100.0 6813 100.0 6429 100.0

We assumed outcomes as nominal variables for application purpose. Parameter estimates
along with standard error and significance level for marginal and regressive models are
shown in Table 4.3. Various predictors are found to be significantly associated with out-
come variables for different models. All dummy indicators for previous outcomes are
significantly and positively associated with the current outcomes. Likelihood ratio test
for the joint model is statistically significant (p < 0.001) as shown in Table 4.4. The pre-
diction accuracy based on confusion matrix for full data and training (70% sample) data
and test (30% sample) data varies between 0.86 to 0.89 which is reasonably high (Table
4.4). Parameters estimated from training data set were applied to test data set to predict
the outcome. Also, accuracy from full, training and test data are very close, which shows
the absence of over(under)fitting for all the models.

4.4.1 Tests for independence of outcomes

Both the statistics X2 and G* showed highly significant (p < 0.001) association between
Y| and Y, (Table 4.5). The association between Y7, ¥, and Y3 are also found to by highly
significant (p < 0.001) as shown by both the statistics X?> and G? (Table 4.6) implying
dependence in outcome variables.

4.4.2 Tests for goodness-of-fit for joint model

For joint model P(Y1,Y> | X) both the X? and G? statistics showed a good-fit (p = 0.357)
as shown in Table 4.7. The accuracy of joint model is also found to be high (0.866).
However, for the joint model P(Y},Y,,Ys | X) the null hypothesis of the good-fit were
found to be rejected (p < 0.001) by both the statistics X> and G> (Table 4.8). The joint
model accuracy for prediction is computed up to the last follow-up which is shown at the
end of Table 4.8. The overall accuracy of the joint model for outcomes Y7, ¥> and V3 is
0.79 but appears to be higher (0.89) for ¥, and Y3 if ¥; = 0. The accuracies between Y»
and Y3 are relatively lower for Y| = 1 and Y| = 2. The high accuracy for ¥; = 0 may be
attributed to the subjects starting without any ADL difficulties. This better prediction is
a meaningful finding, because if someone starts without any ADL difficulties, then it is
expected that the prediction would be affected less as compared to those who start initially
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with minor or severe ADL difficulties at the beginning that might be subject to carryover
effect.

4.5 Bootstrapping

To measure the accuracy of sample estimates and proposed test statistics, bootstrapping
is used. We performed 10,000 bootstraps and computed bias, standard error, and mean
squared error for estimates. Bias is estimated as B(6) = E(8) — 6 where 6 is an estimator
of parameter 0 and mean squared error is estimated as MSE(6) = E(6 — ). Estimates
from Table 4.3 are considered as population parameters while bias, standard error and
mean squared error are computed. Bias is very small generally (less than 1 percent) for
the estimators of parameters of all models. Standard error and mean squared errors are
also found to be very small (Table 4.9-4.10). For both marginal and regressive models,
convergence are achieved for all 10,000 bootstrap samples. Density plot for all bootstrap
estimates of parameters for all models are shown in Figure 4.2 to Figure 4.6.

For the test for independence of ¥ and ¥, and goodness-of-fit of joint model P(Y1,Y, |
X), 9976 bootstrap samples showed valid computation of tests statistic. For remaining
24 bootstrap samples some cells frequencies were empty hence test statistics could not
be computed. Test of independence were significant (p < 0.05) for all 9976 bootstrap
samples. The bias for X> was 11.77 with estimated standard error 140.6 and the bias
for G*> was 6.65 with estimated standard error 84.2. For goodness-of-fit statistic (X?)
only 38 bootstrap samples (0.38%) rejected the hypothesis of goodness-of-fit with 0.216
estimated bias and 1.582 estimated standard error. For (G?) only 70 bootstrap samples
(0.70%) rejected the hypothesis of goodness-of-fit with 0.230 estimated bias and 1.664
estimated standard error.

For three outcomes (Y1,Y2,Y3), 9976 and 9973 bootstrap samples produced valid test
statistics for test of independence, X> and G2, respectively. All 9976 bootstrap sam-
ples for X2 and 9973 bootstrap samples for G> showed significant (p < 0.05) association
between outcomes Y;,Y»,Ys. The estimated bias and standard error of X2 are 136.9 and
1241.1. For G? these are 23.46 and 143.42. For goodness-of-fit-test, out of 10000 boot-
strap samples 9949 valid X2 and 9947 valid G*> were produced. For X?> among 9949
bootstrap samples 9944 (99.95%) rejected the hypothesis of goodness-of-fit and for G?
among 9947 bootstrap samples 9944 (99.97%) rejected the hypothesis of goodness-of-fit.
The estimated bias and standard error of X? are 8.241 and 8.680. For G these are 9.085
and 9.385.
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TABLE 4.4: Model statistics for marginal and regressive models.

Out- Constant only model Full model LR.T
comes Log L. Dev. AIC Log L. Dev. AIC p.v. (d.f.)
Y -3378.9 675777 6761.7  -2921.5 58429 58829 0.000 (18)
Y, -31959  6391.7 63957 -2309.0 4618.0 4666.0 0.000 (22)
Y3 -3283.0 6566.0 6570.0 -22449  4489.8 4545.8 0.000 (26)
Joint
model -19300.8 38601.4 38625.4 -13518.2 27036.3 27396.3 0.000 (72)
Accuracy
Model All Train Test
P(Y; | X) 0.873 0.871 0.878

P(Y,|Y;X) 0887 0887  0.881
P(Y;|Y,.Y;:X) 0878 0878  0.875

TABLE 4.5: Observed and expected frequencies for independence test of Y; and

Y.
Y,
0 1 2 Total
Y Nap  Cab Napy  €ab  Nap  Cap Nap  Cab
0 5412 4997 268 390 121 373 5801 5761
1 247 384 108 30 88 29 443 443
2 79 357 72 28 220 27 371 411
Total 5738 5739 448 448 429 429 6615 6615

X% 2305.92 (d.f=4, p<0.001) G*> 1471.81 (d.f=4, p<0.001)
Note: Expected frequencies are rounded to zero decimal place

TABLE 4.6: Observed and expected frequencies for independence test of Y7, ¥>

and V3.
Y;
0 1 2 Total
Y Y, Nabc Capc  Nabe  €abe  Mabe Cabc Nabe abc
0 0 4728 4624 231 234 100 98 5059 4956
1 137 156 59 55 38 34 234 245
2 35 37 21 25 36 50 92 111
1 0 161 168 43 40 21 20 225 228
1 38 33 38 41 24 26 100 100
2 10 11 22 24 44 46 76 81
2 0 42 50 16 14 14 17 72 81
1 21 16 17 23 27 35 65 74
2 9 17 27 35 140 173 176 224
Total 6099 6099

X% 14357.2 (d.f=8, p<0.001) G?> 3046.5 (d.f=8, p<0.001)
Note: Expected frequencies are rounded to zero decimal place
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TABLE 4.7: Goodness-of-fit test for joint model P(Y1,Y, | X).

Y,
0 1 2 Total
Y gy Cap Nap  €ap  Nap  Cap gy €ap
0 5412 5375 268 266 121 120 5801 5761
1 247 247 108 108 88 88 443 443
2 79 88 72 80 220 243 371 411
Total 5738 5710 448 454 429 452 6615 6615

X2 4.24 (d.f=4, p<0.357) G* (4.38 d.f=4, p<0.357)

Accuracy 0.8657
Note: Expected frequencies are rounded to zero decimal place

TABLE 4.8: Goodness-of-fit test for joint model P(Y1,Y,,Y; | X).

Y3
0 1 2 Total

Y 63 Nape é abc  Nabc é\abc Nabe é abc Nabe éabc

0 0 4728 4624 231 234 100 98 5059 4956

1 137 156 59 55 38 34 234 245

2 35 37 21 25 36 50 92 111

1 0 161 168 43 40 21 20 225 228

1 38 33 38 41 24 26 100 100

2 10 11 22 24 44 46 76 81

2 0 42 50 16 14 14 17 72 81

1 21 16 17 23 27 35 65 74

2 9 17 27 35 140 173 176 224

Total 6099 6099

X2 30.6 (d.f=8, p<0.001) G*> (32.6d.f=8, p<0.001)

Overall Accuracy 0.7932
Accuracy between Y, and Y3 for Y| =0 0.8901
Accuracy between Y, and Y3 for ¥} = 1 0.6235
Accuracy between Y, and Y3 for Y| =2 0.6674

Note: Expected frequencies are rounded to zero decimal place
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4.6 Conclusions

Use of multinomial outcomes from repeated measures data to predict the risk of a se-
quence of events are growing in recent years. Markov chain is used to link the marginal
and conditional probabilities for estimating joint probability of a sequence of events. Con-
ditional probabilities can be obtained using conditional models or regressive models. The
goodness-of-fit of the joint model need to be checked for model performance. In this pa-
per, we proposed a goodness-of-fit test for joint model obtained by linking marginal and
conditional models. Tests for the independence of repeated outcomes are also shown.
Application of the proposed tests are shown using the HRS data from the USA. Ac-
tivity of Daily Living Index (ADL) from follow-up six to eight (¥;,Y>,Y3) are used as
multinomial outcome variables. Test of independence of outcomes showed significant
departure from null hypothesis for both bi-variate and tri-variate outcomes. The hypoth-
esis of goodness-of-fit is not rejected for the joint model P(Y1,Y> | X). However, for the
joint model P(Y},Y»,Y3 | X) for the selected covariates the hypothesis for goodness-of-
fit is rejected. The acceptance of the hypothesis of goodness-of-fit for the joint model
P(Y1,Y, | X) and rejection for the joint model P(Y;,Y>,Y; | X) are also confirmed by the
bootstrap simulation results.

