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Abstract 

INTRODUCTION Female genital mutilation (FGM) or circumcision refers to the traditional 

practices that involve partial or complete removal of the external female genitalia and is still 

widely spread in the Egyptian society. However, a decline in the prevalence of and attitude 

towards FGM has been revealed in the last decades. 

AIMS The objective of this study is to identify how parameters such region, religion, 

educational level and occupation of the parents affect the practice of FGM. 

METHODS Data was used from the Egypt Demographic and Health surveys from 2005 to 

2014, whereby ever-married women were asked about the FGM status of their daughters. The 

dataset consisted of both right-censored and interval-censored observations. First, the survival 

function was estimated through nonparametric maximum likelihood estimation. Next, we fitted 

both semiparametric proportional hazards (PH) and parametric accelerated failure time (AFT) 

models to evaluate the effect of the parameters of interest. In addition, we assessed the extent 

of bias that would be elicited if the event times were imputed rather than using the actual 

interval-censored event times. Finally, a mixture cure model was fit to account for the presence 

of a population of girls insusceptible to FGM. 

RESULTS Independently of the type of model that was fitted, all the covariates of interest 

were shown to be significantly associated with FGM. The results show a remarkable increase 

in the hazard of FGM for girls from upper Egypt. In contrast, highly educated or Christian 

mothers seemed to substantially decrease the hazard of FGM. Right-point imputation of the 

event times showed to cause the least bias in the nonparametric estimator of the survival 

function as well as in the estimated coefficients of the semiparametric PH model, while mid-

point imputation seemed preferable for the parametric AFT model. An AFT mixture cure model 

that assumes a loglogistic distribution for the latency part and a complementary log-log function 

for the incidence part was found to best fit the data. The educational level of the mother was 

significantly associated with the proportion of girls who are insusceptible, but does not affect 

survival for girls who are susceptible. In contrast, occupation of the mother was not significant 
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in modelling the probability of susceptibility, but was significant in the latency part of model. 

All other covariates were retained in both parts of the model. 

CONCLUSION Region, religion, educational level and occupation of the parents are 

important factors in modelling the survival function of FGM. When imputed event times were 

used instead of the interval-censored event times, the extent of bias seemed to be rather limited 

and dependent of the type of imputation as well as the type of model that was fitted. However, 

further analyses are necessary to better asses the adequacy of the models that were fitted and to 

address other potential sources of bias, especially the presence of left truncation. 
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1 Introduction 

1.1 Female genital circumcision 

Female genital mutilation (FGM) comprises all procedures where the female external genitalia 

are altered or (partially) removed for non-medical reasons and is also known as female 

circumcision or female cutting [1]. Depending on the extent of the procedure, FGM is classified 

into 4 major types [1]:  

• Type I or clitoridectomy, which is the partial or complete removal of the clitoris 

• Type II or excision, which is the partial or total removal of the clitoris and the labia 

minora 

• Type III or infibulation, where the vaginal opening is narrowed by the creation of a 

covering seal, which involves cutting and repositioning the labia minora or labia majora 

• Type IV comprises all other harmful procedures 

These procedures are not beneficial for the health of women, in contrast, they can cause severe 

immediate and long-term complications, such as bleeding, pain, infections, urinary problems, 

sexual problems, complications during childbirth, psychological problems and even death [1]. 

FGM is usually performed on young girls between birth and adolescence, mainly under the age 

of 15 [1]. In 2016, UNICEF estimated that at least 200 million girls and women from 30 

different countries have been circumcised. FGM is highly prevalent in Africa, especially in 

northeastern countries such as Sudan, Egypt, Ethiopia and Somalia, but has also been reported 

in Middle Eastern, Asian and South American countries such as Indonesia, Iraq, Yemen and 

Columbia [2].  

Female circumcision is highly prevalent in Egypt and strongly embedded in the Egyptian 

culture, and it has been suggested that this procedure was already performed in ancient Egypt. 

Type I and type II were found to be the most common types of FGM in Egypt [3] and the 
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procedures are either performed by non-medical personal, such as dayas (traditional midwives) 

and barbers, or by physicians and nurses [3-5]. The main motivations for FGM vary and include 

following customs and traditions, preventing adultery, chastity, suppression of female 

sexuality, religious considerations, personal hygiene, marriageability, social pressure and 

aesthetic preferences [3-9]. The mother is the leading person in deciding whether her 

daughther(s) are to be circumcised, although the influence of the family should not be 

underestimated [5].  

In the Egypt Demographic and Health Surveys (EDHS) and Egypt Health Issues Survey 

(EHIS), ever-married women between 15 and 49 years old were asked about their FGM status 

[10-15]. The prevalence of FGM for each of the surveys is shown in Figure 1. A modest decline 

is reported over the years, but stratification into different age groups shows a more substantial 

decrease in the youngest age groups [15].  

 

Figure 1. Percentage of ever-married women aged 15 to 49 years who have undergone FGM, 

and percentage of ever-married women aged 15 to 49 years who have heard about FGM and 

think the practice should continue (adapted from UNICEF [16]). 

In the 2008 EDHS wave and the 2015 EHIS, also the total prevalence of FGM, which is 

independent of the marital status of the women, was obtained and was equal to 91.1 % and 87.2 

%, respectively, which is lower compared to the result obtained for ever-married women, as the 

circumcision rate among never married women is smaller (80.5 and 67.6 %, respectively) [13, 

15]. The presence of a declining trend in the prevalence of FGM is further supported by other 

studies [4, 5, 17-21] and the prevalence of FGM seems to be associated with the education level 

of the parents, region and type of residence, and socioeconomic status [4, 5, 9, 17-20]. However, 
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despite the prohibition laws passed in 2007 and 2008, the prevalence of FGM remains very 

high and the procedures are still carried out by professional health practitioners [17, 21]. 

In contrast to the relatively modest decline in the prevalence of FGM, the attitude towards FGM 

has markedly changed over the years as more women seemed to believe that the practice should 

be discontinued (Figure 1) [10-15]. Especially women with a higher educational level, living 

in urban areas, who are employed or who were not circumcised themselves have a stronger 

positive attitude towards discontinuation of FGM [6, 7, 9, 22, 23]. However, even if the women 

are opposed to the procedure, this does not necessarily imply that their daughters will not be 

circumcised as social pressure may overcome their beliefs. 

1.2 Objectives and outline of the thesis 

In this thesis, we wanted to further explore the influence of certain parameters such as region, 

religion and socioeconomic factors on the (time to) occurrence of FGM and a survival data 

analysis was performed. There were three remarkable features of the dataset: (1) interval-

censored event times, (2) the potential presence of a cured fraction, and (3) the occurrence of 

left truncation. The first two were studied more in detail, while how to deal with left truncation 

was discussed, but not implemented in this study. In the Methods chapter, we first provide 

details about the study design and the covariates of interest. Next, a detailed description of how 

different survival regression models are constructed and implemented in the current available 

software is given. In the Results section, we report the results of our statistical analyses. First, 

we describe how and why a subset of the dataset was created for our study and a descriptive 

analysis is given. Next, both semiparametric proportional hazards models as well as parametric 

accelerated failure time models were fit and the effect of the covariates of interest was 

evaluated. We also assessed the influence of imputing the event times on estimation of the 

nonparametric maximum likelihood estimator and the median survival time, and on 

constructing survival regression models. Finally, we fitted a parametric accelerated failure time 

mixture cure model to not only estimate the survival function of the population, but also the 

probability of being (in)susceptible to FGM. In the Discussion section, a summary is given 

about the main findings in this study. We describe how ignoring interval-censored event times 

influences the parameter estimates and compare this with results reported by other authors. In 

addition, we discuss the limitations of this study and how the design may be improved to be 

able to avoid these problems in future studies. 
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2 Methods 

2.1 Study design 

2.1.1 Data collection 

A dataset was obtained that consisted of pooled data from the 2005, 2008 and 2014 waves of 

the EDHS, whereby ever-married women between 15 and 49 years old with living daughters 

between 0 and 17 years old (2005 wave) or between 0 and 19 years old (2008 and 2014 wave) 

were selected. A schematic overview is given in Figure 2. For the 2005, 2008 and 2014 DHS 

waves, girls born as of April 1987, 1988 and 1994, respectively, entered the study. The 37409 

mothers provided information on their 62507 daughters.  

