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Abstract

In this study, we adapt a commonly used Cox-based model for recurrent events;

the Prentice, Williams and Peterson Total -Time (PWP-TT) that has been largely

used under the assumption of non-informative censoring and evaluate it under an

informative censoring setting. Empirical evaluation was undertaken with the

aid of the semi-parametric framework for recurrent events suggested by (Huang

and Wang, 2004) where a subject specific latent variable is used to model the

association between the recurrent event and hazard of the failure time. All im-

plementations were made in R Studio software, using the reReg package (Chiou

and Huang, 2019) and the method in the reReg function set to ’cox.HW’. For

validation we used HIV data from a typical HIV care setting in Kenya. Results

show that the PWP-TT model generally fit the data well, with a comparison

to the Andersen-Gill method showing similar estimates, while the ordinary Cox

model estimates were too unreliable

Keywords: Recurrent events, Loss to follow-up, HIV, Prentice, Williams and

Peterson Gap-Time, Informative censoring
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Chapter 1

INTRODUCTION

1.1 Background

Recurrent events occur in a variety of disciplines/areas of life such as recurrent

opportunistic infections in HIV patients, and episodes of asthmatic attacks. Un-

derlying processes that generate data from these events are called “recurrent

event processes and the data they provide are called recurrent event data” (Cook

and Lawless, 2007). There is a wide range of research on the analysis of this

data including the analysis of recurrence of sports injuries (Ullah et al., 2014),

multiple episodes of childhood infectious diseases (Kelly and Lim, 2000), and hos-

pitalizations for chronic kidney disease (Yang et al., 2017). A key characteristic

of recurrent events is that observations per individual are usually not indepen-

dent and in many cases correlated, with current event incidences influenced by

previous incidences.

There are a number of approaches that have been proposed to analyze recurrent

events data, including both parametric and non-parametric methods such as the

use of the Poisson and Negative binomial models (Lawless, 1987). Both of these

usually accommodate only time-independent covariates, with the Poisson further

pre-supposing a constant events rate per individual.

While these and a number of other models have been suggested, the models

most predominant in recurrent event studies for ordered outcomes are the Ander-
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son and Gill (Andersen and Gill, 1982), Prentice, Williams, and Petersen Total

Time (PWP-TT) and gap time (PWP-GT) (Prentice et al., 1981), Wei, Lin and

Weissfeld (Wei et al., 1989); and Lee, Wei and Amato (Lee et al., 1992). These

approaches are essentially extensions of the widely popular semi-parametric Cox

Proportional Hazards Model and based on extensive research been applied in

many researches under an underlying assumption of non-informative censoring.

To the best of my knowledge, there have been no noted applications with infor-

mative censoring.

Informative censoring in HIV related-studies may be noted in situations, where

there are informed drop-outs; such as sicker persons or those in either WHO

staging III or IV being withdrawn from the study or persons getting lost to the

study due to stigma-related factors.

1.2 Statement of the Problem

In a typical HIV care clinic, the risk posed by instances of loss to follow-up

(LTFU) is undesired and has the potential of undoing antiretroviral treatment

benefits. Specifically, patients’ retention in HIV care is critical to ensuring better

health outcomes especially in reduced viral load suppression, mitigating mortality

and averting possible drug resistance caused by non-adherence.

In spite of the multiple interventions in place to address incidences of LTFU

among HIV patients like enhanced adherence counselling, within-person cases of

LTFU are usually common and recurrent in nature, with the present likelihood

of a person getting lost to follow-up influenced by previous occurrences.

There is a growing body of evidence that Cox-based models typically model re-

current data quite well. While application of these methods has been evidently

widespread including in the medical field like cancer tumor recurrence and repeat

asthma attacks among others, a review of literature indicates that it has been

under the assumption of non-informative censoring.

Censoring is said to be non-informative if participants drop out for reasons un-

related to the study or recurrent process. Huang et al., 2010 note that a key
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characteristic of this is that the collection of individuals under observation at

any time is a random sample of the study population as at the origin. On the

other hand, censoring can be described as informative if study drop-outs or the

incidences of lost-to-follow-up are due to reasons related to the event process.

1.2.1 Clinical significance

This study aims at adopting one of the five Cox-based models1 and applying it

to HIV data, under the assumption of informative censoring. This study adds

to the body of HIV related literature an evaluation of factors that may lead to

LTFU among HIV patients for instances where such episodes are recurrent and

a terminal event is informative. For this study, we shall be focusing particularly

on the Prentice, Williams and Peterson Total-Time (PWP-TT).

1.2.2 Statistical Significance

A review of literature reveals that the models for recurrent events have been

reviewed, under the assumption of non-informative censoring. This study meets

a gap by providing an assessment of the model performance of one of the models,

PWP-TT, in the event that informative censoring is present.

1.3 Objectives

1.3.1 General Objective

To study and review the application of Cox-based recurrent models largely em-

ployed under the assumption of non-informative censoring and apply one of them

(PWP-TT) to HIV data under the assumption of informative censoring. The

incorporation of informative censoring is achieved using Huang and Wang, 2004

proposed joint model for recurrent events and failure time.

1The five common Cox-based models include the Andersen and Gill (AG); Wei, Lin and

Weissfeld (WLW); Prentice, Williams and Peterson, total time (PWP-CP) and gap time (PWP-

GT); and Lee, Wei and Amato (LWA)
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1.3.2 Specific Objectives

1. To review Huang’s proposed joint model.

2. To fit PWP-TT model using Huang’s proposed joint model based on HIV

data.