To measure the performance of the test statistics and regression parameters 10000 boot-
strap simulation is performed. Bootstrap estimates of the most of the regression param-
eters showed less than 1 percent bias along with the low estimated standard errors. Both
the test statistics (X> and G?) from all bootstrap sample for independence showed sig-
nificance association for two and three outcomes. This is in line with the significant
result found from full sample (Table 4.5 and Table 4.6). Bootstrap estimates of both the
goodness-of-fit statistics (X2 and G?) were in agreement to those from Table 4.7 and Table
4.8). The proposed tests readily generalize for more than three outcomes and can easily
be performed using existing software.
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TABLE 4.10: Bootstrap parameter estimates for second order regressive model.

P(Y3 | Y1,Y2:X)
Variables Category 1 Category 2

Bias SE. MSE  Bias SE. MSE
Constant -0.071 1270 1.617 -0.067 1.615 2.614

Age 0.000 0.017 0.000 0.000 0.022 0.001
Mstat 0.003 0.118 0.014 -0.002 0.152 0.023
N.cond 0.002 0.038 0.001 0.003 0.048 0.002
Drink -0.002 0.112 0.013 -0.006 0.148 0.022
Gender -0.004 0.141 0.020 -0.004 0.184 0.034
White 0.039 0.338 0.116 0.026 0.337 0.114
Black 0.036 0.352 0.125 0.026 0.350 0.124

Education  0.000 0.018 0.000 -0.001 0.022 0.001
Veteran 0.000 0.161 0.026 -0.001 0.225 0.051

D61 0.004 0.162 0.026 0.001 0.193 0.037
D62 -0.000 0.230 0.053 0.013 0.219 0.048
D71 0.006 0.155 0.024 0.008 0.190 0.036
D72 0.013 0.221 0.049 0.032 0.210 0.045

Level1:Gender  LevelLWhite Level 1: Black Level 1: Educ, Level 1: Veteran

% -4 -2 0 2 -008 -004 000 004 -08 -06 -04 -02 055 060 065 070 075 080 2 -10 -08 -06 -04

-1
Level 2: Constant Level 2: Age Level 2: Mstat Level 2: N.cond Level 2: Drink
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FIGURE 4.2: Density plot of bootstrap estimates for marginal model P(Y; | X).
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FIGURE 4.3: Density plot of bootstrap estimates for regressive model P(Y, =1Y;;X).
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FIGURE 4.4: Density plot of bootstrap estimates for regressive model P(Y, =2 | ¥;;X)
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FIGURE 4.5: Density plot of bootstrap estimates for regressive model P(Ys = 1|Y,Y2;:X).
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FIGURE 4.6: Density plot of bootstrap estimates for regressive model P(Y3 =2 | ¥;,Y,; X).
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FIGURE 4.7: Density plot of bootstrap estimates for the test statistics.
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Chapter 5

Regressive Models for Risk Prediction
of a Sequence of Ordinal Outcomes
from Repeated Measures

5.1 Introduction

The ordinal outcomes from longitudinal studies are repeatedly observed over time and
increasingly uses in many fields of studies such as epidemiology, public health, genet-
ics, reliability, environmental studies, ecology. The outcomes may represent disease sta-
tus at different stages which can be viewed as a long sequences of discrete events over
time. The interest is to model an outcome at specific follow-up with risk factors and
status at previous outcomes recorded before that follow-up to understand the disease pro-
gression over time and risk of outcome prediction (Bodilsen er al., 2016; Barnes et al.,
2013; Wallace et al., 2014; Gundersen et al., 2009; Fox et al., 2016; Bovelstad et al.,
2009). Another growing area of interest is to predict the joint probability of a sequence
of events based on specified covariates vector (Wen et al., 2016; Islam and Chowdhury,
2010; Lee and Daniels, 2007; Miller et al., 2001; Liski and Nummi, 1996; Yu, 2003).
For example, physical activity may prospectively relate to the progression of functional
limitations and disability among elderly (Beddoes-Ley et al., 2016) and may increase the
utilization of health care services. Modeling these sequences, allow us to predict likely
future outcomes. The estimation and prediction resulting from a sequence of ordinal
outcomes based on specified covariates from repeated measures data is a challenge to
the researchers. To predict the joint probability of a sequence of outcomes we need to
examine the sequence of events during subsequent follow-ups using a joint model (multi-
variate) for ordinal outcomes. From an application point of view, a multivariate approach
is often complicated and would be difficult to develop for a large number of follow-ups
(Gottschau, 1994).

The multistate higher order Markov model (conditional model) can be used to study the
underlying dependence in consecutive follow-ups (Islam ez al., 2009). Using this model
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one can investigate the relationship between recent outcomes and predictors including
previous outcomes status and risk could be calculated for a sequence of events (Islam
and Chowdhury, 2010; Islam er al., 2012). However, for a large number of repeated
outcomes, this approach involves fitting many conditional models which appear to be
restricted due to over-parameterization (Gottschau, 1994; Islam et al., 2013). Figure
5.1 displays three repeated outcomes each with three categories and twenty-seven pos-
sible trajectories (paths). To obtain the joint model, one needs to fit thirteen models,
one marginal model for the outcome at follow-up one or baseline, three first order and
nine-second order Markov models which could be computationally cuambersome and ex-
plodes for a large number of repeated outcomes (Gottschau, 1994; Islam et al., 2013).
Another choice is the regressive logistic models under the Markovian assumption which
include both binary outcomes in previous times in addition to covariates in the conditional
models proposed by various authors (Muenz and Rubinstein, 1985; Bonney, 1986, 1987;
Azzalini, 1994; Islam et al., 2004; Islam and Chowdhury, 2006, 2010; Islam et al., 2013;
Tripepi et al., 2013; Islam et al., 2014). Islam and Chowdhury (2010) proposed a regres-
sive logistic model to predict the joint probability of a sequence of binary outcomes based
on specified covariates which reduce the fitting of conditional models significantly.

Several types of regression models were proposed considering the ordinal nature of the
outcome, for example, mixed models or probit models (Walters er al., 2001; Lall et al.,
2002). The ordinal logistic regression models with different variants is a popular approach
to model ordinal response (McCullagh, 1980; McCullagh and Nelder, 1983; Anderson,
1984; Brant, 1990; Ananth and Kleinbaum, 1997; Hosmer and Lemeshow, 2000). For
example, proportional odds, partial proportional odds, continuation ratio, stereotype, ad-
jacent category, baseline category and multinomial regression models. However, these
are univariate models only for the single ordinal outcome.

At this backdrop, we proposed three regressive models for repeated ordinal outcomes and
joint model (multivariate) model is shown which are new developments. The proposed
model includes covariates, as well as the ordinal responses from previous follow-ups, and
a re-parameterization is suggested that reduces the number of parameter sets need to be
estimated. First, we propose proportional odds regressive model for repeated ordinal out-
comes by extending the POM model for a single outcome. For POM the proportional
odds assumption needs to be tested (Brant, 1990). Second, in the case of violations of
proportional odds assumption for some covariates, we proposed partial proportional odds
regressive model for repeated ordinal outcomes. Finally, the multinomial logistic regres-
sive model is shown for repeated ordinal outcomes by ignoring the ordinal nature of the
response variables. The risk for a sequence of events for specified covariates value is
estimated by linking marginal and conditional probabilities. Marginal probability is ob-
tained using proportional odds, partial proportional odds and multinomial models for the
outcome from the first follow-up or baseline. The conditional probabilities are estimated
from the proposed regressive models and the prediction of a sequence of outcomes is
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shown. A Goodness-of-fit test for the joint model is also proposed. Using data parti-
tioning (training and tests data) prediction accuracy is shown to check over(under)fitting.
Finally, an application is shown using follow-up data from the Health and Retirement
Study (HRS), in the USA.

5.2 Repeated Outcomes and Trajectories

Consider three repeated ordinal outcomes (Y1,Y> and Y3) from a longitudinal study with
three categories (0,1,2). Figure 5.1 displays the possible transitions between three out-
come categories from three follow-ups. A total of twenty-seven distinct trajectories (paths)
are possible. Outcome categories are shown inside the rectangles. Here, first column
shows marginal probabilities and second onward are conditional probabilities.To model
such outcomes natural choice is proportional odds model (ordinal logistic regression) as-
suming proportional odds assumption holds. When this assumption violates partial pro-
portional odds, and multinomial logistic regression models are alternative choices among

others.
51 15} 13
 Follow-up 1 | Follow-up 2 | Follow-up 3 |
" P(Yi =y |x) " Ph=ylyx) | P(3=s|yy1.x)
0 =no event 0 = no event 0 = no event

1 =event 1 "*f:'*;” l=eventl F---X---4 1=event]l

2 =event 2 1 2=-event?2 1 2 =-event 2

FIGURE 5.1: Transitions between states for regressive models.