 

Figure 2. Schematic overview of data collection. The dashed lines show the times at which the 

DHS surveys were administered. The dotted lines represent the onset times for recruitment of 

girls for each of the DHS surveys. A green square indicates if and when a girl has undergone 

FGM, while a red dot implies that the event was not observed up until the moment of survey. 
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A more detailed description of the sample design can be found in the respective reports of the 

EDHS [12-14]. The procedures and questionnaires of all the DHS surveys have been reviewed 

and approved by the ICF International institutional review board (IRB) and by an Egyptian 

IRB. The data obtained will be used to perform a survival analysis, although this not a typical 

design as girls were not actually followed from birth until they experience the event.  

2.1.2 Covariates 

The dependent variable of interest in this study is the time from birth to female circumcision. 

The mothers provided information on the FGM status of their daughters, including whether or 

not the girl was circumcised (the dichotomous variable DCIRCUM) and at what age (in years) 

the girl was circumcised (variable DCAGE). For girls that did not undergo FGM, the value for 

DCAGE is missing. Additionally, a variable indicating the age of the daughter (in years) at the 

moment of survey was given. It may be clear that an age in years is not a very precise 

measurement. As the birth date of the daughter as well as the month and year of the survey was 

provided, we therefore decided to calculate a more precise age at interview in months, which 

was then converted to age in years with 2 decimal digits (variable INTAGE). For girls that are 

born in the same month and year of the survey, their INTAGE would equal zero, which would 

imply that they were not yet born. Therefore, zeroes were recoded to a very small number 

(0.01). Unfortunately, it was not possible to obtain a more precise date for DCAGE. 

Confounding variables of interest were measured at the level of the mother and include the 

region where the mother lives, her religion, her educational level and occupation and the 

educational level and occupation of her partner (which may be further annotated as the father). 

These are all categorical variables. For the descriptive analysis, a new variable Birth cohort was 

created, which consists of 5 birth cohorts based on the year of birth of the girls (1987-1990, 

1991-1995, 1996-2000, 2001-2005, 2006-2010, 2011-2014), while for regression modelling, a 

variable Birth year, which represents the difference in years between the year of birth and 1987 

(for a girl born in 1987, Birth year = 0), was used. 

2.1.3 Censoring and truncation 

Our dataset consists of both right-censored and interval-censored observations and we assume 

that censoring was independent and non-informative. One speaks of right censoring when the 

time to the event of interest is not observed before the subject has left the study or before the 

end of the study and thus ! = min	((, *+), where	( represents the time of event and *+ 
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represents the right censoring time. In addition to X, usually a failure indicator d is also 

observed which equals 1 if the event observed during the study (( ≤	*+) and 0 in case of right 

censoring (( > *+). The set of right-censored observations in our study includes all the girls 

who did not undergo FGM before the survey. Interval censoring is present when the exact event 

time is not observed but is known to fall within a specified interval: ( ∈ 	 /, 0 , where / 

represents the lower limit and 0 the upper limit of the interval. In our study, girls that were 

circumcised are interval-censored as no precise event time was observed, but only the age in 

years. In order to use maximum likelihood estimation, the likelihood function should consider 

all present types of censoring. The likelihood function can therefore be written as 

/(1; 3, 4) = 5(*+)

6∈7

5 /6 − 5(06)

6∈9

 

where 0 is the set of right-censored observations and : the set of interval-censored observations. 

In contrast to right censoring, which is well implemented in standard statistical software and 

often addressed correctly, the interval-censored nature of the data is often ignored or 

mishandled. Instead of a proper interval-censored data analysis, single imputation techniques 

such as right-point and mid-point imputation are commonly applied and followed by classical 

techniques to model survival times. To identify how imputation would influence the estimates 

in this study, we created different imputed event times. In left- and right-point imputation, the 

time to circumcision is imputed by the respectively lower (DCAGEL = DCAGE) and upper 

limit of the interval (DCAGER = DCAGE + 1). In mid-point imputation, the event time is 

represented by the center value of the interval (DCAGEM = DCAGE + 0.5). For example, a 

girl that underwent FGM when she was between 5 and 6 years old would have DCAGEL = 5 

for left-point imputation, DCAGER = 6 for right-point imputation and DCAGEM = 5.5 for 

mid-point imputation. For girls circumcised between 0 and 1 year old, the left-point imputed 

event times are equal to zero and these observations would be ignored by the modeling 

procedure. Therefore, zeroes were recoded to a very small number (0.01). In addition, random 

imputation was also applied for the age at circumcision, whereby 5 random imputed datasets 

were created by adding a random number of days between 2 and 364 to the lower limit of the 

interval for each of the circumcised girls (DCAGEX1-X5). For right-censored observations, 

the missing values for DCAGEL, DCAGER, DCAGEM and DCAGEX1-X5 were replaced by 

the age at survey (INTAGE). 
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Truncation is a second feature that arised in our survival data. Left truncation arises when a 

subject is only observed if it did not experience the event before a given time ;<: ! ≥ 	;<. In our 

study, girls who died before the survey were not included in the dataset. Consequently, girls 

that did enter the study would have needed to survive at least until the moment of survey and 

entered the study at varying ages. The contribution of each subject is therefore conditional on 

being alive at the moment of survey and the likelihood function should be adjusted to 

/(1; 3, 4) =
5(*+)6∈7 5 /6 − 5(06)6∈9

>((?@ABC > E)
F

6GH

 

where (?@ABC represents the time of death and a the time of survey. 

2.1.4 Software 

Statistical analyses were carried out using SAS version 9.4 (©2016 SAS Institute Inc., Cary, 

NC, USA), R version 3.6.0 (© 2019 The R Foundation for Statistical Computing) and R studio 

version 1.1.463 (© 2009-2018 RStudio, Inc.). 

2.2 Nonparametric maximum likelihood estimator 

To estimate the survival distribution in the presence of interval censoring, the calculation of the 

KM estimator is not appropriate. The nonparametric maximum likelihood estimator (NPMLE) 

of the survival function for interval-censored data, also called the Turnbull estimator [24], must 

be obtained by an iterative algorithm and cannot be derived analytically.  

Let 0 = IH < IJ < IK … < IL be a grid of time which includes all the points /6 and 06  for i = 

1,…, n. The weight M6N indicates whether the event which occurs in the interval (/6, 06] could 

have occurred at IN. It is defined for the ith observation and equals 1 if the interval (INOH, IN) is 

contained in the interval (/6, 06] and 0 otherwise. An initial estimate for 5 IN  is obtained and 

Turnbull’s algorithm is then as follows: 

• Step 1: the probability of an event occurring at IN is calculated 

PN = 5 INOH − 5 IN 									Q = 	1, … ,T 
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• Step 2: the expected number of events that occurred at IN are estimated 

UN = 	
M6NPN

M6VPV
L

VGH

F

6GH

									Q = 	1, … ,T 

• Step 3: the estimated number at risk at IN are estimated1 

WN = 	 UV

L

VGN

 

• Step 4: update the product-limit estimator using the data obtained in step 2 and 3. The 

iterative process stops when the estimate of 5 I  is close to the previous estimate for all 

IN’s.  

In R, the Turnbull estimator and its 95% confidence interval (CI) can be calculated with the 

icfit function in the ‘survival’ package which uses the self-consistency algorithm of Turnbull. 

Therefore, a ‘Surv’ object is stated as follows: 

Surv(tmin, tmax, type = "interval2") 

For an interval-censored observation, tmin equals the lower limit of the interval /6 (DCAGE) 

and tmax the upper limit 06	(DCAGE + 1). For a right-censored observation, tmin will be coded 

as the right censoring time (age at survey = INTAGE) and tmax as a missing value.  

To evaluate the effect of imputation of the event times on the NPMLE, the KM estimators were 

obtained for each of these imputations with the survfit function in the ‘survival’ package in R 

and a ‘Surv’ object is stated as follows: 

Surv(time, event)  

where time represents the time to event or the right censoring time (DCAGEL/M/R/X1-X5) and 

event is the dichomatous variable that indicates whether a subject experienced the event or was 

censored (DCIRCUM). 