3. To compare estimates of the fitted PWP-TT model to those of the Andersen-

Gill (AG) and ordinary Cox model

4



Chapter 2

LITERATURE REVIEW

2.1 Limitations of the Cox PH Model

Since its introduction by Cox, 1972, the Cox proportional hazards (Cox PH)

model has by far become the most popular method for modelling the relationship

of covariates to a survival outcome. Its application has spanned a number of fields,

such as the biomedical in the study of infection following bone marrow transplant

(Farewell, 1979), assessing survival times for breast cancer patients (Abadi et al.,

2014), the identification of factors that affect the survival of tuberculosis patients

(Tolosie and Sharma, 2014) through to finance such as the stock exchange market

(Ni, 2009).

The Cox PH model is however not without its limitations. One key assumption

it postulates is the proportionality of hazards (Collett, 2015), violation of which

may lead to “overestimating the relative risk of covariates with hazard ratios that

increase over time” (Schemper, 1992). Another limitation and of interest to this

study is the application to recurrent events - “events that occur more than once

over the follow-up time for a given subject” (David and Kleinbaum, 2016, p.

332). Thenmozhi et al., 2019 as well as (Therneau and Grambsch, 2000, p. 169)

note that intra-subject correlation, a major trait of recurrent events data is not

usually incorporated in the Cox PH models. Additionally, Villegas et al., 2013

notes that “it is not suitable for recurrent event data because survival times in

the standard model terminate at the time of the event”. Applying the standard
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Cox model to recurrent data will thus lead to wastage of information as it only

considers time to first event (Castañeda and Gerritse, 2010). Other limitations

brought by onset of recurrent events data are related to the multiple time scales

and the general structure of risk sets (Therneau and Grambsch, 2000, p. 169).

These limitations have led to a number of suggested alternate approaches includ-

ing the use of parametric methods. Lawless, 1987 notably proposed using Poisson

and Negative binomial models, which come with their own drawbacks such as a

fixed rate of event occurrence over time for the Poisson (Yang et al., 2017). Also,

while parametric methods may offer some advantages over non-parametric ap-

proaches such as greater efficiency in that less parameters are estimated and

that interpretations are also more relevant interpretations of the model if the

parametric model matches the underlying data (Wheatley-Price et al., 2012),

a model misspecification can lead to invalid inferences. Other authors such as

(Therneau and Grambsch, 2000, p. 170) have however suggested modelling “a

subject’s correlation directly within the Cox framework” hence the extensions of

the semi-parametric Cox PH model, discussed next.

2.2 Application of the five extensions of the Cox

PH Models

We consider the applications of the five extended Cox models that include the

Andersen-Gill (AG) Model, Wei, Lin and Weissfeld (WLW) Model, the Prentice,

Williams, and Peterson (PWP) Total Time Model and the Prentice, Williams,

and Peterson (PWP) - Gap Time Model as well as the Lee, Wei and Amato

(LWA) Models.

In examining the recurrence of sports injuries, Ullah et al., 2014, compare three

of the aforementioned Cox model extensions (excluding the LWA and PWP-Gap

Time) while including the frailty and ordinary Cox model. A subsequent direct

application of these methods to Australian National Rugby League recurrent

injury data for the playing period 2008, revealed the poorest fit for the Cox PH

model (unsurprising given its only efficient for the first event), while the AG and
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frailty models improved the fit.

On the other hand, Kelly and Lim, 2000 propose a method of systematically

identifying the “components of the models that are appropriate for recurrent event

data, that is risk intervals, baseline hazard, risk set, and correlation adjustment.”.

From fits made to simulated data as well as a dataset of childhood recurrent

infectious diseases, they deduce that the LWA model is inappropriate for recurrent

data as it makes an individual to be “at risk several times for the same event”.

Yang et al., 2017 also compared three of the Cox based models (the AG, PWP-

Gap Time and PWP- Total time) to the fully parametric Poisson regression

model, with application to data on cardiovascular disease events. Generally, their

assessment of these models indicated that some Poisson estimates were quanti-

tatively different from those of the three Cox-type survival models. Deductively,

they encourage caution in “using the Poisson regression to analyze recurrent

events, due to its strong parametric assumptions”.

Together with the AG, and PWP-GT models, Sagara et al., 2014 additionally

applied a shared gamma frailty model, and Generalized Estimating Equations

model (GEE) using Poisson distribution to a clinical trial where recurrent malaria

episodes from a clinical trial assessed the effectiveness of three malaria treatments

– [artesunate+amodiaquine (AS+AQ), artesunate+ sulphadoxine-pyrimethamine

(AS+SP) or artemether-lumefantrine (AL)]. They note similar results for the AG

and shared frailty model, while the GEE models didn’t detect the effect of some

confounders and advise for the use of methods that account for correlation within

subjects with multiple events.

2.3 Rationale for the inclusion of informative

censoring

Ghosh and Lin, 2003 note that informative censoring occurs in situations where

the censoring times “depend on the observed or non-observed recurrent times”.

An illustration of this in the HIV setting, is the informative drop-outs such as

the withdrawal of sicker patients from a study way before study end.
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Ghosh et al., (2003) specify two possible sources of informative censoring in prac-

tical settings:- the voluntary withdrawal of subjects for reasons related to the

event process as well as death.