5.2.1 Notations

Let Y;1,Yp, ..., Yiy, represent the past and present responses for i-th subject at j-th follow-
up where (i = 1,2,...,n) and (j = 1,2,...,J;), J; is the number of follow-ups for subject i.
For simplicity, subscript i is omitted what follows next unless explicitly specified. Define,
Y; = s where (s =0,1,2,...,8 ) with § 4 1 outcome categories. The category 0 may denote
non-event.
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The joint probability mass function of Y1,Y>,...,Y; with covariate vector X = x can be
expressed as:

PN =y1.Y2 =y, . Yy =ys | x) = P(Y1 = y1 | x) x P(Y2 = y2 | y1;X)

XX P(Yy =8|y yj-1:%) = By (x) X By, ()

X X Pyyyyeo,yio1(x), .1
where X' = [1,x1,...,x,] is vector of covariates for a subject at first follow-up. It should
be noted that X = x can be time dependent. Where
P(Y) = s | x) = Py(x) is the marginal probability function of ¥; conditional on x;

P(Yy=s|yj—1:%) = Py, (x) is the probability function of ¥; conditional on y;_; and x
of order one;

P(Y;=s|yj-2,yj-1:%) = Pyy, ,y,_, (%) is the probability function for ¥; conditional on
yj-2,yj—1 and x of order two;

P(Y;=5|Y1,00Yj-2,Yj-15X) = Py, 3,2y, (%) is the probability function of ¥; condi-
tional on yy,...,y;—1 and x of order k = j — 1.

The unconditional probability of the left hand side of equation (5.1) is defined as:

PYi=y1.Yr=y2,...Y7=y5|X) =P, .y (%)

The log-likelihood function of the joint mass function in (5.1) can be obtained as:

n J
= Z ZlnP 1 =yil, Yo =Y, Yiy =yis | X)
i=1j=1
n J
:ZZ lnP ll—Yzl’x)+lnP(Y;2—y12|ylla )
i=1j=1
+ - +h’1P(YJ =S | Yits - ,yi(jil);x) . (52)

5.2.2 Models

To obtain the joint model in Equation (5.1), we need to fit marginal and a series of con-
ditional models depending on the order of the joint model. Then we can estimate the
marginal and conditional probability from the marginal and conditional models and pre-
dict the joint probability with a specified covariates vector. In this Section, the alternative
marginal and conditional models as displayed in Equation (5.1) are proposed and the pre-
dictive and joint models are proposed later. With increasing number of follow-ups, a large
number of conditional models are required to fit which may be impractical or intractable.
A better choice is to use the regressive model from which conditional probability can be
estimated (Islam and Chowdhury, 2010). This approach requires to fit only one model for
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each repeated outcomes by incorporating previous outcomes as covariates along with the
risk factors. Following subsection details the proposed proportional odds regressive, par-
tial proportional odds regressive and regressive multinomial logistic models for repeated
ordinal outcomes.

5.2.3 Proportional odds model (POM)

Proportional odds model was proposed by McCullagh (1980) to analyze ordinal outcomes
as a function of covariates. The proportional odds model (POM), also known as the cumu-
lative odds or cumulative logit model is the most commonly used ordinal logistic model
which is based on cumulative probabilities. POM assumes that the coefficients that de-
scribe the relationship between the lowest versus all higher categories of the outcomes
are the same as those that describe the relationship between the next lowest category and
all higher categories (proportional odds assumption or the parallel regression assump-
tion). The proportional odds assumption needs to be tested (Brant, 1990). Fitting of POM
using baseline outcome as a function of covariates will provide a marginal model and
hence marginal probability. Let, the outcome Y; having s categories (s = 0,1,---,5)
with associated probabilities my+ 7y +---+ g and P(Y) < 's) = my + --- + T, where
P(Y; <0)<P(Y;<1)<---<P(Y; <S). Then the proportional odds model can be
shown as:

exp(a; — B1X)

P(Y]SS’X)Z 7 )
I +exp(a; —B1X)

s=12,---,8 (5.3)

or equivalently can be expressed in logit form as

7r0+"'+77:s
M1+ + s

logit[P(Y1 <s|x)] =In { ] =os— (fiXi+--+B,Xp)

—a,— B1X (5.4)

where o’s are the threshold parameters (cut points) and B, = [B1. B2, -+, B,/ is the vec-
tor of regression coefficients corresponding to the covariate vectors X = [X1,X»,---,X,]".
This model assumes that the effects of the covariates are same for all categories (propor-
tional odds). Then the marginal probability of s-th category is

P(x)=PY1=s|x)=PY1 <s+1|x)—PY1<s|x), s=0,1,---,5. (5.5)

5.2.4 Proposed first order proportional odds regressive model

For first order conditional model, we need to fit three proportional odds models for Y, as a
function of x by stratifying on Y;. However, as in regressive model (Islam and Chowdhury,
2010), we can fit single proportional odds model for Y, as a function of x and Y;. Then
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from the fitted model, we can estimate the conditional probabilities for different categories
of ¥, given Y7 and x. Consider two repeated outcomes Y; and Y> each having s categories
(s=0,1,---,8). Then following Islam and Chowdhury (2010) the first order proportional
odds regressive model can be shown as:

lOgil‘[P(Yz <s ’ Z)] = Oy, — (Bz.yllzl + - +ﬁ2,y1pzp +B2.y1(p—|—1)Z11
+.+ﬁ2y1(p+S)ZIS) = as.yl —ﬁlzlylz, § = 1’27"' ,S (5.6)

above logit is conditional on the previous outcome ¥} and x where oy, ’s are the threshold
parameters and

ﬂZ.yl = [ﬁ2~y11’ U ’ﬁ2~y1p’ﬁ2.y1(p+l)’ T ’ﬁZ.yl (p+S)], (57)
is the vector of regression coefficients corresponding to the covariate vectors
Z - [Zl’ e 7Zp’Zp+1’ e 9Zp+S]/ — [X,aDI] — [X17X27 e ’Xp’D117 e 7D1S]/ (58)

Here, D11,D13,---,Dg are the dummy variables for categories 1,2,---,S for Y| with 0 as
the reference category. The conditional probability of s-th category is

Py (z2) =P =s|yix) =P(Ya <s+1|y;x) —P(Ya <s|yi;x),
S,YIZO,I,"',S- (5'9)

5.2.5 Proposed second order proportional odds regressive model

Similarly the second order proportional odds regressive model for outcomes Y1, ¥> and ¥3
can be shown as:

NI B3.y2(p+S)ZP+S + B3-y2(p+S+I)Zp+S+1 + -
Bs ya(pr25)Zpt2s) = Gy, — B3, 2, s=1,2,--.8 (5.10)

logit in equation (5.10) is conditional on previous two outcomes Y; and Y, and x where
O.y,’s are the threshold parameters and

ﬁ3.y2 = [B?’.yzl TR ’ﬁ3.y2p’ ﬁ3.y2(p+l)’ T ’B3.y2(p+S)’ﬁ3.y2(p—|—S+l)
v Bayy(pras)) (5.11)

is the vector of regression coefficients corresponding to the covariate vectors

Z= [Zl,' o »Zp,Zp—H,' v ’Zp+S,Zp+S+l,' o ,Zp—I—ZS]/

o , (5.12)
= [X".D'| = [X1, X2, ,Xp, D11, D15, D21, ,Das]'.
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Here, D11,D13,-- ,D15,D31,- -+ ,Dys are the dummy variables for categories 1,2,---,S
for Y1 and Y> with O as the reference category. Then the conditional probability of s-th
category is
PS-ylyz(Z) =P(Y3=s|yynx) =P(Y3 <s+1|yy2x)
—P(Y3 <s|y1,y2x), sy1,y2=0,1,---,8. (5.13)

5.2.6 Proposed higher order proportional odds regressive model
Above regressive model readily generalizes for outcomes Y1,Y5,---,Y; as:

logit[P(Yj <s|z)]= Os.y; 1 — (Bj.yj_llzl T+ +/3j«yj71PZP +Bj~yj—|(P+1)Zp+1
+ot Bj-)’j*l (p+8)Zp+s T ﬁj&’j*l (p+s+1)Zp+s+1t -+ Bj-)’j*l (p+25)Zp+28

oA Byl G250 24 (=501 T By pr (=108 2+ (-1)s)

/

- aS.yj_l _Bj_yj7129 s = 152a"' ,S (514)

where o;’s are the threshold parameters and

Bivi s = Biviir s Bisyam Biy; i(pr1) - Bpts Bryy s (prsry> - Bptass

By pras) Biya e Ge2s By o (-ns)) (5.15)

is the vector of regression coefficients corresponding to the covariate vectors

Z - [217 o 9Zp,Zp—|-l7' ot 7ZP+S’Zp+S+17 ot 9Zp+2S,' o ’Zp+(j—2)S+1’
’Zp+(j—1)s]/ — [X',D/] — [Xl,Xz,-” . Xp,Di11,--- ,D15,D21,- -+,
DZS,D(j_1)1,“' ,D(j_1)5]/~ (5.16)

Here, Dyy,---,D1s,D21,- -+ ,DZS,---,D(j,l)l,-n ,D(j,I)S are the dummy variables for
categories 1,2,---,§ for ¥y,---Y;_; with O as the reference category. Then the conditional
probability of s-th category is

Piyiysyi1(2) = P(Y3 =5 y1,y2, Y- 1;%)
=P(Y3<s+1|y1,y2....yj—1:%) —P(Y3 < s | y1,¥2,.,Yj—13X),
s’yl’..' ’yj_l :O’]"..‘ ’S' (5-17)

5.2.7 Partial proportional odds model (PPOM)

If the proportional odds assumption violates for some predictors then alternative models
are unconstrained or constrained partial proportional odds (Peterson and Harrell, 1990)
or multinomial logistic regression models among others (Agresti, 2013; Hosmer and
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Lemeshow, 2013). The unconstrained partial proportional odds model (Peterson and Har-
rell, 1990) allows non-proportional odds for a subset of q predictors (q<p, p is the total
number of predictors in the model) for those proportional odds assumption violates. Then
the marginal model using baseline outcome can be shown as:

exp(a;— B1X —7.T)

P(Y,<s|x)= 7 , s=12,---,8. (5.18)
l+exp(o;j—B1X —v.T)
or equivalently can be expressed in logit form as
logit[P(Y, <s|x)] = as— B1X —¥.T (5.19)

where o are the cut points, T is the subset of covariates vector for which the proportional
odds assumption is violated and ¥; is a vector of regression coefficients corresponding to
the q covariates in T, ﬂ'l is the vector of the regression coefficients of covariates those are
not in q. Then the marginal probability of s-th category can be obtained using equation
(5.5).