                                                

1 In the presence of right-censored observations, WN would also comprise all right-censored observations that were 

not censored prior to IN 
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It should be noted that the estimated survival function in our study is based upon an internal 

time, i.e. the time to FGM since birth, and not the calendar time. To account for potential 

calendar effects, the variable Birth year will enter as a covariate during the regression model 

building process (see below).  

2.3 Survival regression 

2.3.1 Proportional hazards model 

The semiparametric proportional hazards (PH) model is commonly used for modelling survival 

data in the presence of right censoring. This model was suggested by Cox [25] and has the 

advantage that no distribution is assumed for the baseline survival times. In comparison to 

datasets where only right censoring occurs, fitting a PH model on interval-censored data is more 

complicated. The baseline hazard can be estimated either parametrically, semiparametrically or 

by a more flexible approach. A semiparametric approach for fitting a PH model in the presence 

of interval censoring was suggested by Finkelstein [26], where Turnbull’s nonparametric 

estimator is to be used as the baseline survival distribution, and was further improved by 

applying an iterative convex minorant (ICM) algorithm [27]. However, the ICM algorithm 

seemed to perform poorly under certain circumstances such as when the data is not heavily 

censored. Therefore, a new algorithm was constructed that, instead of applying a single ICM 

for all parameters, uses a conditional Newton-Raphson step for the regression parameters and 

an ICM step for the baseline survival parameters [28]. This algorithm is available in the R 

package ‘icenReg’. A piecewise exponential baseline survival (PEBS) PH model (as described 

by Friedman [29]) can be fitted in SAS with procedure ICPHREG. This procedure uses the 

equally spaced quantile partition (ESQP) method [30], adapted for interval-censored data, for 

selecting break points in the right-censored data. The syntax of the ICPHREG procedure is as 

follows: 

proc icphreg; 

model (tmin, tmax) = covariates / base = piecewise(ninterval = ); 

run; 

For an interval-censored observation, tmin equals the lower limit of the interval /6 (DCAGE) 

and tmax the upper limit	06 (DCAGE+1). For a right-censored observation, tmin will be coded 

as the right censoring time (age at survey = INTAGE) and tmax as a missing value.  
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To evaluate the effect of single imputation of the event times, Cox PH models were fit with the 

coxph function in the ‘survival’ package in R and a ‘Surv’ object is stated as described for the 

KM estimators: 

Surv(time, event)  

where time represents the time to event or the right censoring time (DCAGEL/M/R/X1-X5) and 

event is the dichomatous variable that indicates whether a subject experienced the event or was 

censored (DCIRCUM). 

Tied data may complicate partial likelihood estimation in Cox PH regression models. 

Kalbfleisch and Prentice’s ‘exact’ method [31] to handle ties assumes that there is in fact a true 

but unknown ordering of events and considers all possible orderings of events. The occurrence 

of many tied events may, however, significantly increase the computation time. To avoid 

computational difficulties, two approximations, Breslow’s [32] and the more refined Efron’s 

[33] approximation, have been implemented in standard statistical software. When there are no 

ties in the data set, all options will give identical results. For a few ties, there is little difference 

between methods, but usage of the exact method is recommended. If a large number of ties are 

present in the data, Efron’s approximation is preferred for qualitative analysis as the exact 

method will be very computationally intensive and as it provides coefficients closer to those of 

the exact method compared to Breslow’s approximation [34]. The default value for handling 

ties in R is Efron’s approximation, but also the exact method and Breslow’s approximation can 

be evoked. However, when there are many ties present, R refuses to use the exact method. 

When using the procedure PHREG in SAS, however, all three methods can be successfully 

applied. The general PHREG syntax is as follows: 

proc phreg; 

model time*event = covariates / ties = ; 

run; 

where time represents the time to event or the censoring time (DCAGEL/M/R/X1-X5) and event 

is the dichotomous variable that indicates whether a subject experienced the event or was right-

censored (DCIRCUM). 

 



	 13	

2.3.2 Accelerated failure time model 

An alternative for the semiparametric Cox PH model is an accelerated failure time (AFT) 

model, which is a parametric model that assumes that the effect of a covariate(s) is to accelerate 

or decelerate the occurrence of an event by some constant. The distribution of the time to event 

in function of the covariates is written as 

log (6 = 	a +	MH3H6 +	MJ3J6 + ⋯+	MV3V6 + 	cd6 = 	a + 	e′gh 	+ 	cd6 

where e′gh = MH3H6 +	MH3H6 + ⋯+	MV3V6	. The intercept is represented by a, c is the scale 

parameter and d6 the random error term. In this model, MH, MJ, … , MV	are the unknown 

coefficients of the values of k explanatory variables X1, X2, …, Xk. The parameters to be 

estimated are a, MH, … , MV	and c.  

The Weibull distribution is a two-parameter distribution characterized by a shape and a scale 

parameter. The survival distribution S(t) for a Weibull distribution is defined as 

56 j = exp(−n6j
H/p
)          with n6 = exp	 −

qresgh	

p
 

and the hazard function as 

ℎ6 j = exp −e′gh nu exp −v6 j
wOH

= 	 exp −e′gh
w
nuj

wOH
= exp(−ue′gh)nuj

wOH 

where n = 	−a/c represents the scale parameter and u = 1/c the shape parameter.  

In the Weibull AFT model, d follows an extreme minimum value Gumbel distribution G(0, c). 

An advantage of a Weibull regression model is that it can be parameterized as either an AFT 

model or a PH model. The hazard function of a Weibull regression model in PH form is  

ℎ6 j = exp( xH3H6 +	xJ3J6 + ⋯+	xV3V6)	ℎy j = 	exp(z′gh)nuj
wOH 

where	z′gh = xH3H6 +	xJ3J6 + ⋯+	xV3V6	and ℎy j = 	unj
wOH. There is a clear association 

between the AFT and PH hazard function and the x coefficients can easily be calculated from 

the M coefficients by multiplying with –u. 

Parametric modelling of the survival times can be performed in R, whereby the survreg function 

(package ‘survival’) can handle both right- and interval-censored observations by specifying 

the ‘Surv’ object as described above: 
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Surv(tmin, tmax, type = "interval2") 

For an interval-censored observation, tmin equals the lower limit of the interval /6 (DCAGE) 

and tmax the upper limit 06	(DCAGE + 1). For a right-censored observation, tmin will be coded 

as the right censoring time (age at survey = INTAGE) and tmax as a missing value. 

The parameter estimates given by the survreg function are in AFT form (M), but can easily be 

transformed to their PH form (x):	x = -Mu = -	M/c (c is given in R output). The hazard ratio 

can then be obtained by exponentiation of x. These calculations can be performed both 

manually or by the ConvertWeibull function from the ‘SurvRegCensCov’ package in R. In 

addition, not only Weibull, but also for example log-logistic and log-normal AFT models can 

be fit. 

2.3.3  Model selection and adequacy 

The likelihood ratio test (LRT) was used to compare nested models and the Akaike information 

criterion (AIC) allowed us to compare non-nested models and penalizes models with more 

covariates. The smaller the AIC, the better the fit. 

Several diagnostic tools have been developed to assess the adequacy of the model (reviewed in 

[35]). To determine if the PH assumption holds, the logarithm of the estimated cumulative 

hazard, stratified by different levels of a covariate, can be plotted against the logarithm of the 

survival time. If the PH assumption is correct, the curves should be parallel across the different 

groups. Alternatively, a plot of the weighted Schoenfeld residuals against the observed failure 

time may also indicate whether or not the PH assumption holds. The martingale (Lagakos) 

residuals can be used to assess the functional form of a covariate and to detect the presence of 

outliers. The Cox-Snell residuals are assumed to follow a unit exponential distribution and can 

be used to assess the overall fit.  