The exclusion of the censoring assumption from the study may generally lead

to biased estimates. Castelli et al., 2006 in adapting the Inverse Probability of

Censoring Weighted (IPCW) to study the survival times of asthma patients while

including informative censoring (patients felt they were okay and did not need to

consult a doctor) show that information coming from censoring process improves

the survival estimate. Another approach is that by Ghosh and Lin, 2003 where

they introduce a semi-parametric approach for recurrent events in the presence

of dependent censoring and apply it ALIVE cohort study (Vlahov et al., 1991).

A comparison with the accelerated failure times model as proposed by Lin et

al., 1998, which assumes non-informative censoring found that their proposed

method yielded “a much larger estimate for the effect of baseline HIV status on

hospitalizations than the method proposed by Lin”.

There is a body of literature to show that drop-outs in HIV programs are informa-

tive. (Berheto et al., 2014) in assessing the predictors of LTFU in Patients Living

with HIV/AIDS after Initiation of Antiretroviral Therapy found that sicker pa-

tients (baseline CD4 < 200 cells/mm3 – HR 1.7, 95% CIs 1.3-2.2, regimen substi-

tution – HR 5.2; 95% CIs 3.6-7.3) and receiving non-isoniazid (INH) prophylaxis

(HR 3.7; 95% CIs 2.3-6.2) as accelerators for LTFU. According to Assemie et al.,

2018, being on WHO clinical stage IV as well as receiving isoniazid preventive

therapy were significant predictors of LTFU.

On the premise of this, informative censoring is thus incorporated in this study.

2.4 Advances in the incorporation of informa-

tive censoring

A number of advances have been made to incorporate informative censoring

through accounting for the dependence between the recurrent event and cen-

soring times. Chang and Wang, 1999, suggest a joint scale model for both the
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dependent time and recurrent event gap times, while Ghosh and Lin, 2003 uses

accelerated failure models to model the relationship between recurrent events and

failure time. Ghosh and Lin, 2003 suggested the use of scale-change models to

specify the distributions of recurrent event and dependent censoring. Fully para-

metric models were also studied by Lancaster and Intrator, 1998 for the recurrent

event process and the failure time, where using a non-observed frailty terms, the

recurrent event is allowed to be correlated with the failure time.

In this study, we adopt the approach suggested by Huang and Wang, 2004 where

an unobserved frailty is used to account for the relationship between the recurrent

event and censoring times. This is achieved using a joint model where both the

failure time and recurrent event process are of interest.

9



Chapter 3

METHODOLOGY

3.1 Method and setting

Consider the rate of occurrence of recurrent events in a given time interval i.e.

(0, ΓO), where ΓO>0 is set with the information of possible epochs of recurrences

observable up to ΓO. Suppose N(t) is the number of recurrent events that occur

on or before t, t>0.

The functional rate of a recurrent event at t, t ∈ [0,ΓO], is expressed as

λ(t) = lim
∆→0+

Pr[N [t+ ∆]−N [t]>0]

∆
. (3.1)

The rate is considered theoretically different from the intensity function. Specifi-

cally, we define the functional rate as the occurrence rate of recurrent events and

is not conditional to the event history. The intensity function on the other hand

is the occurrence rate and is conditional on the event history.

Let the cumulative rate function be described as

Λ(t) =

∫ t

0

λ[µ]dλ. (3.2)

Also, suppose γ be the censoring time for observation of the recurrent event

process at termination. The interest remains the occurrence rate in the time

10



interval (0, ΓO). We define τ = min[γ,Γ0] as the new censoring time used in the

proposed models.

3.2 Prentice, Williams, and Peterson (PWP) Model

The PWP model as proposed by Prentice, Williams, and Peterson (Prentice et

al., 1981) is a ‘conditional model’ where the individuals are at risk for an event

if and only if they were at risk for a previous event. To achieve this, each event

occurrence is put into a different stratum with all participants at risk in the first

stratum. Under this model, only participants that experienced the previous event

would then be at risk for the next event (Amorim and Cai, 2015). The model

estimates both overall and event-specific effects and uses robust standard errors

to account for correlation.

When time since entry is of interest, this model condenses to total time model

(PWP-TT), while when time since last event is of interest the model becomes a

gap time model commonly abbreviated as PWP-GT. See Figure 3.1. The key

difference between this model and the Andersen-Gill (AG) is in terms of the

effects of the covariates in different strata. In the AG model, effects of covariates

are constant across all strata, while this varies in different strata for the PWP

(Amorim and Cai, 2015).

Figure 3.1: Representation of the PWP Models

The motivation for the choice of PWP model is informed by its underlying as-

sumptions relative to the nature of data under consideration. The recurrent event

11



of interest are the recurrences of LTFU. In an ideal HIV clinic set-up, LTFU clients

are expected to be followed up by expert clients. Once found, enhanced adher-

ence counseling is provided by clinicians. This affects the likelihood of the next

LTFU incidence, as the next LTFU incidence may be affected by the previous

incidence, hence a conditional relation between events.

Additionally, due to enhanced adherence counseling, the baseline hazard for each

event cannot be assumed to be similar for all events, a factor adjusted for by the

PWP. These two factors rule out the AG. The WLW is primarily ruled out due

to the fact that an individual is simultaneously at risk for all events concurrently.