5.2.8 Proposed first order regressive PPOM

First order partial proportional odds regressive models for two repeated outcomes Y; and
Y, can be shown as

logit[P(Ys < s|2)] = otps — ﬁ;,ylz — 9. T (5.20)

where ; ; are the cut points, T, ¥, B l2.y1 are equivalent as explained in equation (5.19)
and Z is a covariates vector as defined in equation (5.8). The conditional probability of
s-th category of Y, for given Y] and x can be estimated using equation (5.9).

5.2.9 Proposed second order regressive PPOM

Similarly, for outcomes Y1, ¥> and Y3 the second order regressive PPOM can be shown as
. /
logit[P(Y3 < s|z)] = a5 — B3,,Z— 73, T (5.21)

where o35 are the cut points, T, 3., ﬁg‘yz are equivalent as explained in equation (5.19)
and Z is a covariates vector as defined in equation (5.11). The conditional probability of
s-th category can be estimated using equation (5.13).
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5.2.10 Proposed higher order regressive PPOM

Higher order regressive PPOM for Y1, - ,Y; can be shown as
. /
logit|/P(Y; <s|z)] =0ajs— ﬂj’yHZ— ')/j'ST (5.22)

where «; ¢ are the cut points, T, ¥; s, B are equivalent as explained in equation (5.19)

/
Jyj-1
and Z is a covariates vector as defined in equation (5.15). The conditional probability of

s-th category can be estimated using equation (5.17).

5.2.11 Multinomial logistic regression model (MNOM)

Multinomial logistic regression disregards the ordering of the outcome categories (Agresti,
2013; Hosmer and Lemeshow, 2013). For baseline outcome Y; with categories (s =
0,---,S) the marginal multinomial logistic regression model P(¥; =y | x) as a function
of covariates x can be shown as
e(ﬁéx) e8s (X)
Pi(x)=P(Y,=s|x) = 5 = — , s=0,1,---.S, (5.23)
Y eBX) Y es:(X)
s=0 s=0

where gs(X) = Bso + Bs1 X1 + ... +ﬂSpo5 s=1,---,8,

and X' = [1,X),...,.X,] is a covariates vector and B} = [Bs0, B1, ..., Bsp| are the parameter
vectors of the s-th component for outcome Y; totaling a [(p 4 1)S] regression coefficients.

5.2.12 Proposed first order regressive multinomial logistic model

For outcomes Y; and Y, the first order regressive multinomial logistic model P(Y; | y1;2)
can be shown as:

eg&.ﬁ (Z)

S 2
Z egs-.Vl (Z)
=0

Py (2) =P =5]|y1:2) = 5,y1=0,1,---,8S, (5.24)

N

where

8s.y1 (Z) :ﬁs,ylo + ﬁs.yl Z1+ ...+ ﬁs_ylpzp + BS.)H (p+l)ZP+1 N
+ ﬁs.yl (p—|—S)Z[)+S’ s=1,2,---,5and

Zl = [1,Zl,...,Zp,Zp+], e 9Zp+S] = [X,aDl] = [17X17°'~’XP9D115 e 7D1S]' HereDll’ e ,D12
are the dummy variables for categories 1,---,2 of outcome Y; with 0 as the reference cat-
egory and producing a total of [(p + 1) + S|S regression coefficients.
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5.2.13 Proposed second order regressive multinomial logistic model

The second order regressive multinomial logistic model P(Y3 | y1,y2;2) can be shown as:

egS»yz (Z)
Poyiyn(2) =P(Y3=s|yiynz) = w———, s=0,1,---.5 (5.25)
Z egS-yz(Z)
s=0
where
8532 (Z) = Bsyy0 + Bsyo1 Zt + o+ BoyopZp + By (pr1) Zp+1 + -
+ ﬁs.yz(p—&-S)ZP-FS + Bs.yz(p—l—S—i—l)ZP—FS-l-] +oet ﬁs.yz(p+2S)ZP+ZS’
s=1,---,5, and
Z' =(1,Z1,..Zp, Zp1 1, Zpi5 Zpisits s Zpsas)
= [X".D'] = [1.X1,...Xp. D11, D15, D21, , Dag]. (5.26)
Here Dyy,---,Ds are the dummy variables for categories 1,---,S of outcome Y; and
D»y,- -+ ,Dyg are the dummy variables for categories 1,---,S of outcome Y, with O as the

reference category and producing a total of [(p+ 1) + 2S]S regression coefficients.

5.2.14 Proposed higher order regressive multinomial logistic model

For outcomes Y, - - ,Y; higher order regressive multinomial logistic model can be shown
as
egs.yJ;l (Z)
Poyioyir (1) =P(Yj =5y yj-132) = 40—,
Z egélyj'fl(z)
s=0
s=0,1,2,....5, (5.27)

where

85y 1 (Z) = By 10+ Bsy; 121+ oot oy 1pZp + By, (pr 1) Zp+1
+ot ﬁs.yj,l (p+8)Zp+S T Bs.yj,l (p+S+1)Zpts+1 1.t
Bs.yj,l (p+ZS)Zp+2S + ...+ ﬁs.yj,I [p—|—(j—1)S—|—1]Z[p+(j—l)5+l} +.t

Boyiilp+(-1)s+81Zp+(j-1)s+s) S = 12,0085, 7> 1 (5.28)
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and

Z = 210 Zp Zpits s 245 Zpts s Zp12Ss o Zlpec (1) 415 o

Zyi (s | = [XD'] =

1,X, ...,Xp,Dll, .. D15,D71,...,D0s, '"’D(j—l)l’""D(j—l)S

Here, DH,...,DlS,D21,...,ng,...,D(j,I)l,...,D(j,I)S are the dummy variables for cate-
gories 1,2,...,S of outcomes Y1,Y>,...,Y; 1 with O as the reference category, respectively.
There are [(p+ 1) + (j — 1)S] regression coefficients for s-th component of the model
and with a total of [(p+ 1) + (j — 1)S]S regression coefficients.

It may be noted that first and all higher order regressive models for POM, PPOM and
MNOM are equivalent to the corresponding marginal models shown in equations (5.3,
5.17 and 5.22). Regressive models for marginal or higher order can be estimated using
appropriate data structure and usual SAS, STATA or R-package or other software capable
of fitting all these model. It should be noted that the regressive model for binary outcomes
proposed earlier (Islam and Chowdhury, 2010; Bonney, 1986, 1987) are special case for
s=0,1.

5.2.15 Predictive models and joint probabilities

We can predict the risks of a sequence events from repeated measures for a subject with
specified covariates vector X* = x* for a particular trajectory as shown in the Figure 5.1.
The predicted joint probabilities of P(Y; = y1,¥> = y2,....¥Y; = y; | x*) can be obtained
using predictive models as:

P(vi=y,Ya=ys,Yy=y;|x)=P(Y; =y | x") x ﬁ( 2!y1, )
: ’XIS(YJ :S|y1""’yj*1;x*) :pyl (x*) Xpyzyl( ) X
Py g (x5). (5.29)

For simplicity, let the repeated outcomes have categories s = 0, 1,2. Then using equation
(5.29) the predicted joint probabilities P(Y; = y;,Y> = yo | x*) is

Py, (x) =P =y1.Yr =y | x*) = P(Y) = y1 | x*) x P(Y2 = 5,] y1;x)
pyl (x*> Xps-yl(x*)’ )71,)’2:0,1,2~ (530)

For POM model the predicted marginal probabilities By(x*); P (x*); P (x*) can be es-
timated from the fitted model shown in equation (5.4) and in equation (5.5). The first
order conditional probabilities P, (x*) can be estimated from the fitted first order re-
gressive POM shown in equation (5.6) and equation (5.8) using covariates vector Z =
[x*,D11,D13])" where D11,D1; = 0,1. For example, Py o(x*) and P (x*) are estimated
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using Z = [x*,0,0]; P.1(x*) and P> 1 (x*) are estimated using Z = [x*,1,0]’; P (x*) and
P, 5(x*) are estimated using Z = [x*,0,1]" and so on. Then the joint probabilities for two

outcomes IS()() = p() X p().(); pOl = ]50 X 151.0 and p()z = p() X pz_() and so on.

To estimate the joint probabilities B,,y,y, (x*), the required second order conditional prob-
abilities can be estimated using fitted POM model in (5.9) and equation in (5.13). For
example, Py go(x*) and P go(x*) is estimated using Z = [x*,0,0,0,0]"; Py 1o(x*) and
P 1o(x*) is estimated using Z = [x*,1,0,0,0]" and P; 11(x*) and P> 1 (x*) is estimated
using Z = [x*,1,0,1,0]’ and so on. Then the joint probabilities for three outcomes Pyog =
Py x Po.o x Pooo; Poor (x*) = Po(x*) x Poo(x*) x Py oo (x*) and Pooz = Py x Py.g X Prgp and
SO on.

Similarly, we can estimate the joint probabilities of a sequence of events by estimating
the marginal and conditional probabilities from partial proportional odds and multinomial
models, respectively.