The described residuals for right-censored data are widely used to assess the appropriateness of 

a model. However, extensions for interval-censored data are not available for all of these 

residuals in current software packages. The procedure ICPHREG is able to provide plots of 

interval censoring adapted martingale and deviance residuals [36] against the observation 

number or the linear predictor. The ‘icenReg’ package provides an option to plot the log-

cumulative hazard against time to check the PH assumption, but none of the described residuals 

[28]. 
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2.4 Cure models 

One of the assumptions that is made in classical survival analysis is that all subjects will 

eventually experience the event of interest if their follow-up time is long enough. However, in 

many cases this assumption is not valid, as some subjects will never experience the event and 

are said to be cured or insusceptible. In survival regression, so called cure models will take this 

feature into account. Mixture cure (MC) models assume that the population consists of a 

mixture of susceptible (uncured) and insusceptible (cured) subjects and the unconditional 

survival function for the entire population 5 j g, { = 	>(( > j ! = g,	| = 	{) is given by 

5 j g, { = 	} { 5 j g + 	1 − 	} {  

where } { = >(~ = 1 � = {) represents the probability of being susceptible given a 

covariate vector { and is also denoted as the incidence of the model. 5 j g = >(( > j ~ = 1, 

! = g) is the conditional survival function for the susceptible subjects given covariate vector 

g and is also called the latency part of the model. B is the binary variable indicating if a subject 

is cured (~ = 0) or not (~ = 1). It should be noted that g and { can include the same covariates. 

To model the effects of { on the incidence part of the model, a logit (1), probit (2) or 

complementary log-log (clog-log) (3) link function are often applied: 

1 	} { = 	
exp	(Å

s
{)

1 + exp	(Ås{)	
 

2 	log	 − log 1 − } { = 	Å
s
{ 

3 	Φ
OH
(} { ) = 	Å

s
{  

with Ås{ =	 uy +	uHÖH +	uJÖJ + ⋯+	uVÖV and Φ 	 	the cumulative distribution function for a 

standard normal distribution.  

Both a PH model or AFT model can be applied to the latency part of the model and are then 

referred to as a PHMC and AFTMC model, respectively. Depending on the assumptions made, 

parametric, semiparametric and nonparametric cure models can be fit. 5 j g  will be equal to 

1 		5y j ~ = 1
Üáà	(z

â
g) 
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2 		exp	 −exp
log j − 	a − e′g

c
 

3 		1 − Φ
log j − 	a − e′g

c
 

4 	 1 + exp
log j − 	a − e′g	

c

OH

 

 

for a semiparametric PHMC model (1) and a Weibull (2), lognormal (3) or loglogistic (4) 

AFTMC model. 

The full likelihood is then given by 

/ 1; 3, Ö, 4 = 	 }6({h)ã(j6 ~ = 1, gh)
åç

F

6GH

1 − }6 {h + }6({h)5(j6 ~ = 1, gh)
HOåç 

where 4 represents the censoring indicator. 

In this study, we have used the SAS macro PSPMCM [37], which can fit both parametric and 

semiparametric mixture cure models. 
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3 Results 

3.1 Data selection 

The FGM status (DCIRCUM) and/or age at circumcision (DCAGE) were missing for 249 girls 

and we decided to exclude these observations from our study (Figure 3). We deleted another 

545 observations with missing values for the baseline covariates religion (56 missing values), 

occupation of the mother (11 missing values), educational level of the father (58 missing values) 

and occupation of the father (423 missing values). This dataset consisting of only complete 

cases still contains 98.73% of the observations of the original dataset.  Furthermore, we wanted 

to work with independent observations as valid inference relies on stochastic independence 

across subjects. Of 36950 women, 54.58 % only had 1 daughter (younger than 20), 29.76 % 

had 2, 11.12 % had 3 and 1.11 % 4 or more. We hypothesized that daughters within the same 

household are more likely to either all get circumcised or none of them and thus that these 

observations are in fact correlated. To see if there are any indications to validate this 

assumption, we extracted all women who have more than one daughter older than 15, as we 

know that most girls (99.19 %) are circumcised before this age. Of 826 mothers with two 

daughters between 15 and 20 years old, only 56 (6.78 %) of them had one daughter circumcised 

but not the other. Of the 35 mothers with 3 daughters older than 15, either all of them or none 

of them underwent FGM. In addition, we calculated the standard deviation of age at 

circumcision per household where at least two girls were circumcised. The average standard 

deviation of age at circumcision is 0.62 years for households with 2 circumcised girls and 0.49 

years for households with 3 circumcised girls. These results suggest that both the event FGM 

and the time to FGM seem to be highly correlated for girls with the same mother and that it 

may therefore be justified to use a subset which consists of only one randomly chosen 

observation (girl) per mother. Another potential source of correlation is when the same mothers 

with the same daughters would have participated in different surveys. It was, however, not 

possible to determine whether or not this phenomenon took place. The dataset that will be used 

in this analysis thus contains 36950 observations (Figure 3).  
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Figure 3. Schematic overview of the data selection process. 

3.2 Descriptives 

The dataset includes 36950 girls of which 9116 (24.67 %) have undergone FGM. A histogram 

of age at circumcision shows that girls were circumcised between 0 and 18 years old with a 

maximum frequency at 9 years (Figure 4). The mean age at circumcision was 8.50  ± 3.23 years. 

In addition, there does not seem to be a lot of difference between the histograms for the different 

DHS waves (Appendix, Figures A1-A3) and the mean age at circumcision was 8.51 ± 3.01, 

8.59 ± 3.23 years and 8.40 ± 3.46 years for the 2005, 2008 and 2014 DHS wave, respectively, 

which suggests that the age at which the procedure is performed has not substantially changed 

over the years. Table 1 represents a descriptive analysis in function of the baseline covariates. 

The dataset seems quite well-balanced with similar percentages of observations for each DHS 

wave. The percentage of circumcised girls is lower for recent birth cohorts, suggesting that the 

incidence of FGM is declining. However, one must be cautious to draw conclusions, as for 

example for the 2011-2014 birth cohort, girls are between 0 and 3 years old, thus still at risk at 

the moment of interview. Over 50 % of the girls have mothers that live in rural Egypt and there 
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seems to be a shift from upper Egypt to lower Egypt over the different DHS waves. Girls from 

upper Egypt underwent relatively more FGM compared to other regions. Most girls (95.57 %) 

have a Muslim mother and were more circumcised compared to girls with Christian mothers. 

 

Figure 4. Histogram of age at circumcision. 

The educational level of both the mother and father also seem to play an important role in the 

FGM incidence. Over the DHS waves, the educational level seemed to increase. In 2005, 37.45 

% of the girls had an uneducated mother and 23.95 % an uneducated father which decreased to 

23.36 and 16.67 %, respectively, in the 2014 DHS wave. Girls with higher educated mothers 

and fathers seem less likely to undergo FGM. Despite the increasing educational levels, a large 

proportion of the mothers does not work. The highest percentage of FGM was perceived for 

girls with mothers and fathers who work in the agricultural sector and the lowest for girls with 

a mother with a professional, technical or managerial profession. 

As mentioned before, girls were only included in the study if they were alive at the moment of 

survey. The mean age of the girls at the moment of survey was 8.37 ± 5.62 years. A histogram 

of age at survey shows a general declining trend, although it is not very pronounced (Figure 5). 

This means that there are relatively less older girls included in the dataset. Comparing the 

extremely high number of girls younger than 1 with the frequency of other ages, may indicate 

that mortality is still high for children in their first year of life. Similar graphs were obtained 

for the different DHS waves (Appendix, Figures A4-A6) and also the mean ages at interview 
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do not seem to greatly vary between DHS waves (8.12 ± 5.28, 8.68 ± 5.81 and 8.36 ± 5.75 

years, respectively). 

 

Figure 5. Histogram of age at survey. 

Our dataset consists of both right-censored and interval-censored observations. The set of right-

censored observations in our study includes all the girls who did not undergo FGM before the 

survey and comprises 75.33 % of all observations. Girls that were circumcised are interval-

censored as no precise event time was observed, but only the age in years. For example, a girl 

with DCAGE value equal to 9 years, means that the girl was actually circumcised between 9 

and 10. Interval-censored observations make up for 24.67 % of the data. 
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Table 1. Descriptive analysis of the dataset. The number of observations for each subgroup are given proportionally for the overall population 

and per DHS wave. For circumcision status, the proportions are expressed relatively to the number of observations per stratum of the covariate. 