The frailty assumes that correlation among events is due to some individuals

being more prone to develop recurrent event as compared to others because of

some unobserved/unknown factors. Based on the data available, we have no

rationale to indicate that individuals may be different.

The choice of PWP-TT over the PWP-GT is informed by the present capability

of implementation within the reReg package. Currently the reReg package only

works with total time specification.

3.3 Mathematical Representation of PWP Model

To include informative censoring, we built on the generic approach proposed by

Huang and Wang, 2004 where they jointly model the recurrent event process and

failure times.

The key to this approach is to model this relationship via a subject specific latent

variable, Zi, that models the association between the intensity of the recurrent

event and the hazard of the failure time.

As relayed by Huang and Wang, 2004, the intensity function is

λi(t) = ZiλO(t)exp{xα}, (3.3)

And Hazard of the failure time, D, is given by:

12



hi(t) = ZihO(t)exp{xβ}. (3.4)

Where:

λO and hO are baseline intensity and hazard functions respectively.

α and β are coefficients.

Xi(t) is the p-dimensional set of covariates

Based on the proposed intensity function by Huang and Wang, 2004, the PWP

models are modified as below. A mathematical representation of each of the

models is presented below, as well as the individual model specification with

informative censoring incorporated (Table 3.1). Essentially, each model is mul-

tiplied by the unobserved frailty, Zi.

Table 3.1: Mathematical Representation of the intensity functions of PWP models

with informative censoring

Model Name Mathematical presentation Under Informative censoring

PWP-GT Mij(t)λOj(t− tj−1)exp{X ′
β} ZiMij(t)λOj(t− tj−1)exp{X ′

β}

PWP-TT Mij(t)λOj(t)exp{X
′
β} ZiMij(t)λOj(t)exp{X

′
β}

Where:-

PWP-GT is the Prentice, Williams, and Peterson Gap-Time Model,

PWP-TT is the Prentice, Williams, and Peterson Total-Time Model

And: -

Mi(t) is the at risk indicator for the j-th event and ith person at time t. This is

1 when at risk for event j, and zero when not at risk for event j

λO is the baseline intensity function

X(t) is the p-dimensional set of covariates

13



3.4 Evaluation of the PWP-GT model under in-

formative censoring

3.4.1 Parameter Estimation

The model as proposed by Huang and Wang, 2004 jointly models the relationship

between the intensity of the recurrent event process and hazard of the failure

times, via a frailty. This then implies that we shall specifically estimate the

cumulative hazard and intensity functions. For estimation of these in the PWP-

TT, we maintain the approach suggested by Huang. A key difference in the

PWP-TT and the generic model used by Huang is the definition of the baseline

hazard. While a constant baseline hazard is assumed for the model by Huang, the

PWP-TT assumes different baseline per person and event. Since this is treated

as a nuisance parameter, the derivations as described by Huang also apply for

the PWP-TT model.

We now estimate the cumulative hazard and intensity functions below:

Starting with notations:

Let N(t) represent events occurring at or before some time To.

D be failure time, in this case LTFU due to stigma.

C failure time due to other reasons than D.

x is a vector of 1xp covariates.

Let Y be the point at which the observation of recurrent events ceases, such that,

Y=min(C, D, To). Note that C, D, and To are mutually independent.

Let mi be the number of events occurring before censoring time Yi We introduce a

non-negative latent variable Z, such that the intensity function, λi(t), is given

by

λi(t) = ZiλO(t)exp{xα}, (3.5)

with

E[Z | x] = E[Z]. (3.6)
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Additionally, the Hazard function, h(t) is given by:

h(t) = ZihO(t)exp{xβ}. (3.7)

Note that a large/small z increases or decreases the intensity and hazard respec-

tively.

The rate function is defined as

µzλ0exp{xα}. (3.8)

Estimation of the cumulative intensity function

Assuming that for individual i, observations (xi, zi,mi(ti, . . . 0, timi), Yi are made

and are iid, then the cumulative intensity function, πt, is given by

πi(t) =
ZiMiλO(ti)exp{αxi}
ZiMiΛ(yi)exp{αxi}

. (3.9)

However we assume that the density does not depend on Zi, Mi or x, reducing

the density to

πi(t) =
λO(ti)

ΛO(yi)
, 0 ≤ t ≤ yi. (3.10)

Where: ΛOyi =
∫ t

0
λ0(u)du = 1. Since we assume iid, the conditional likelihood,

Lc, is generated for n subjects, assuming mi events per individual as:

Lc =
n∏

i=1

.

mi∏
j=1

.
λO(tij)

ΛO(yi)
. (3.11)

An estimator for ΛO(yi) is generated from the work of (Wang et al., 1986) and is

given by:

ΛO(t) =
∏

(1− d

R
). (3.12)

where d is the number of patients experiencing event at time t, and R is total

persons at risk.
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To estimate α, Huang proposes a class of unbiased estimating equations, shown

below:

n−1

n∑
i=1

wix
′

i(miΛO(Y )−1 − exp {xγ}) = 0, (3.13)

where x
′
i = (1,Xi),

′
= In(µz, α

,), wi is a weighting function and Λo(Y )−1 is

defined in 1 above Huang proposes the estimation of α by replacing ΛO(Y )−1 by

3.12 above.

Estimation of the cumulative hazard function

A ‘borrow-strength’ method is proposed by Huang and Wang, 2004 for the estima-

tion of the cumulative hazard function, Ho(t). This involves first estimating the

value of the latent variable from recurrent event data, then using the estimated

value in the failure time model estimation.