5.3 Tests

5.3.1 Significance of the joint model

The significance of the joint model can be tested using likelihood ratio test between joint
constant only model (Reduced) and joint full model (Full) as follows:

=-2 [lnLReduced(ﬁo) _lnLFull(B)} (5.31)

which is distributed asymptotically as x(2 4)°

The degrees of freedom (d) for three models are as follows:

dpoy =[{(p+8)} +{(p+S+)}+{(p+25+8)}+..+
{p+(ji—1)S}+S]-Js.
dppor = [{(P"+8)} +{(p'+S+8)} +{(p' +25+8)} + ..+
{P'+(—-1)S}+58]-Js.
duvor = [{(p+ DS} +{(p+14+5)S} +{(p+1+28)S} + ..+
{p+1+(j—1)8}5]—js.

Here Bz) includes all the regression parameters from the constant only joint model and BI
includes all the parameters from the full joint model. The degrees of freedom for different
models are shown in the following table.
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Number of parameters for different models.

Models Constant only s-th component Full
Proportional odds models
Marginal S [p+S5]
First order S [p+S+5]
Second order S [p+25+5]
j—1th order S [(p+ (j—1)S)+S]
Partial proportional odds models
Marginal S P +S]
First order S P +S+S]
Second order S [P/ +2S+S]
j—1th order S (P +(j—1)8)+S]
Multinomial logistic regression models
Marginal S [p+1] p+1]S
First order S [p+1+5] [p+1+5]S
Second order S [p+1+2S] [p+1428]S
J— 1 th order S [(p+1+(G=1S)] [(p+1+(=1)S)IS
Note: p’ will depends on the scale and number of covariates in T

5.3.2 Test for proportional odds assumption

One of the important assumptions of POM is proportional odds assumption which should
be tested. In this model, the regression coefficients for models from different cut points
are same, only threshold parameters varies. Likelihood ratio test (Peterson and Harrell,
1990) and Brant test (Brant, 1990) can be used to test the proportional odds assumption.
However, these tests have been criticized for having a tendency to reject the null hypoth-
esis (Harrell, 2001).

5.3.3 Goodness of fit

It is important to check the goodness of fit for all models to have a more precise esti-
mate and refined predictions. As all marginal and regressive models boil down to the
univariate case, we used available tests for goodness-of-fit. Lipsitz er al. (1996) pro-
posed a goodness-of fit test for ordinal response regression model. Fagerland ez al. (2008)
proposed a goodness-of-fit test for multinomial logistic regression. Fagerland and Hos-
mer (2013) proposed another goodness-of-fit test for proportional odds regression model.
Also, the goodness-of-fit test for ordinal regression is applied to test the fit of the partial
proportional odds model.
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5.3.4 Proposed tests for goodness-of-fit of the joint model

All the above tests for goodness-of-fit are for a single outcome. Islam and Chowdhury
(2010) proposed a test for goodness of fit of the joint model for repeated binary outcomes.
They estimated the transition probabilities from the outcome status from previous time
point to the current time point and the current time point is considered as the end point.
The goodness of fit is tested at the endpoint of the joint model. Here we proposed a
test for repeated ordinal outcomes. The null hypothesis is, Hy : the fitted joint model is
correct. Both the Pearson and Likelihood-ratio y? statistics using observed and expected
frequencies from the joint model can be shown as

s S (n ,— 8 /)
x*=Y Yy =2 55=0]1,,Sand (5.32)
s=0s5"=0 Ess’
S S New
G*=2Y Y ngylog (-) 5.8 =0,1,---.8, (5.33)
s=05'=0 Css'

where ng¢ and é;¢ are observed and expected transition counts at the end points, Y nyy =n,
&5 = npsy. The joint probability pyy = By, (x)P,, y, (x), where P, (x) and P,, ,, (x) are
estimated from fitted marginal and first order regressive models for POM or PPOM or
MNOM. We imposed a single restriction on total sample size n fixed summing total joint
probability to 1. Both the statistics X2 and G? are asymptotically distributed as x> with
sh—1 degrees of freedom where s/ is the total number of end points (s =0,1,---,S;
j=2,---,J). Some instances there might not be any observed counts for a trajectory.
Then we can merge those end points with another trajectory. This test readily generalizes
for any number of repeated outcomes.

In the presence of covariates pattern one can use the predicted empirical means proposed
by Long (1997). Alternatively, we can used the predicted probabilities shown by Islam
and Chowdhury (2017) using the connection between the Poisson and multinomial. They
showed that both the marginal probabilities of ¥; and conditional probabilities of ¥, for
any given value of Y] follow a multinomial distribution.

5.3.5 Proposed tests for order

We extended a test for binary outcomes proposed by Islam ez al. (2009) to test the or-
der of the Markov model for ordinal outcomes. For k-th (k = j— 1) order regressive
model, dummy variables for each category except for reference level from previous j-1
outcomes are incorporated as the covariates to test the order of the model. For higher
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order regressive POM the null hypothesis is

Hy: ﬁj.yj,l(pﬂ) == Bp-i—S = ﬁj.yj,l(p+s+1) == Bp-l-ZS ==

Biyi1(p+25) = = = Biy; 1 [p+(i—2)5+1]

= ﬁ;-yj—l[P+(j_1)S] =0 (5.34)

which can be tested using following statistic:

) [lnL(Bl) —lnL(B)} , (5.35)

is distributed asymptotically as x? with [p+ (j — 1)S+S] — {(j — 1)S}] degrees of free-
dom, [p+ (j—1)S+S] is the total number of parameters of (j — 1)th order regressive
model and (j—1)S are the number of previous outcomes yi,...,y;j—1 multiplied by the
number of dummy variables (S) for each outcome. Similarly, we can test the order for
PPOM and MNOM. Then the test can be performed as follows:

(1) The likelihood ratio test can be used to test the significance of the overall model at the
first stage.

(i1) The Wald test can be used to test the significance of the parameter(s) corresponding
to the previous outcomes as shown below:

5.3.6 Overfitting, underfitting and predictive accuracy

Good fit models with the better discriminative ability and predictive power are expected to
provide higher prediction accuracy. Predictive accuracy of models is estimated from con-
fusion matrix and over(under)fitting is evaluated using training and test data sets approach
(James et al., 2013, p. 21, 29).

5.4 Application

The panel data from the Health and Retirement Study (HRS), sponsored by the National
Institute of Aging (grant number NIA U01AG09740), conducted by the University of
Michigan (HRS, 2014) is used for the application. In wave one (first follow-up), a total
of 12652 subjects were interviewed in the HRS cohort. A total of six waves (follow-ups)
of the RAND version of the data from wave six (2002) to wave 11 (2012) is used for
this application. At the wave six minimum age of subjects were 60 years. The outcome
variables considered are Activity of Daily Living Index (ADL) based on Wallace and
Herzog (1995) from wave six to wave eleven (Y1, ...,¥s). This index is the sum of three
tasks (yes/no) ranging from 0 to 3: whether respondents faced difficulties in bathing,
dressing and eating. Due to small frequencies 3 was coded as 2. The explanatory variables
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considered are: age (in years), marital status (married/partnered=1, single/separated=0),
whether drink (yes=1, no=0), gender (male=1, female=0), number of conditions ever had
(N.cond) ranges from 0 to 8, White (yes=1, no=0), Black (yes=1, no=0) with others as
reference category, education (in years) and veteran status (1=yes, 0= no). The variable
drink indicates whether the respondent drinks alcoholic beverages. After removal of cases
with missing values for outcome variable at wave six, the number of subjects is 7130.
Table 5.1 displays the frequency distribution of the outcomes for different waves.

TABLE 5.1: Distribution of Activity of Daily Living Index, Waves 6-11.

Outcomes
Y; Y] > Y; Y4 Y5 Y
levels N % N % N % N % N % N %
0 6424 90.1 5934 89.7 5437 87.8 5125 87.2 4567 84.7 4252 847
1 439 6.2 416 6.3 482 7.8 436 7.4 455 8.4 449 8.9
2 267 3.7 265 4.0 273 4.4 317 5.4 370 6.9 317 6.4

Total 7130 100 6615 100 6192 100 5878 100 5392 100 5018 100

Parameter estimates, significance level, standard errors and Brant p-value to test propor-
tional odds assumption from POM for marginal and regressive models are shown in Table
5.2. Various predictors are found to be significantly associated with outcome variables
for different models. All dummy indicators for previous outcomes are significantly and
positively associated with the current outcomes except for fifth-order model. For fifth
order model D>, D>; and D3, were not statistically significant. The overall test for pro-
portional odds assumption was violated for all models. Specifically, for marginal model
proportional odds assumption were violated for marital status, drink habit and black sub-
jects. For other models, different variables violated this assumption. Parameter estimates,
standard errors and significance level from PPOM for marginal and regressive models are
shown in Table 5.3 and Table 5.4. The PPOM models were fitted to tackle the variables
those violated the proportional odds assumption in POM. Finally, we considered ordi-
nal outcomes as nominal and used multinomial logistic regression. Parameter estimates,
significance level, standard errors from MNOM for marginal and regressive models are
shown in Table 5.5 and Table 5.6. Various predictors are found to be significantly associ-
ated with outcome variables for different models. For all three fifth order models (POM,
PPOM, MNOM) dummy variables from the previous outcome (Ys5) were statistically sig-
nificant justifies fifth order model. AIC for marginal and all higher order models were
lowest for PPOM followed by MNOM and POM.

Model statistics are shown in Table 5.7. Log-likelihood value for the constant only model
and full model for marginal and all higher order are shown for POM, PPOM, MNOM.
Likelihood ratio test between joint constant only and full models are statistically signifi-
cant (p < 0.001) for POM, PPOM, MNOM. The prediction accuracy based on confusion
matrix for full data and test and training data varies between 0.87 to 0.90 which is rea-
sonably high. Prediction accuracy for POM, PPOM and MNOM are overly similar. Also,
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TABLE 5.2: Parameter estimates of proportional odds models (POM) for different order.