 Overall DHS wave Circumcision 
 2005 2008 2014 No Yes 

Total (N= 36950) 100% 33.22 28.70 38.08 75.33 24.67 
Birth cohort       

1987-1990 8.54 17.30 9.72 0 22.95 77.05 
1991-1995 15.43 22.79 20.39 5.28 44.13 55.87 
1996-2000 23.32 28.60 23.49 18.59 73.13 26.87 
2001-2005 26.91 31.31 28.87 21.60 90.82 9.18 
2006-2010 15.95 0 17.53 28.68 96.05 3.95 
2011-2014 9.84 0 0 25.84 98.98 1.02 

Region       

Urban governorates 16.00 17.21 14.12 16.36 86.70 13.30 

Urban Lower Egypt 9.89 7.64 10.49 11.40 84.68 15.32 

Rural Lower Egypt 25.65 22.16 28.43 26.60 77.17 22.83 

Urban Upper Egypt 12.20 13.04 11.55 11.96 69.50 30.50 

Rural Upper Egypt 30.62 35.33 29.74 27.19 66.30 33.70 

Frontier governorates 5.63 4.62 5.67 6.50 79.97 20.03 
Religion       

Muslim 95.57 94.87 95.45 96.28 74.88 25.12 
Christian 4.43 5.13 4.55 3.72 84.91 15.09 

Educational level mother       
No education 31.38 37.45 35.00 23.36 62.27 37.73 
Primary 12.93 15.81 13.04 10.32 65.24 34.76 
Secondary 44.74 38.09 42.20 52.46 83.14 16.86 
Higher 10.95 8.64 9.76 13.85 92.73 7.27 
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Table 1 continued 

 Overall DHS wave Circumcision 
 2005 2008 2014 No Yes 

Educational level father       
No education 20.91 23.95 23.03 16.67 61.81 38.19 
Primary 17.43 20.72 18.09 14.07 69.54 30.46 
Secondary 46.90 41.65 44.63 53.20 79.95 20.05 
Higher 14.75 13.69 14.25 16.06 86.63 13.37 
Occupation mother       
Did not work 80.93 76.77 82.62 83.3 75.27 24.73 
Prof., Tech., Manag. 8.16 8.12 7.92 8.38 83.12 16.88 
Clerical 2.10 2.89 1.98 1.51 75.8 24.2 
Sales 1.36 1.53 0.77 1.65 69.92 30.08 
Agric-self-employed 1.80 3.95 0.53 0.88 64.96 35.04 
Agric-employee 2.14 2.87 2.23 1.44 65.03 34.97 
Services 2.02 2.09 2.43 1.65 74.16 25.84 
Skilled manual 0.92 1.11 0.58 1.01 69.32 30.68 
Unskilled manual 0.56 0.67 0.93 0.18 68.12 31.88 
Occupation father       
Did not work 3.07 3.78 3.14 2.4 62.7 37.3 
Prof., Tech., Manag. 23.59 23.11 24.24 23.51 80.38 19.62 
Clerical 5.11 6.08 4.57 4.68 72.42 27.58 
Sales 3.44 3.15 2.26 4.58 81.53 18.47 
Agric-self-employed 7.62 9.91 7.51 5.7 67.13 32.87 
Agric-employee 8.52 8.24 10.31 7.42 67.67 32.33 
Services 12.65 11.84 14.45 12.01 72.51 27.49 
Skilled manual 27.35 23.97 26.20 31.17 78.81 21.19 
Unskilled manual 8.65 9.93 7.31 8.54 73.15 26.85 
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3.3 Nonparametric maximum likelihood estimator 

3.3.1 Turnbull estimator 

A plot of the Turnbull estimator, the NPMLE for interval-censored data, together with its 95% 

confidence interval is shown in Figure 6. The horizontal line, representing the median survival 

time (MST), which is the smallest time such that the estimated ! "  ≤ 0.5, crosses the lower 

limit of the confidence interval at 12.92 years and the upper limit of the confidence interval at 

13 years. The MST was more precisely estimated to equal 12.92 years.  

 

Figure 6. NPMLE of the survival function. The blue horizontal line represents the median 

survival time. 

In addition, NPMLE curves stratified by the covariates of interest such as Birth cohort, Region, 

Religion, Educational level and Occupation of the mother and father were constructed to obtain 

a preliminary overview of the potential effect of these parameters. Similarly, as for what was 

observed in Table 1, all these covariates seem to influence the survival distribution to a more 

or lesser extent. For example, stratifying the NPMLE by Educational level of mother, the curves 

representing the different strata diverge but do not seem to cross over time (Figure 7). The 

NPMLE curves stratified by other covariates can be found in Appendix (Figure A7-A12).  
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Figure 7. NPMLE of the survival function stratified by Educational level of the mother. 

3.3.2 Imputed event times 

We wanted to assess the influence of imputation of the event times on the NPMLE and MST. 

The MST was calculated for each of the imputations (Table 2), whereby the MST for random 

imputation is in fact the average MST of the 5 random imputations performed.  

Table 2. Comparison of the median survival time. 

Model MST 

Interval-censored 12.92 

Left-point imputation 12 

Mid-point imputation 12.5 

Right-point imputation 13 

Random imputation 12.22 

 

Logically, left-point imputation causes underestimation of the MST, while right-point 

imputation leads to overestimation. The deviation, however, from the MST obtained by the 

Turnbull estimator, is the smallest for the right-point imputed dataset followed by the mid-point 

imputed dataset. Applying random imputation also underestimated the MST. In addition, the 

KM estimates for each of the imputations were plotted together with the Turnbull estimator 
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(Figure 8) and show that the KM curve for the right-imputed event times is most closely 

associated with the Turnbull estimator. 

 

Figure 8. Comparison of the KM estimators for imputed event times with the Turnbull 

estimator. 

3.4 Semiparametric PH model  

3.4.1 Interval-censored event times 

Our next step was to fit a semiparametric PH model containing all the covariates of interest, 

namely Region, Religion, Education level and Occupation of the mother and father and Birth 

year, and thereby taking the interval-censored nature of the data into account. The R package 

‘icenReg’ was used to obtain this model. The exponentiated estimated regression parameters 

can be found in Table 3 and represent a hazard ratio (HR). An HR greater than 1 indicates that 

the risk of FGM is larger compared to the reference group. For example, for a girl that lives in 

rural upper Egypt the risk of circumcision is 3.56 times the risk for a girl that lives in the urban 

governorates. An HR smaller than 1, as obtained for all the strata of the covariate Education 

level of the mother, indicates that the hazard is lower for girls with an educated mother 

compared to a girl with an uneducated mother. For Birth year, which is coded as the number of 

years between birth and 1987, an estimated HR of 0.97 was obtained, from which follows that 

the hazard of FGM decreases for girls that are born more recently.  
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Table 3. Exponentiated estimated coefficients and 95% confidence intervals obtained after 

fitting a semiparametric PH model. The p-values after performing an LRT for comparing this 

full model with a model from which one of the covariates is deleted are also given, as well as 

the AIC for each of these reduced models. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Covariate Value 
Parameter 

estimate 
(HR) 

95% CI  
of the HR 

LRT 
p-value AIC 

Region 

Urban governorates - - 

<0.0001 63366 

Urban Lower Egypt 1.12 [1.00 ; 1.26] 
Rural Lower Egypt 1.83 [1.68 ; 2.00] 
Urban Upper Egypt 3.39 [2.93 ; 3.92] 
Rural Upper Egypt 3.56 [3.21 ; 3.95] 
Frontier governorates 1.57 [1.37 ; 1.80] 

Education 
mother 

No education - - 

<0.0001 61686 
Primary 0.99 [0.93 ; 1.06] 
Secondary 0.82 [0.80 ; 0.85] 
Higher 0.42 [0.39 ; 0.46] 