1. Firstly the frailty for every individual, Zi is computed using

Zi =
mi

(Λ0(Yi) exp {αxi}
, (3.14)

with ΛO and α computed as described above.

2. From 3.11, the score function of the likelihood function, Lc, is computed as

follows:

U(β) =
1

n

n∑
i=1

∆i{Xi −
∑n

j=1 XiZj exp {Xjβ}I(Yj)∑n
j=1 Zj exp {Xjβ}I(Yj)

}. (3.15)

U(β) = ε{X∆iI(Y )} −
∫ To

0

ε{XiZj exp {Xβ}I(Yj)}
ε{Z exp {Xjβ}I(Yj)}

dε{∆I(Y )}. (3.16)

To estimate β,we equate U(β) = 0.

The estimator for HO(t) is given by

HO(t) =

∫ t

0

dε{∆I(Y )}
ε{Z exp (Xβ)I(Y )}

. (3.17)
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3.5 Evaluation of the PWP-GT Model

Empirical Evaluation of Data

Patient-level data from four facilities in central Kenya, collected between 2013

and 2018 was used. The recurrent event of interest were the incidences of loss to

follow-up. Censoring for a drop-out was considered informative, if on the basis

of the reason provided for drop-out, a person cited ‘stigma’. Additionally, time

independent covariates were incorporated in the analysis. Data preparation was

prepared to reflect the PWP-TT format as laid out by (Therneau and Gramb-

sch, 2000, pp. 187–189). Primarily, we sought to establish if the incorporation

of informative censoring improves estimation of the hazard and rate estimates.

While this study acknowledges the possibility of competing risks, they were not

incorporated in this study.

Computing environment

The models were assessed under the Rstudio computing environment. To account

for informative censoring, the ‘method’ function within ‘reReg function’ in the

reReg package (Chiou and Huang, 2019) was set to ”cox.HW”. Fitting the models

was achieved by using the cluster and strata functions in the base survival package

required by the reReg package. The Hmisc package was used to provide basic

descriptive statistics.

3.5.1 Application To HIV Data

Data Description

Determination of the incidence of LTFU was computed using the cumulative

baseline hazard technique with start of ART as time 0 and LTFU at the time a

particular patient failed to return to CCC clinic for 38 weeks since the scheduled

appointment date. The recurrent event of interest are the recurrences of LTFU,

within the period of data abstraction (January 2013 to December 2018).

In a typical HIV set-up, after determination of LTFU, several consulted efforts by

expert clients to retrace clients who are lost are implemented. The efforts include
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calling back clients and visiting them at their homes with the aim of returning

them back to clinic. Patients who return back to care are exposed to recurrence

of the event (LTFU). Censoring was considered informative if and only if at the

terminal LTFU occurrence, LTFU was due to stigma. To gain this information,

expert clients who got in touch with patients were informed by the patients that

stigma and from highly active antiretroviral therapy (HAART) was the reason as

to why they had ceased coming to the facility. On the other hand, it was non-

informative for patients who were still in care as at the end of data abstraction

period (December 2018) or for any other exists such as death as there was no

additional information to indicate if these were linked to the event process. All

these were right censored.

Among the sample of LTFU clients, additional parameters in the dataset included

- Patient ID: patient identification, which may be repeated due to recurrence of

LTFU. Time to LTFU: time to the event of interest, i.e. LTFU, which for some

patients may be recurrent. Event: which is 1 for any instance of LTFU recur-

rence and 0 if no LTFU recurrence was noted. Status: for any who did not

experience event (LTFU) recurrence (i.e. event=0). This variable records 1 for

instances of informative censoring (i.e. LTFU due to stigma) and 0 for instances

of non-informative censoring described above. Differentiated HIV care for pa-

tients who are either under differentiated care model or not, age of the patient,

gender of the patient and ARV regimen line as defined by WHO. All PLHIV

(Persons Living with HIV) adults on HAART who enrolled at four facilities in

central Kenya in January 2013 to December 2018 were considered for analysis.

Those who had at-least one follow-up visit prior to January 2013 were eligible

to be included. Children below 15 years and confirmed pregnant mothers were

excluded. Additionally, we also excluded PLHIV who had unknown ART start

date, unknown outcome, and transferred in with incomplete baseline information.

Data was pulled from point of care electronic medical database, consolidated in

MS Excel, and exported to R Studio for further analysis.

The main event variable in the analysis was Time to LTFU (in months) with

other exits treated as a competing event. Additionally, we employ a joint model

for event recurrence and the hazard of failure, with both LTFU recurrence and
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the hazard due to stigma of interest.
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Chapter 4

RESULTS AND DISCUSSIONS

4.1 Descriptive Statistics

Table A.1 gives a description of the dataset containing 58 patients. Majority of

the patients were female 35(59.3%). The average age was 36.4 years (SD=6.28),

and most patients were aged between 31 to 40 years of age. Most of the patients

(89.8%) were on a differentiated care model and on a first line regimen (57.6%).

In this study, we jointly model the recurrent event process and a failure time, with

the joint model described in section 3.3 adopted. We define the recurrent event

process as the LTFU recurrences and the failure event as LTFU due to stigma.