Models
P(Yl |X) P(Y2|Y1;X) P(Y3|Y1,Y2;X)
Variables Bi S.E. Brant B2 S.E. Brant Bs.12 S.E. Brant
(X) p.v. p.v. p.v.
Age 0.008 0.013 0.22 0.007 0.015 0.32 0.031* 0.015 0.12
Mstat —0.380** 0.091 0.02 —0.336** 0.102 0.20 —0.203* 0.102 0.04
N.Cond 0.568** 0.029 0.19 0.398** 0.032 0.51 0.342%* 0.032 0.19
Drink —0.578** 0.096 0.00 —0.354** 0.106 0.50 —0.263** 0.101 0.01
Gender 0.125 0.109 0.78 0.278* 0.120 0.25 0.163 0.122 0.76
White —0.401* 0.194 0.34 —0.155 0.224 0.17 —0.138 0.241 0.11
Black —0.085 0.205 0.04 0.028 0.238 0.35 0.197 0.254 0.55
Educ. —0.073** 0.013 033 -0.016 0.014 0.89  —0.070** 0.015 0.65
Veteran —0.207 0.134 022 -0.274 0.147 0.82 —0.115 0.146 0.56
Dy 2.132%*% 0.118 0.01 1.093** 0.135 0.01
D> 3.725** 0.164 0.04 1.715*%*% 0.195 0.87
Dy 1.984** 0.127 0.17
Dy 3.324*%* (.186 0.86
Intercepts
01 2.426%*% 0912 3.591** 1.054 4.591*%*% 1.093
1]2 3.580** 0.913 5.017** 1.056 6.326** 1.097
Brant Overall 0.00 0.03 0.00
Models

P(Y4 ‘ Y],YQ,Y3;X) P(YS | Y],YQ,Y3,Y4;X) P(Y6 | Y[,Yz,Y3,Y4,Y5;X)
Variables ﬁ4,123 S.E. Brant ﬁ5_1234 S.E. Brant ﬁ6.12345 S.E. Brant
(X) p.v. p.v. p.v.
Age 0.054** 0.016 0.71 0.065** 0.015 0.48 0.067** 0.016 0.41
Mstat —-0.254*  0.106 0.00 —0.422** 0.101 0.31 —0.237* 0.109 0.98
N.Cond 0.310*%* 0.034 0.05 0.288** (0.033 0.77 0.332*%* 0.035 0.84
Drink —0.236*  0.108 0.00 —0.220* 0.101 0.06 —0.190 0.109 0.47
Gender 0.138 0.127 0.77 0.261* 0.124 0.27 0.303* 0.131 0.57
White 0.300 0.271 0.10 —0.188 0.239 029 —-0.021 0.262 0.14
Black 0.429 0.286 0.14 —0.089 0.256 0.07 0.156 0.283 0.71
Educ. —0.059** 0.015 0.76  —0.058** 0.015 0.15 —0.047** 0.016 0.80
Veteran —0.079 0.151 0.08 0.105 0.140 0.02 -0.163 0.151 0.04
Dy 0.747**  0.150 0.00 0.674** 0.157 0.03 0.568** 0.176 0.70
Di» 1.076** 0.229 0.82 0.565* 0.269 0.21 0.373 0.302 0.60
Dy 0.701** 0.153 0.12 0.475** 0.163 0.04 0.288 0.185 0.41
Dy 1.691** 0.227 0.43 0.620* 0.291 0.31 0.740* 0.319 0.64
D3 1.745%*% 0.127 0.01 1.196** 0.139 0.00 0.382*  0.163 0.40
D3 3.147**  0.203 0.84 1.094** 0.253 0.31 0.230 0.285 0.30
Dy 1.526** 0.132 0.07 0.861** 0.152 0.02
Dy 3.051** 0.200 0.92 1.764** 0.233 0.20
Ds; 1.839%* 0.132 0.08
Dsy 2.743** (.180 0.01
Intercepts
o)1 6.825** 1.170 7.033** 1.161 8.027** 1.286
1)2 8.397** 1.174 8.455%* 1.165 9.711** 1.291 0.00
Brant overall 0.00 0.00

* Significant at 5% level; ** Significant at 1% level.
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TABLE 5.3: Parameter estimates of partial proportional odds models (PPOM) for different order.
Models
P(Y] |X) P(Y2|Y1;X) P(Y3’Y],Y2;X)
Variables (X) B S.E. p.alue B S.E. p.alue B312 S.E. p.value
Threshold coefficients
0|1.Intercept 2432 0911 0.008 3.530 1.056 0.001 4.678 1.099 0.000
1|2.Intercept 3438 0914 0.000 4920 1.060 0.000 5919 1.103 0.000
0|1.Mstat 0.355 0.092 0.000 0.146 0.106 0.167
1|2.Mstat 0.619 0.133  0.000 0.524 0.161 0.001
0|1.Drink 0.560 0.097 0.000 0.194 0.103 0.061
1|2.Drink 1.002 0.173 0.000 0.710 0.179 0.000
0|1.Black 0.125 0.205 0.544
1|2.Black -0.203  0.226 0.369
0|1.Dy; -2.216 0.122 0.000 -1.271 0.143 0.000
1|2.Dy; -1.799 0.189 0.000 -0.603 0.205 0.003
0|1.Dy, -3.392  0.181 0.000 -1.611 0.229 0.000
12.Dy, -3.823 0.184 0.000 -1.634 0.229 0.000
Coefficients
Age 0.008 0.013 0.553 0.006 0.015 0.669 0.031 0.015 0.039
Mstat -0.339 0.102 0.001
N.Cond 0.563 0.029 0.000 0.401 0.032 0.000 0.341 0.032 0.000
Drink -0.351 0.106 0.001
Gender 0.126 0.109 0.246 0.287 0.120 0.017 0.162 0.122 0.187
White -0.399 0.194 0.039 -0.163 0.225 0.467 -0.162 0.243 0.503
Black 0.016 0.239 0.946 0.177 0.255 0.489
Educ. -0.073 0.013 0.000 -0.018 0.014 0.225 -0.071 0.015 0.000
Vateran -0.208 0.134 0.121 -0.280 0.147 0.057 -0.114 0.146 0.438
Dy
Dy,
Dy 1.986 0.127 0.000
D> 3.339  0.188 0.000
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TABLE 5.4: Parameter estimates of partial proportional odds models.

P(Yy | Y1,Y2,Y3:X)

P(Ys | Y1,Y2,Y3,Ya;X)

P(Ys | Y1,Y2,Y3,Y4,Y5:X)

Variables (X) B4.123 S.E. p.value ﬁ5‘1234 S.E. p.value ﬁ(,.12345 S.E. p.value
Threshold coefficients

0|L.Intercept 6.993 1.179 0.000 7.186 1.170 0.000 8.167 1.293 0.000
1|2.Intercept 7599 1.190 0.000 8.334 1.173 0.000 9.561 1.299 0.000
0|1.Mstat 0.182 0.109 0.097

1]2.Mstat 0.633 0.159 0.000

0[1.N.Cond -0.328 0.035 0.000

1]2.N.Cond -0.226  0.050 0.000

0|1.Drink 0.184 0.110 0.095

1]2.Drink 0.620 0.185 0.001

0|1.Vateran -0.156 0.143 0.275 0.084 0.154 0.583
1|2.Vateran 0.068 0.193 0.725 0.647 0.236 0.006
0|1.Dy; -0.974 0.161 0.000

112.Dy; -0.219 0.220 0.318

0|1.Dy2 -1.052 0.269 0.000

112.Dy> -0.928 0.268 0.001

0[1.Dy -0.743 0.178 0.000

1|12.Dy -0.089 0.221 0.689

0|1.Dy -0.498 0.348 0.153

112.Dy -0.606 0.319 0.058

0|1.D3; -1.850 0.131 0.000 -1.460 0.151 0.000

1]2.D3 -1.356 0.197 0.000 -0.727 0.192 0.000

0|1.D3;, -2.906 0.251 0.000 -0.790 0.300 0.008

112.D3; -3.066 0.226 0.000 -1.050 0.279 0.000

0|1.Dy4; -1.028 0.164 0.000
1|2.D4; -0.450 0.211 0.033
0|1.Dgy -2.024 0.306 0.000
1|12.D4 -1.468 0.262 0.000
0|1.Ds; -1.948 0.138 0.000
1|2.Ds; -1.549 0.207 0.000
0|1.Ds; -2.366 0.197 0.000
12.Ds; -2.946 0.214 0.000
Coefficients

Age 0.055 0.016 0.001 0.067 0.015 0.000 0.069 0.016 0.000
Mstat -0.431 0.102 0.000 -0.243 0.110 0.027
N.Cond 0.285 0.033 0.000 0.329 0.036 0.000
Drink -0.217 0.102 0.033 -0.190 0.110 0.085
Gender 0.136 0.128 0.289 0.259 0.125 0.038 0.293 0.132 0.027
White 0.271 0273 0.321 -0.223 0.238 0.349 -0.061 0.263 0.816
Black 0.408 0.288 0.157 -0.124 0.256 0.628 0.114 0.284 0.687
Educ. -0.059 0.015 0.000 -0.058 0.015 0.000 -0.046 0.016 0.004
Vateran -0.081 0.152 0.594

D11 0.709 0.157 0.000 0.577 0.179 0.001
Dy 0578 0.272 0.033 0375 0304 0.217
Dy 0.711 0.155 0.000 0.305 0.187 0.103
Dy 1.753 0.231 0.000 0.757 0.322 0.019
D31 0.414 0.164 0.012
Ds; 0.204 0.287 0477
Dy 1.550 0.133 0.000

Dy 3.075 0.198 0.000
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Repeated Measures

accuracy from full, training and test data are very close for POM, PPOM, MNOM., which
shows the absence of over(under)fitting for all models.