Education 
father 

No education - - 

<0.0001 61585 
Primary 0.94 [0.86 ; 1.02] 
Secondary 1.03 [0.98 ; 1.08] 
Higher 0.79 [0.70 ; 0.90] 

Religion 
Muslim - - 

<0.0001 61834 
Christian 0.39 [0.32 ; 0.47] 

Occupation 
mother 
 

Did not work - - 

<0.0001 61626 

Prof., Tech., Manag. 0.92 [0.85 ; 1.00] 
Clerical 0.70 [0.65 ; 0.77] 
Sales 0.76 [0.66 ; 0.89] 
Agric-self-employed 0.81 [0.68 ; 0.97] 
Agric-employee 0.75 [0.68 ; 0.82] 
Services 0.77 [0.71 ; 0.83] 
Skilled manual 0.86 [0.69 ; 1.06] 
Unskilled manual 0.79 [0.63 ; 1.00] 

Occupation 
father 

Did not work - - 

0.08 61561 

Prof., Tech., Manag. 1.00 [0.91 ; 1.09] 
Clerical 1.03 [0.93 ; 1.14] 
Sales 1.00 [0.94 ; 1.07] 
Agric-self-employed 0.96 [0.89 ; 1.03] 
Agric-employee 0.91 [0.83 ; 1.00] 
Services 1.06 [1.00 ; 1.13] 
Skilled manual 0.98 [0.90 ; 1.07] 
Unskilled manual 0.98 [0.87 ; 1.11] 

Birth year - 0.97 [0.96 ; 0.97] <0.0001 61741 
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As all parameter estimates obtained for the Occupation of the father are more or less equal to 1 

and the 95% CI also includes 1, one may doubt the overall significance of this covariate. Thus, 

after fitting a model that includes all the variables of interest, our next step was to assess if all 

these parameters should be included by means of an LRT and the AIC (Table 3). Based on the 

results of the LRTs, all covariates should be included in the model if the 10% significance level 

is considered as the limiting value. The covariate Occupation of the father is however only 

marginally significant. In addition, the AIC increases when one of the covariates is deleted 

compared to the AIC of the full model (61547). A PEBS PH model with 10 breaking points 

was also constructed and the estimated regression coefficients can be found in Appendix (Table 

A1). Even though there was little difference between parameter estimates, the AIC was higher 

(62748) compared to that of the semiparametric model. 

3.4.2 Imputed event times 

A Cox PH regression model that includes all the covariates of interest was fitted for each of the 

imputations. For each of the random imputed datasets, the Cox PH regression model was fit 

and the average of the regression estimates was calculated. The estimated regression parameters 

and AIC are given in Appendix (Table A2).  

 

Figure 9. Comparison of different imputations of the event times. Absolute differences in the 

estimated coefficients between these models and the reference model, which is the 

semiparametric PH model that incorporates interval-censored data, are visualized. Each dot 

represents the deviation of one estimated coefficient. LPI= left-point imputation, MPI = mid-

point imputation, RPI = right-point imputation and XI = random imputation. 
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As we wanted to compare these Cox PH models with the reference semiparametric PH model 

obtained with interval-censored event times, we calculated the difference between the estimated 

coefficients from the Cox models and the reference model (rounded to two decimal places) 

(Figure 9). A positive value implies an underestimation of the parameter estimate compared to 

the reference model, and a negative value an overestimation. In general, the obtained estimates 

from the Cox PH model quite resembled those from the reference model with a maximum 

difference of 0.07. In addition, as a measurement for bias, the sum, mean and standard deviation 

of the absolute values of these differences were calculated (Table 4). The right-point imputed 

model showed the least deviation from the reference model, as most parameter estimates were 

equal to the reference estimates and the sum of the absolute differences very small. Left-point 

imputation performed poorly as larger deviations from the reference model occurred and the 

sum of the absolute values were found to be quite large. The results for mid-point and random 

imputation were very comparable and seemed to perform in between right- and left-point 

imputation. 

Table 4. Comparison of different imputations of the event times. The number of parameters for 

which their estimates are not equal to those of the reference model, the semiparametric PH 

model that incorporates interval-censored data, and the sum, mean and standard deviation of 

the absolute values of the differences are given. 

 

 

 

 

We also wanted to examine whether the method of handling ties influences the parameter 

estimates in our study. Therefore, different Cox models, each applying another method for 

handling ties, were fitted with the right-point imputed event times in SAS, as R refused to apply 

the exact method due to the presence of too many ties. The exact method can be assumed to be 

the reference method as it considers all possible orderings. The difference between the 

parameter estimates obtained after implementing Breslow’s and Efron’s approximation and the 

exact method are shown in Figure 10. The results indicate that there is very little difference 

between the estimates obtained when the exact or Efron’s method is applied to handle ties, 

Model Deviant  
estimates 

Sum 
(abs values) 

Mean 
(abs values) 

SD 
(abs values) 

Left-point imputation 20/29 0.36 0.012 0.014 

Mid-point imputation 11/29 0.17 0.006 0.009 

Right-point imputation 4/29 0.04 0.001 0.004 

Random imputation 12/29 0.18 0.006 0.008 
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while the deviation for estimates obtained with Breslow’s method of handling ties is much 

larger. In addition, the AIC is significantly reduced when the exact method is applied 

(Appendix, Table A3). Similar results were obtained for the left- and mid-point imputed models 

and related figures and tables can be found in Appendix (Figure A13-A14, Table A4-A5). 

 

Figure 10. Comparison of different methods to handle ties. Differences in the estimated 

coefficients between models that employed Breslow’s or Efron’s approximation to handle ties 

and the reference model, which uses the ‘exact’ method, are visualized. Each dot represents 

the deviation of one estimated coefficient. 

3.4.3 Assessment of the model fit 

For the semiparametric PH model that incorporates interval-censored data obtained with the 

‘icenReg’ package in R, we can assess the validity of the PH assumption by plotting the log-

cumulative hazard, stratified by different levels of given variable, against time. The lines should 

be parallel if the PH assumption is correct. This appeared to be quite reasonable for most 

covariates (Appendix, Figure A15-A19), except for Religion, where the lines clearly cross and 

diverge (Figure 11). Therefore, the PH assumption may be questioned, although crossing can 

also appear by chance even if the PH assumption holds. Unfortunately, residuals cannot be 

obtained with the ‘icenReg’ package. For the PEBS PH model obtained with the procedure 

ICPHREG in SAS, however, we are able to obtain plots of the martingale (Lagakos) residuals 

against observation number and linear predictor to detect outliers and assess the model’s 

adequacy (Figure 12). 
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Figure 11. Log-cumulative hazard plot stratified by Religion. 1 = Muslim, 2 = Christian. 

There is no strong evidence for the presence of outliers. The unusual shape in the right panel is 

caused by the censored observations, with the top cluster corresponding to girls who underwent 

FGM and the bottom cluster corresponding to individuals that were censored. 

 

Figure 12. Martingale residuals versus observation number (left panel) or linear predictor 

(right panel) for the PEBS PH model. 

Alternatively, we can obtain different types of residuals after fitting a model with imputed event 

times, though it may be obvious that one should be aware this to be a rather informal check of 

the model’s adequacy.  
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Figure 13. Plot of the weighted Schoenfeld residuals against time for Religion with a smoothed 

curve superimposed. 

In our study, as the Cox regression model fit with right-point imputed event times was shown 

to generate parameter estimates least deviant to the reference semiparametric PH model, we 

decided to use this model to obtain several residuals. First, the weighted Schoenfeld residuals 

were obtained for Religion and plotted against time to further assess the PH assumption (Figure 

13). The smoothed curve is a rather horizontal line, which suggests that the PH assumption is 

satisfied, in contrast to what was observed in the log-cumulative hazard plot. However, testing 

if the slope of the smoother equals zero yielded a p-value smaller than 0.001.  

 

Figure 14. Generalized Cox-Snell residuals. 
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The generalized Cox-Snell residuals were obtained to check the overall fit of the model (Figure 

14). The plot does not give us any particular suggestion that there is a problem with the model 

fit as the curve seems to form a more or less straight line with intercept 0 and slope 1.  