Using the PWP-TT model, we seek to assess the effect of select explanatory

variables (described next) on the rate of LTFU recurrence and the risk of LTFU

due to stigma. The explanatory variables of interest were gender set to 1 for

male and 2 for female, 1 for first line regimen and 2 for second line regimen, 1

if patient has ever been on a differentiated care model and 0 otherwise and age

disaggregated into three categories of less than 30, 31 to 40, and greater than 40

years.

Cumulatively, there were 256 incidences of patients loss to follow up spread among

51 patients. Overall, 6 in 10 patients (61%) experienced between 1 (inclusive)

to 6 (inclusive) LTFU incidences. The median time to lost to follow-up was 8.6

months (range: 3.0-82.9 months). Sixteen instances of informative censoring were
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reported. Event plots (see Appendix) give a visual depiction of the incidence

of recurrent events of interest (LTFU) and failure event (LTFU due to stigma)

disaggregated by variables of interest. Crude comparisons indicated an equal

incidence of failure event by regimen (first line and second line), and by gender

(male vs female). A higher incidence of both the recurrent event and failure

events was noted for those aged between 31 to 40 years of age.

Additionally, cumulative sample mean plots are provided to provide the cumula-

tive number of LTFU occurrences during the study period - Figure A.6. The

number of incidences is shown to increase consistently across the monitoring win-

dow.

4.2 Application of the PWP-TT Model to HIV

data

To empirically assess the performance of the proposed PWP-TT model under

joint modelling of both the failure and event time, we apply it to the patient level

data described in section 3.6.1. For this analysis, sex, age, regimen, and differen-

tiated care were explanatory variables included. The event was LTFU recurrence

(1 for LTFU occurrence, 0 for no occurrence). A ‘composite’ censoring variable

is used. By this, first an event variable is included in the dataset (1 for LTFU

incidence, 0 otherwise). For any person not experiencing the event (event=0),

censoring (via ‘status’ variable), with 1 for informative censoring (LTFU due to

stigma) and 0 for non-informative censoring is used. Specifically, we empirically

investigate the effect of covariates on rate of LTFU and risk of LTFU arising from

stigma using the PWP-TT model. Parameter estimates, standard errors (SE),

and corresponding p-values are shown in Table 4.1. Standard errors were esti-

mated by resampling 100 times from patient data. Given that there are currently

no model checking methods for reReg objects, we compare PWP-TT results to

those from AG and the Cox model.
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Table 4.1: Estimates for risk factors with standard errors, and p-values under the

PWP-TT model

LTFU Recurrence

coef exp (coef) StdErr p.value

Gender (base - Male) Female 0.042 1.043 0.177 0.814

Age (base - ≥ 30) 31-40 -0.004 0.996 0.326 0.991

>40 -0.045 0.956 0.311 0.884

Regimen (base - First Line) Second Line 0.061 1.063 0.211 0.773

Differentiated Care? (base - No) Yes -0.337 0.714 0.187 0.072 .

Hazard of LTFU due to stigma

Gender (base - Male) Female -2.11 0.121 0.874 0.016 *

Age (base - ≥ 30) 31-40 -3.635 0.026 1.826 0.046 *

>40 -0.213 0.808 0.824 0.796

Regimen (base - First Line) Second Line -0.394 0.674 0.776 0.612

Differentiated Care? (base - No) Yes -3.741 0.024 1.774 0.035 *

Codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

From Table 4.1, it can be noted that patients on differentiated care had lower

likelihoods for both LTFU recurrence ( 29% lower, p=0.072) as well as for the

hazard of LTFU arising from stigma ( 98% less likely, p = 0.035). Gender was

also a significant predictor of LTFU due to stigma. The instantaneous risk for

LTFU from stigma is lower for females (88% less risk, p = 0.016) compared to

their male counterparts, while also lower for those aged 31-40 when compared to

those under 30 years.

Presently, the performance of model fit cannot be assessed using routine statistical

approaches. In fact, Huang et al., 2010 note that “under informative censoring,

model checking is expected to be a difficult task in general”. Consequently,

we make general comparisons with the Cox and AG. The Cox model used here

assumed non-informative censoring assumed and only data from the first event

included. The ‘survival’ package and ‘coxph’ function in R were used to fit these
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data. To check the proportionality assumption, the Schoenfeld residuals against

the transformed time were computed with a non-significant relationship noted

(p=0.316), implying the proportionality assumption was not violated.

Results from the Cox model Table A.3 indicated that patients aged 31-40 had a

significant (p=0.009) fourfold risk of getting LTFU, compared to those under 30

years, a finding generally inconsistent with the known fact that younger persons

generally at a higher risk of getting LTFU - see (Teshale et al., 2020), Meloni

et al., 2014). The wide confidence intervals for this variable also indicate that

this findings may be volatile in the presence of different data. It should also be

noted that since only the first event was considered, the Cox model used only

23% (58/256) of available information, hence a lot of information wastage.

On the other hand, the AG model indicated a 92% reduced risk (p = 0.068) of

LTFU hazard from stigma for persons on a differentiated care program (Table

A.4), with this effect similarly significant for the PWP-TT. The direction of

effect for LTFU recurrence for differentiated care was also consistent with that of

the PWP-TT, albeit a more pronounced for the PWP-TT. Absolute differences

between the standard error estimates for the other variables between the PWP-

TT and AG are also comparable, indicating that they might have fit the data

well. Crude comparisons of the absolute difference in standard error estimates

between the two models for LTFU recurrence estimates (range: 0.004, 0.149) and

LTFU due to stigma/drug reaction (range: 0.060, 0.418) are comparable.