Table 5.8 displays the goodness-of-fit test results of joint models based on proposed Pear-
son x2 and Likelihood ratio ¥2. None of the joint models using POM showed good fit.
However, for PPOM fifth order joint model and for MNOM fourth order joint models
showed a good fit based on Pearson x2. Many variables were not included in the model to
keep the application simple which may be the reason for lack of good fit. More than thirty
33 percent of the expected frequencies are less than 5 or zeros for Joint models of sixth
order. Goodness-of-fit results are in line with the high prediction accuracy as shown in the
Table 5.7. As our objective is to develop a modeling framework for risk prediction of a
sequence of events we did not do further modeling exercise to obtain good fitted models.

TABLE 5.7: Proportional odds, partial proportional odds and multinomial models statistics.

Model Constant Full Model Likelihood ratio test Accuracy

only

model

Log L. AlC Log L. x? df. p.value All Train  Test
POM
P(Y; | X) -2770.6  4859.8 -24189 7035 9 0.000 0.902 0.902 0.902
P(Y, | Y1;X) -2648.1 3969.9 -1972.0 13523 11  0.000 0.906 0.907 0.906
P(Y3 | Y1,Y5;X) -2789.7 3866.4 -1918.2 17431 13  0.000 0.895 0.893 0.898
P(Yy | 11,Y2,Y3;X) -2762.4 3636.7 -1801.4 19221 15 0.000 0.895 0.896 0.897
P(Ys | Y1,Y2,Y3,Y4;X) -28746 3887.6 -19248 1899.6 17  0.000 0.872 0.874 0.871

P(Ys | Y1,1,Y3,Y4,Y5;X)  -2663.6 3346.1 -1652.1 2023.1 19 0.000 0.875 0.877 0.867

Joint model -16509.1 -11687.2 9643.7 84  0.000
PPOM
P(Y; | X) -2770.6 48369 -24045 7323 12 0.000 0.902 0.902 0.901
P(Y2 | Y1;X) -2648.1 3956.8 -1963.4 1369.4 13  0.000 0.906 0.905 0.908
P(Y3|Y1,Y2;X) -2789.7 3843.7 -1902.9 1773.8 17  0.000 0.896 0.895 0.898
P(Yy | 11,15,Y3;X) -2762.4 3598.3 -1775.1 19746 22  0.000 0.900 0.899 0.898
P(Ys | Y1,Y2,Y3,Y4;X) -2874.6 3854.6 -1903.3 19427 22  0.000 0.877 0.876 0.875
P(Ys | 11,Y2,Y3,Y4,Y5;X)  -2663.6 3320.0 -1634.0 20592 24 0.000 0.875 0.879 0.866
Joint model -16509.1 -11583.1 98519 110 0.000
MNOM
P(Y; | X) -2770.6 48413 -2400.7 7399 18 0.000 0.902 0.901 0.902
P(Y, | Y1;X) -2648.1 39672 -1959.6 1377.0 22 0.000 0906 0.910 0.907
P(Ys|Y1,Y2;X) -2789.7 3844.6 -1894.3 17909 26  0.000 0.896 0.899 0.893
P(Yy | 11,15,Y3;X) -2762.4 35852 -1760.6 2003.6 30 0.000 0.902 0.898 0.903
P(Ys | Y1,Y2,Y3,Y4;X) -2874.6 3841.6 -1884.8 1979.7 34 0.000 0.879 0.876 0.880

P(Ys | 11,Y2,Y3,Y,Y5;X)  -2663.6 33320 -1626.0 20753 38 0.000 0.878 0.864
Joint model -16509.1 -11526.0 9966.3 168  0.000

0.883
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TABLE 5.8: Goodness-of-fit test results of joint models for POPM, PPOM and MNOM.

Models POM PPOM MNOM

x? df. pvalue  y? df. pvalue  y? df. p.value

Goodness-of-fit of joint models (Pearson y?)

P(Y1.Y; | X) 2007 8 0010 496 8 0762 436 8  0.823
P(Y1.Y2.Ys | X) 6382 26 0000 3508 126 0.110 2697 26 0.411
P(Y1.Y2.Y3.Y, | X) 182.66 77 0000 12225 77 0001 9834 77  0.051
P(Y).Y2.Y3,Y,,Ys | X)  439.80 160 0.000 17222 160 0241 29955 160  0.000
P(Y1.Y2,Y3,Y,.Ys.Ys | X) 95856 254 0.000 301.23 254 0.022 768.16 254 0.000

Goodness-of-fit of joint models (Likelihood ratio x?)

P(Y,Y,| X) 2141 8 0006 520 8 0736 455 8  0.804
P(Y1.Y2.Ys | X) 69.06 26 0000 3727 26 0071 2923 26 0301
P(Y1.Y2.Y5.Y | X) 200.70 77  0.000 13376 77 0000 11155 77  0.006
P(Y1,Y2,Y3,Ys,Ys | X) 49254 160 0000 431.00 160 0.000 36439 160  0.000
P(Y1,Y2,Y3,Y,,Ys,Ys | X) 850.42 254 0.000 633.49 254 0.000 717.16 254  0.000

5.4.1 Predicted joint probabilities

First, marginal and conditional probabilities were predicted using various specified co-
variate vector and then the joint probability of outcomes are predicted for three selected
trajectories. Those trajectories are: (i) P(Y; =0,Y, =0,Y3 =0,Y,=0,Y5 =0,Ys =0 | x*)
remains functional limitations free from wave six to eleven. (ii) P(Yl =1,HL=1Y;=
1,Y4 = 1,¥5 = 1,Ys = 1 |= x*) one functional limitations among all six waves. (iii)
P(Y1=2.Y,=2,Y3 =2,Y4 =2,Ys = 2,¥s = 2 | x*) two or more functional limitations
from wave six to eleven. Figure 5.2-5.7 displays three joint predicted risks. The predicted
risk at wave six in the graphs are marginal probability while from wave seven onward are
joint probability.

Figure 5.2 displays the predicted joint risks of events free using POM, PPOM and MNOM
by the number of previous conditions (0,2,4,6, and 8) and for a male subject. The
value of other predictors were, mstat=0, Age=65 years, whether drink=1, white=1, Educ.
=12 years, and veteran status=1. The predicted joint risk of functional limitations free
Poooooo (x*) from all three models for varying number of previous conditions was overly
similar. This probability was very high during early waves and gradually decreased at
later waves. For Pjj1111(x*) and Proooon (x*) predicted risks of events differs noticeably
for a subject with 8 previous conditions at later waves. Later waves predicted risks of joint
events are much lower compared to early waves. The highest predicted risks were based
on MNOM followed by PPOM and POM, respectively. A similar pattern was found for
the female sample (Figure 5.3).

The predicted joint risks from all three models by varying age (60, 65, 70, 75 and 80)
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FIGURE 5.2: Predicted joint probability for male from three models.

for a male subject by setting mstat=0, mean(N.cond), whether drink=1, white=1, Educ.
=12 years, and veteran status=1 is shown in Figure 5.4. The predicted risks were very
close for Pyyoooo(x*) and Pyqy111(x*) for all ages. For Prypon(x*) were very similar up
to age 70 years while a noticeable difference was observed for age 75 and 80 years. In
this case, the highest probabilities were estimated using POM followed by MNOM and
PPOM, respectively. Similar trends are observed for female sample (Figure 5.5).

Predicted joint risks for three trajectories using three models for a veteran subject is
presented in Figure 5.6 by setting age=65 years, mstat=0, N.cond =2, whether drink=1,
white=1, Educ. =12 years, gender=1. For Pypoo0(x*) trajectory there is no differences
between the predicted risks of event free from all three models. Slight differences were
observed at early waves between the predicted risks of joint events from MNOM and
POM or PPOM for Pjj1111(x*) and Prypo0o(x*) paths. The difference disappears at later
waves. A similar trend is observed for the non-veteran subject (Figure 5.7).

5.5 Conclusions

Ordinal repeated outcomes are collected from longitudinal studies in many disciplines.
There is a great demand for the prediction of the joint probability of a sequence of or-
dinal events. Usually, marginal and sequence of conditional models such as the Markov
models are employed and marginal and conditional probabilities are estimated from those
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models. Then Markov chain is used to link the marginal and conditional probabilities
to obtain the joint probabilities of a sequence of events with a specified covariate vector.
However, the number of conditional models need to fit increases with the increased num-
ber of follow-ups which is restricted due to over-parameterization and small sample size.
In this paper, we propose three regressive models for ordinal outcomes from repeated
measures (i) regressive proportional odds model, (ii) regressive partial proportional odds
model and (iii) regressive multinomial logistic model. Also, we have shown multivariate
model (joint model) for ordinal outcomes. Then a framework is shown to predict joint
probabilities for a sequence of ordinal outcomes. The proposed model and the risk pre-
diction framework is a new development. The major improvement of the proposed model
is that only one model is needed for each repeated outcome compared to the sequence of
conditional models such as Markov models. The proposed models provide the estimates
for each stage in the process conditionally and using Equation (5.1) the joint model is
obtained for any order to predict the risk of a sequence of events. The outcome variable at
the baseline is used to estimates the parameters of the marginal model and the regressive
models at the subsequent follow-ups provide the estimates of the parameters of the con-
ditional models. The proposed framework links the marginal and conditional process and
obtains predictive outcome based on the whole process through all possible trajectories.