3.5 Parametric AFT model 

3.5.1 Interval-censored event times 

An alternative would be to fit a parametric AFT model, which can handle interval-censored 

data more easily and, if specified correctly, will provide more precise estimates compared to 

the semiparametric PH model. To determine which distribution (exponential, Weibull, log-

logistic or log-normal) would best fit the data, we assessed the goodness-of-fit both graphically 

as well as based on the AIC. Figure 15 was established by defining a null model for each of the 

above mentioned parametric distributions and the predicted fit was plotted together with 

NPMLE. The Weibull and log-logistic regression models approximate the NPMLE rather well, 

while the exponential and log-normal models are clearly inferior model fits.  

 

Figure 15. Comparing different AFT models with the NPMLE.  

To calculate the AIC, an exponential, Weibull, log-logistic and a log-normal regression model 

containing all the covariates of interest, namely Region, Religion, Education level and 

Occupation of the mother and father and Birth year, were fit. Table 5 shows the obtained AIC 
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for each model. Again, as seen graphically, the Weibull regression model has the lowest AIC 

and is thus considered the best option for our parametric AFT model.  

Table 5. AIC comparison of different AFT models. 

Model AIC 

Exponential 74593 

Weibull 66327 

Log-normal 68844 

Log-logistic 66631 

 

The intercept of the Weibull model was estimated to equal 2.80 and the scale 0.38. The 

exponentiated regression parameter estimates and their 95% confidence intervals are shown in 

Table 6 in both AFT and PH form. The exponentiated coefficients in AFT form express the 

acceleration (exponentiated coefficient < 1) or deceleration (exponentiated coefficient > 1) of 

the occurrence of FGM. For example, for a girl with a Christian mother the time to FGM 

decelerates by a factor 1.48, so the survival time will be 1.48 times longer compared to a girl 

with a Muslim mother, when keeping all other variables constant. For a girl from rural upper 

Egypt the time to circumcision accelerates by a factor 0.61, which means that the survival time 

will be 0.61 times shorter compared to girl who lives in the urban governorates. 

In general, the PH form of the estimates is more reported as it gives a more clinically relevant 

interpretation. The exponentiated coefficients in PH form represent a hazard ratio (HR) and are 

interpreted as described above. Similarly, as for the semiparametric PH model, our next step 

was to assess if all these parameters should be included by means of an LRT and the AIC (Table 

6). Based on the results of the LRTs, all covariates should be included in the model. In addition, 

the AIC increases as one of the covariates would be deleted, with the exception for the variable 

Occupation of the father, for which the AIC is the same between the full and reduced model. 
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Table 6. Exponentiated estimated coefficients in AFT and PH form and the 95% confidence 

intervals for the HR’s, obtained after fitting a Weibull regression model. Additionally, the p-

values after performing an LRT for comparing this full model with a model from which one of 

the covariates is deleted are also given, as well as the AIC for each of these reduced models. 

 

 

Covariate Value 
Parameter 

estimate 
(AFT) 

Parameter 
estimate 

(HR) 

95% CI  
of the HR 

LRT 
p-value AIC 

Region 

Urban governorates - - - 

<0.0001 66711 

Urban Lower Egypt 0.95 1.14 [1.03 ; 1.28] 
Rural Lower Egypt 0.78 1.89 [1.74 ; 2.06] 
Urban Upper Egypt 0.62 3.43 [3.14 ; 3.75] 
Rural Upper Egypt 0.61 3.66 [3.37 ; 3.97] 
Frontier governorates 0.85 1.53 [1.36 ; 1.73] 

Education 
mother 

No education - - - 

<0.0001 66475 
Primary 1.01 0.99 [0.93 ; 1.05] 
Secondary 1.09 0.80 [0.75 ; 0.86] 
Higher 1.41 0.41 [0.35 ; 0.47] 

Education 
father 

No education - - - 

<0.0001 66475 
Primary 1.02 0.95 [0.89 ; 1.01] 
Secondary 0.99 1.04 [0.98 ; 1.11] 
Higher 1.10 0.79 [0.71 ; 0.88] 

Religion 
Muslim - - - 

<0.0001 66667 
Christian 1.48 

 
0.36 [0.32 ; 0.41] 

Occupation 
mother 
 

Did not work - - - 

<0.0001 66381 

Prof., Tech., Manag. 1.03 0.92 [0.83 ; 1.02] 
Clerical 1.15 0.69 [0.60 ; 0.81] 
Sales 1.10 0.78 [0.66 ; 0.92] 
Agric-self-employed 1.08 0.82 [0.71 ; 0.94] 
Agric-employee 1.10 0.78 [0.69 ; 0.88] 
Services 1.10 0.78 [0.68 ; 0.9] 
Skilled manual 1.04 0.89 [0.73 ; 1.08] 
Unskilled manual 1.08 0.82 [0.64 ; 1.04] 

Occupation 
father 

Did not work - - - 

0.04 66327 

Prof., Tech., Manag. 1.00 1.00 [0.9 ; 1.12] 
Clerical 0.99 1.03 [0.9 ; 1.18] 
Sales 1.00 1.00 [0.85 ; 1.17] 
Agric-self-employed 1.02 0.96 [0.85 ; 1.08] 
Agric-employee 1.03 0.92 [0.82 ; 1.03] 
Services 0.97 1.08 [0.97 ; 1.21] 
Skilled manual 1.01 0.98 [0.88 ; 1.08] 
Unskilled manual 1.00 0.99 [0.88 ; 1.11] 

Birth year - 1.02 0.96 [0.95 ; 0.96] <0.0001 66710 
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3.5.2 Imputed event times 

A Weibull null model was fitted for the left-, mid-, and right-point imputed event times and the 

predicted fit was plotted together with the NPLME (Figure 16). Mid- and right-point imputation 

clearly outperform left-point imputation as their curves approximate the NPLME rather well. 

 

Figure 16. Comparison of different imputations of the event times. The predicted fits are plotted 

with the NPMLE of the survival function. 

In addition, a Weibull regression model that includes all the covariates of interest was also fitted 

for each of the imputations and the estimated regression parameters and AIC are given in 

Appendix (Table A6).  

Table 7. Comparison of different imputations of the event times. The number of parameters for 

which their estimates are not equal to those of the reference model, the Weibull AFT model that 

incorporates interval-censored data, and the sum, mean and standard deviation of the absolute 

values of the differences are given. 

Model Deviant  
parameters 

Sum 
(abs values) 

Mean 
(abs values) 

SD 
(abs values) 

Left-point imputation 21/29 0.63 0.02 0.044 

Mid-point imputation 5/29 0.07 0.002 0.006 

Right-point imputation 12/29 0.12 0.004 0.005 

Random imputation 9/29 0.15 0.005 0.010 
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The differences between the estimated coefficients from the imputed models and the reference 

model were calculated and rounded to two decimal places (Figure 17), and the sum, mean and 

standard deviation of the absolute values of these differences are given in Table 7. In contrast 

to the semiparametric PH model, mid-point imputation of the event times now seems to give 

estimates closer to their respective reference values compared to right-point imputation, both 

in terms of the number of deviant parameters as well as based on the total sum and mean of 

deviation. 

 

 

Figure 17. Comparison of different imputations of the event times. Differences in the estimated 

coefficients between these models and the reference model, which is the Weibull AFT model 

that incorporates interval-censored data, are visualized. Each dot represents the deviation of 

one estimated coefficient. LPI= left-point imputation, MPI = mid-point imputation, RPI = 

right-point imputation and XI = random imputation. 

3.5.3 Comparison with PEBS and semiparametric PH model 

Finally, we evaluated the differences in parameter estimates between the Weibull AFT model 

(PH form of the estimates), the PEBS PH model and the semiparametric PH model whereby 

this last one is set as the reference model (Figure 18 and Appendix, Table A7). As mentioned 

before, the difference between the PEBS PH model and the semiparametric PH model is rather 

small. Larger deviations are however seen for the Weibull AFT model, but conclusions drawn 

with regard to the covariates are similar for both models. The AIC was observed to be the lowest 

for the semiparametric PH model. 
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Figure 18. Comparison of the fitted models. Differences in the estimated coefficients between 

the Weibull and the PEBS PH model and the reference model, which is the semiparametric PH 

model, are visualized. Each dot represents the deviation of one estimated coefficient. 