4.3 Discussion

The results from the PWP-TT model, indicate a reduced likelihood for LTFU

recurrence and hazard arising from stigma. These are generally unsurprising

given that one well documented benefit of differentiated care models is to fight

stigma - Kalichman et al., 2019, Grimsrud et al., 2016, as well as to generally

improve retention in care - Bacha et al., 2018, Wringe et al., 2018, Bemelmans

et al., 2014, Mutasa-Apollo et al., 2017, Avong et al., 2018. Additionally, and

consistent with known literature, the hazard of LTFU arising from stigma is

relatively high for among the youth - Wolf et al., 2014, Megerso et al., 2016.
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On the other hand, estimates from the Cox model proved too unreliable (very

wide CIs), potentially arising from the fact they used only 23% of the data. This

’wastage of information’ remains a downside for the Cox model - Ullah et al.,

2014, among other limitations. Overall, these results underline what is generally

known as regards the Cox model; that it may not be suitable in observational

recurrent studies.

The differences in estimates noted between the AG and PWP-TT are majorly

down to the assumptions of these two models. A major assumption in AG model

is that the inter-event time increments are conditionally uncorrelated with given

covariates. It also assumes the same baseline hazard for all persons, which may

not be the case for LTFU in an HIV setting, given that intensive adherence

counseling may alter the subsequent likelihood of an individual getting LTFU.

On the other hand, it is best suited to cases of independent increments across

observation units, and is also the easiest extension to the Cox model to replicate.

On the other hand, either of the PWP models (GT or TT) adjusts for varying

baseline hazards across observation units which may be efficient in the case of

LTFU, where due to adherence counseling, the baseline hazard may change for a

subsequent event may change.
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Chapter 5

CONCLUSIONS AND

RECOMMENDATIONS

In this study, we extended PWP-TT model to cover informative censoring when

making inferences on recurrent events under HIV retention setting. The proposed

methodology intrinsically extends the existing method in literature on recurrent

events under typical HIV resource limited setting. A well-defined truncation time

T, with Zi overall i.e. ZiMij(t)λoj(t− tj−1)exp(Xi(t)
′
β has been assumed. Here,

we have concentrated on the LTFU as the recurrent event, and LTFU due to

stigma as the hazard and fitted real data. It can also be developed further to

other regression/Cox methods. The concept can be extended to other approaches

by modeling λoj(t) and λoj(t− tj − 1) with proportional hazards models.

The main purpose of this work was to provide an overview, applicable statisti-

cal techniques when analyzing recurrent event data under informative censoring

in HIV retention setting. The typical real data used in this work is from a

routine well established HIV care clinic. The longitudinal approach to analyze

recurrent-event data applied here can also be applicable to other observational

cohort studies. Because the technical approach employed here are extensions of

Cox proportional hazards regression, explicit issues that affect model modification

can also be handled in the same manner as the classic applied techniques.

Generally, the choice of recurrent event data analysis technique is determined
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by several factors, i.e. events; relationship between events; varying effects across

recurrences; the medical/biological process; and independence/dependence struc-

ture. Usually the stratified models, as PWP (total or gap times) or multi-state

models, are useful whenever there are relatively few recurrent-events per individ-

ual and the risk of recurrences.

A recurrent events model will ideally help to provide insights into the pro-

gram/disease structure and process. Hence, it is critical to consider the censoring

mechanism and perform analysis that enhances comprehension of the risk factors.

Finally, the proposed method is not without limitations, particularly as regards

model checking. As highlighted by Huang et al., 2010, this is expected to be a

generally difficult task for recurrent events with informative censoring. There are

no current implementations in the reReg package in R.
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Appendix A

APPENDIX

A.1 Tables

Table A.1: A description of the dataset

Variable Disaggregation Frequency (%)

Gender Male 24 (40.7%)

Female 35 (59.3%)

Age ≥ 30 8 (13.6%)

31–40 31 (52.5%)

>40 20 (33.9%)

On differentiated Care? No 6 (10.2%)

Yes 53 (89.8%)

Regimen First Line 34 (57.6%)

Second Line 25 (42.4%)

Viral Load Result Suppressed 51 (86.4%)

Unsuppressed 8 (13.6%)
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Table A.2: LTFU recurrences and LTFU due to stigma disaggregated by variables

of interest

Terminal LTFU due to stigma
Number of LTFU Recurrences

0 1-4 5-9

Sex Male 8 (50%) 2 (28.6%) 11

(47.8%)

10

(35.7%)

Female 8 (50%) 5 (71.4%) 12

(52.2%)

18

(64.3%)

Age 5 30 3 (18.8%) 2 (28.6%) 3 (13%) 3 (10.7%)

31 - 40 5 (31.3%) 3 (42.9%) 11

(47.8%)

17

(60.7%)

> 40 8 (50%) 2 (28.6%) 9 (39.1%) 8 (28.6%)

On differentiated

Care?