In the proposed modeling approach interaction among previous outcomes and predictors
can easily be incorporated. The interaction terms may provide a better understanding
of the underlying process and the relationships between outcomes and risk factors. The
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likelihood ratio test for the goodness of fit and AIC for the marginal and regressive models
are shown in this paper. The prediction accuracy of POM, PPOM and MNOM for all
marginal and first-order regressive models was around 0.90 which is reasonably high.
This accuracy reduces with the increased order of the regressive models which was around
0.87. Also, two goodness-of-fit statistics (Pearson x2 and Likelihood ratio x?) for the
proposed joint models are shown. Partial proportional odds model showed good fit for
fifth order joint model whereas for MNOM fourth order joint model showed a good fit.
One can easily fit proposed regressive models and predict the risk of a sequence of events
using the available statistical software.

Predicted risks of a sequence of events for three selected trajectories for specified covari-
ates vector are presented in graphs as an example. The predicted risk of outcomes from all
six waves remaining in category one Py11111(x) and remaining in category two Ps2222(X)
for female by the number of previous conditions were noticeably different for a higher
number of previous conditions. Similar patterns are found for a male subject. It may be
noted that the number of previous conditions were significant for marginal and most of the
first and higher order regressive PPOM and MNOM, but not for POM. The proposed tests
for the joint model also suggested good fit for PPOM and MNOM for fifth and fourth or-
der joint models, respectively. Partial proportional odds followed by multinomial logistic
regression showed better prediction results in the case of violation of proportional odds
assumption. Other available models for the ordinal outcome can easily be used in the pro-
posed modeling framework. The proposed methods can be applied for analyzing and risk
prediction for a sequence of events in many fields of studies such as epidemiology, pub-
lic health, survival analysis, genetics, reliability, environmental studies, etc. This model
would be very useful for analyzing big data where a large number of repeated outcomes
are observed.
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Chapter 6

Conclusions and future research

directions

The first objective of this dissertation has been to simplify the models for risk prediction
of a sequence of events by proposing multistage modeling approach for continuous time
data those are observed from longitudinal studies. Proposing new regressive models for
multinomial and ordinal outcomes and a framework for prediction of the joint probability
of a sequence of events for longitudinally measured discrete time data has been the second
objective. In addition, proposing a test for goodness-of-fit of the joint model and a test for
independence of repeated outcomes was under consideration. The study objectives also
included a simulation to investigate the model performance as well as use of real-life data
to demonstrate the usefulness of the proposed models and risk prediction framework.

Klein et al. (1994) first showed existing methods of risk prediction of a sequence of events
for continuous time data in terms of hazards for the transition from the multi-state model
based on the work of Arjas and Eerola (1993). Later, Putter er al. (2006) and Putter
et al. (2007) presented a comprehensive illustration of prediction of the probability of
a sequence of events using the multi-state model. According to Aalen er al. (2008) this
predicted probability is a reasonable estimate of the risk of a sequence of events. However,
existing theories were demonstrated on the basis of specific problems and had several
drawbacks. In the previous attempts, the events were not considered in the multistage
framework. Hence the underlying theory remained complex. The main challenge is the
simplification, and generalization of the existing method for a large sequence of events
occurring at different stages. Also, the existing framework involves deriving multiple
complex integrals for a specific problem and special computer skills are required to use
these methods. Because of the complexity of existing methods their applications remain
limited.

In predicting the sequence of events, we need to link the likely transitions at different
stages of the process through potential trajectories (paths). The proposed alternative mul-
tistage approach simplifies the transition model for the underlying paths for risk prediction
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and provides the estimates for each stage in the process conditionally. Then the condi-
tional estimates are linked based on marginal-conditional models that provide the joint
probabilities required for predicting the risk of a sequence of events based on the poten-
tial risk factors. The proposed method for risk prediction is a simple approach, compared
to the existing ones, and this approach readily generalizes to any number of events in the
process from the beginning to the endpoints. The same integral derived for a trajectory
can be used for other trajectories. Predicted risk of a sequence of events for different
trajectories using the real-life data set from the proposed approach produced very simi-
lar results to that from the existing method. The proposed approach can be used for risk
prediction for the different disease process.

In many studies, multinomial responses are observed longitudinally during an interval
or the exact time of events are unknown which produces discrete time data. One needs
to deal with transitions to a number of states over time generating a large number of
trajectories from beginning to the end of the study. Most of the available methods of risk
prediction are for a single outcome (Yu, 2003). One approach is to use the Markov chain,
where marginal and conditional models of different order are linked to obtaining the joint
model required for risk prediction of a sequence of events (Islam and Chowdhury, 2010).
However, this approach is restricted due to over-parameterization. Also, for repeated
outcomes from a large number of follow-ups, required number of conditional models
such as the Markov models needed to be fitted grows rapidly. Fitting a large number
of conditional models would make the existing method inflexible and computationally
infeasible (Wen et al., 2016).

To overcome the problem of over-parameterization and to develop an efficient and simple
method of risk prediction, following the work of Islam and Chowdhury (2010) we have
proposed the regressive models for multinomial outcomes from repeated measures. The
motivation for this model comes from the need for generalization of competing risks mod-
els at different stages for discrete time data and prediction of a sequence of events. The
Markov chain is used to link the marginal and conditional probabilities to estimate the
joint probabilities for a sequence of events. The marginal probability is estimated using
a marginal model based on the outcome of the first follow-up, and conditional probabil-
ities are estimated from the proposed regressive model for subsequent follow-ups. The
main improvement made in the newly proposed method is that one needs to fit only a
single model for first or higher order conditional models. This formulation can easily
handle a large number of states emerging from different follow-ups from longitudinal
data. This model allows to include interaction between previous outcomes and covariates
in the model. The real data application shows the advantage of the model while the sim-
ulation study reveals minimal estimation bias associated with the model. These, together
indicate the decent performance of the proposed regressive model. Results from training
and test data showed no indication of overfitting or underfitting and showed impressive
prediction accuracy.
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For a robust and accurate risk prediction model, it is necessary to measure the model
performance which needs to be rigorously validated (Calster et al., 2017; Wehberg and
Schumacher, 2004). Also, test for independence among the repeated measures is impor-
tant. If the outcomes are independent, simpler models, such as marginal models for each
repeated outcomes can be used instead of conditional models for risk prediction of a se-
quence of events. Most of the available tests for the goodness-of-fit are for a single binary
or multinomial outcome and are not directly appropriate for the multinomial outcomes
from repeated measures.

We proposed tests to evaluate the goodness-of-fit for a joint model for multinomial out-
comes from repeated measures. One is based on Pearson chi-square, and another one
is based on likelihood ratio. We used the marginal and regressive models to obtain the
estimates of marginal and conditional probabilities. Then the joint probabilities are esti-
mated linking the marginal and conditional probabilities which are used to estimate the
expected frequencies. Using observed and expected frequencies Pearson chi-square test
is shown. For the test of independence marginal probabilities are used similarly. Findings
from the real data application and simulation study demonstrated better performance of
the proposed tests.

In various discipline, ordinal outcomes are observed longitudinally producing a sequence
of events over discrete time. Proportional odds model is a popular choice to model a
single ordinal outcome as a function of risk factors provided that the required propor-
tional odds assumption is fulfilled. In the violation of this assumption, partial propor-
tional odds model is used although other alternatives are available. For predicting the risk
of a sequence of ordinal outcomes, it is necessary to examine the events during subse-
quent follow-ups using a multivariate model. However, a multivariate approach is often
complicated and would be difficult to develop for a large number of repeated ordinal out-
comes. One approach for risk prediction of a sequence of events is to use marginal and
conditional models to obtain a joint model for risk prediction which is limited due to
over-parameterization.

Proportional odds regressive model and partial proportional odds regressive models are
proposed for repeated ordinal outcomes. Then the estimates of the conditional probabil-
ities are obtained from the proposed regressive models for ordinal outcomes. Estimates
of marginal probability and conditional probability are linked to obtain the joint proba-
bility which is the risk of a sequence of events based on specified covariate vector. It
poses all the advantages as in the regressive models for multinomial outcomes. Suggested
re-parameterization in the proposed regressive models reduces the number of parameter
sets needs to be estimated. Ordinal outcomes along with selected risk factors from HRS
data are used for the application. Estimates from the proposed approach and simulation
confirm the utility of the proposed models. The prediction accuracy is also reasonably
high along with the absence of overfitting and underfitting.
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Some important implications of the proposed methods for risk prediction of a sequence
of events from the repeated measures data are:

Proposed method for continuous time data is a simple one.

The use of marginal and conditional models reduces the multivariate problem into a
univariate problem. Each marginal, conditional and proposed regressive models are
a univariate case.

Proposed approach allows to include interaction among previous outcomes and pre-
dictors which may provide a better understanding of the underlying disease.

The predicted risk would allow health care providers to screen individuals that
would help them to suggest necessary therapy and prevention

The proposed method allows generalization to any number of stages without making
the process complex.

Using existing statistical software one can predict the risk of a sequence of events
with minimal programming knowledge.

This research suggests some future development for risk prediction for continuous time
data where the Markov models are used. It may be possible to use regressive models to re-
duce the over-parameterization for continuous time data for risk prediction of a sequence
of events. For ordinal outcomes, there are other alternative models (e.g., continuation
ratio model, stereotype model, etc.) in the case of the violation of the proportional odds
assumption. These models could easily be adopted in the proposed framework for risk
prediction which will allow comparing the results from various models for ordinal out-
comes.
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