No 2 (12.5%) 1 (14.3%) 2 (8.7%) 3 (10.7%)

Yes 14

(87.5%)

6 (85.7%) 21

(91.3%)

25

(89.3%)

Regimen First Line 8 (50%) 4 (57.1%) 12

(52.2%)

17

(60.7%)

Second Line 8 (50%) 3 (42.9%) 11

(47.8%)

11

(39.3%)

Viral Load Result Suppressed 12 (75%) 5 (71.4%) 20 (87%) 26

(92.9%)

Unsuppressed 4 (25%) 2 (28.6%) 3 (13%) 2 (7.1%)

Total 16 7 23 28
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Table A.3: Summary of Cox Results

coef exp(coef)se(coef) 95%

CI

(lower)

95% CI

(upper)

Gender (base -

Male)

Female -0.525 0.591 0.314 0.32 1.094 .

Age (base - ≥

30)

31-40 1.481 4.397 0.568 1.446 13.374 **

> 40 0.875 2.399 0.605 0.733 7.854

Regimen (base -

First Line)

Second

Line

-0.154 0.857 0.331 0.448 1.64

On Differen-

tiated Care?

(base - No)

Yes -0.107 0.898 0.525 0.321 2.511

Codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
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Table A.4: Estimates for risk factors with standard errors, and p-values under

the AG model

LTFU Recurrence

coef exp (coef) StdErr p.value

Gender (base - Male) Female 0.001 1.001 0.08 0.992

Age (base - ≥ 30) 31-40 0.264 1.302 0.177 0.137

>40 0.163 1.177 0.253 0.519

Regimen (base - First Line) Second Line 0.13 1.139 0.227 0.568

Differentiated Care? (base - No) Yes -0.267 0.766 10.191 0.164 .

Hazard of LTFU due to stigma

Gender (base - Male) Female -0.642 0.526 0.534 0.229

Age (base - ≥ 30) 31-40 -1.033 0.356 1.283 0.421

>40 0.809 2.246 0.746 0.29

Regimen (base - First Line) Second Line 0.936 2.55 0.667 0.161

Differentiated Care? (base - No) Yes -2.478 0.084 1.356 0.068

Codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
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A.2 Event and cumulative Hazard Plots

Figure A.1: Event Plot for LTFU recurrence and LTFU due to stigma (Terminal

Event).
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Figure A.2: Event plot by Gender
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Figure A.3: Event plot by Age
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Figure A.4: Event plot by Differentiated Care
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Figure A.5: Event plot by Regimen
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Figure A.6: Cumulative number of incidences over time
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A.3 R Code

# Recurrent Events Analysis

# Ejoku Jonathan. 111385

# ====================================================

# INITIALIZE——————————————

setwd(”D:/Google Drive/Masters/MSc/Research/Final Datasets”)

rm(list=ls()) #clear workspace

DataRecurrent Event ¡- read.csv(”DataRecurrent Event2.csv”)

set.seed(53240)

# PACKAGES——————————————–

library(Hmisc) # for descriptive stats, preloads survival package needed for Cox

model

library(reReg) # for recurrent events

attach(DataRecurrent Event)

# CONVERTING VARIABLE TYPES—————————

DataRecurrent Event$Sex3 < − as.factor(Sex2)# Gender

DataRecurrent Event$Age2 < − as.factor(Age2) # Age

DataRecurrent Event$OnDiffCare1 < − as.factor(OnDiffCare) # On Diff Care

DataRecurrent Event$Regimen < − as.factor(Endpoint Regimen) # Regimen

Line

str(DataRecurrent Event)

attach(DataRecurrent Event)

str(DataRecurrent Event)

summary(DataRecurrent Event)

names(DataRecurrent Event)
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describe(DataRecurrent Event)

sd(Age)

# SOME GRAPHS—————————————–

# Plots of recurrent events, and corresponding LTFU incidence as well as infor-

mative censoring instances

reObj < − Recur(Start %to% Stop, PatientID, Event2, status2)

plot(reObj, cex = 1.5, xlab = ”Time to LTFU in days”, ylab = ”Patients”,

main = ”Event plot for LTFU”,

terminal.name = ”LTFU due to stigma”,

recurrent.name = ”LTFU”)

plotEvents(reObj Sex2, main = ”LTFU Event plot disaggregated by Gender”)

plotEvents(reObj Age3, main = ”LTFU Event plot disaggregated by Age”)

plotEvents(reObj OnDiffCare1, main = ”LTFU Event plot disaggregated by

DiffCare”)

plotEvents(reObj Regimen, main = ”LTFU Event plot disaggregated by Regi-

men”)

# Cummulative Sample Mean Plots

library(gridExtra)

plotCSM(reObj, data = DataRecurrent Event, main = ”Baseline Cummulative

Rate Function”)

# To assess if there is any visual trend

# Taking Sex + Age + Diff Care + Regimen Line + Viral Load

———————————-

# A. Cox Model

surv object < − Surv(time = Stop, event = Event2)
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fit Cox2 < − coxph(surv object Sex2 + Age3 + Regimen + OnDiffCare1,

subset=(Stratum PWP==1), data = DataRecurrent Event)

cox.zph(fit Cox2) # Proportionality assumption not violated. cox.zph global

value = .316 ¿ 0.05

summary(fit Cox2)

# B. PWP TT

fit PWP2< − reReg(reObj Sex2 + Age3 + Regimen + OnDiffCare1+ strata(Stratum PWP),

data = DataRecurrent Event, method = ”cox.HW”, se = ”resampling”, B=100)

summary(fit PWP2)

# C. AG

fit AG2 < − reReg(reObj Sex2 + Age3 + Regimen + OnDiffCare1, data =

DataRecurrent Event, method = ”cox.HW”, se = ”resampling”, B=100)

summary(fit AG2)
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