To summarize, we have fit two PH models which handle interval-censored data, a 

semiparametric model and a PEBS model, for which the AIC is higher for the latter indicating 

that the semiparametric model is a better fit. If imputed event times are to be used, right-point 

imputation seems to perform best in terms of calculating the MST and estimation of the 

regression parameters when comparing with the semiparametric PH model. In addition, the 

exact method is preferred to handle ties, or, if this option is not possible due to a large number 

of ties, Efron’s approximation seems to provide very similar estimates of the coefficients. An 

alternative is to fit a parametric AFT model. The Weibull distribution was proven to provide 

the best fit for our dataset and was further explored. In contrast to the semiparametric model, 

the mid-point imputed event times now provided estimates closer to that of the reference model. 

It should be noted, though, that the differences in parameter estimates are generally rather small 

and that similar conclusions can be drawn for each of the models. All the covariates of interest 

are significantly associated with the survival time and the effect size of every variable is more 

or less the same. 

3.6 Cure model 

It is reasonable to assume that not all girls will ever be circumcised and observations in the 

plateau of the NPMLE (Figure 6) can be considered as insusceptible. Therefore, we decided to 

explore the possible application of a cure model in our study. Unfortunately, the current 
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available software to implement such models cannot handle interval censoring and the applied 

cure model will thus be constructed using the mid-point imputed event times. We decided to fit 

a parametric AFTMC model and several models, including all the covariates of interest, were 

built with different distributions for both the incidence and latency part. The AIC was calculated 

to select the model which best fits the data for further exploration (Table 8). We found that, for 

a Weibull mixture cure model, a logit link function for the incidence part gave rise to the lowest 

AIC, in contrast to the lognormal and loglogistic model, where a complementary log-log link 

function seems more appropriate. Assuming a loglogistic distribution for the conditional 

latency distribution, greatly reduced the AIC compared to the Weibull and lognormal model. 

Table 8. Comparison of AIC of different parametric AFTMC models. 

 Logit Probit Clog-log 

Weibull 65399 65410 65453 

Lognormal 69446 69419 69330 

Loglogistic 28567 28556 28508 

 

Next, we wanted to further refine the loglogistic/clog-log model by assessing which covariates 

contribute significantly to either the incidence or latency part of the model. Therefore, LRTs 

were performed for stepwise backward selection. The estimated coefficients of the full model 

and the p-values obtained after performing an LRT and the AIC of the reduced models can be 

found in Appendix (Table A8-A9). Comparing with the full model, there was no statistically 

significant difference with a model in which Occupation of the mother in the incidence part (p-

value = 0.06), Educational level of the mother in the latency part (p-value = 0.17) or Occupation 

of the father in the latency part (p-value = 0.08) were removed.  In addition, the AIC of these 

reduced models was equal to or smaller to that of the full model (AIC = 28507, 28508 and 

28506, respectively). Simultaneous deletion of Occupation of the mother in the incidence part 

and Educational level of the mother in the latency part yielded an AIC of 28504 and a p-value 

of 0.11. Additional deletion of Occupation of the father in the latency part only induced a minor 

decrease in the AIC (28503) and a p-value of 0.06 was obtained, indicating that this variable is 

marginally non-significant and it was decided to retain this variable in the model. 

Our final AFTMC model thus assumes a loglogistic distribution for the latency part and a 

complementary log-log function for the incidence part. All covariates of interest were included 
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in both parts of the model, except for Occupation of the mother in the incidence part and 

Education of the mother in the latency part. The estimated coefficients can be found in Table 

9. The exponentiated coefficients of the latency part of this AFTMC model can be interpreted 

as described before, namely as an acceleration or deceleration factor for the occurrence of FGM, 

but conditional on being susceptible. In addition, the probability of susceptibility can be 

calculated using the coefficients of the incidence part. For example, for a girl born in 1988 with 

a Christian mother who lives in urban upper Egypt and went to primary school, and a father 

with higher education that works in sales, the sum of the coefficients (0.98-0.07-2.30+1.00-

0.14-0.58+0.43) equals -0.68. Calculating the area under the standard normal curve to the left 

of this value results in a probability of being susceptible to FGM of 24.83 %. The higher the 

sum of coefficients, the higher the probability of being susceptible. A girl born in 1987 with an 

uneducated Muslim mother who lives in rural upper Egypt and an uneducated father who is an 

unskilled manual laborer will have the highest probability of being susceptible (99.98 %), while 

a girl born in 2014 with a higher educated Christian mother who lives in the urban governorates 

and a higher educated father who is an employee in the agricultural sector will have the lowest 

probability of being susceptible to FGM (< 0.001 %). 
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Table 9. Estimated coefficients and their 95% confidence intervals for the final loglogistic/clog-

log AFTMC model. For the estimates of the latency part, the exponentiated coefficients are 

given. 

  

Covariate Value Estimate  
incidence 

95% CI  
incidence 

Estimate 
latency 

95% CI  
latency 

Region 

Urban governorates - - - - 
Urban Lower Egypt 0.40 [0.18 ; 0.63] 0.83 [0.68 ; 1.02] 
Rural Lower Egypt 1.05 [0.84 ; 1.25] 1.04 [0.89 ; 1.21] 
Urban Upper Egypt 1.00 [0.80 ; 1.21] 3.62 [3.05 ; 4.30] 
Rural Upper Egypt 1.99 [1.74 ; 2.23] 2.62 [2.26 ; 3.04] 
Frontier governorates 1.86 [1.02 ; 2.70] 0.89 [0.72 ; 1.09] 

Education 
mother 

No education - - - - 
Primary -0.14 [-0.36 ; 0.08] - - 
Secondary -0.69 [-0.88 ; -0.50] - - 
Higher -1.45 [-1.71 ; -1.19] - - 

Education 
father 

No education - - - - 
Primary -0.04 [-0.28 ; 0.19] 0.91 [0.84 ; 1.00] 
Secondary -0.21 [-0.43 ; 0.01] 1.09 [0.99 ; 1.19] 
Higher -0.58 [-0.87 ; -0.29] 0.97 [0.81 ; 1.16] 

Religion 
Muslim - - - - 
Christian -2.30 

 
[-2.53 ; -2.06] 2.00 

 
[1.51 ; 2.65] 

Occupation 
mother 
 

Did not work - - - - 
Prof., Tech., Manag. - - 0.87 [0.75 ; 1.01] 
Clerical - - 0.65 [0.53 ; 0.81] 
Sales - - 0.67 [0.54 ; 0.84] 
Agric-self-employed - - 0.73 [0.60 ; 0.88] 
Agric-employee - - 0.68 [0.57 ; 0.80] 
Services - - 0.70 [0.58 ; 0.86] 
Skilled manual - - 0.79 [0.60 ; 1.04] 
Unskilled manual - - 0.68 [0.49 ; 0.94] 

Occupation 
father 

Did not work - - - - 
Prof,. Tech., Manag. 0.06 [-0.25 ; 0.37] 1.01 [0.84 ; 1.21] 
Clerical 0.24 [-0.15 ; 0.62] 0.94 [0.75 ; 1.16] 
Sales 0.43 [-0.08 ; 0.94] 0.82 [0.64 ; 1.06] 
Agric-self-employed -0.10 [-0.48 ; 0.27] 0.97 [0.81 ; 1.17] 
Agric-employee -0.18 [-0.54 ; 0.18] 0.91 [0.76 ; 1.09] 
Services 0.15 [-0.17 ; 0.48] 1.07 [0.90 ; 1.27] 
Skilled manual 0.10 [-0.21 ; 0.41] 0.92 [0.78 ; 1.08] 
Unskilled manual 0.53 [0.11 ; 0.96] 0.88 [0.74 ; 1.06] 

Birth year - -0.07 [-0.08 ; -0.05] 0.96 [0.96 ; 0.97] 
Intercept - 0.98 

 
[0.65 ; 1.31] 12.14 [11.44 ; 12.88] 

Shape - - - 1.34 [1.33 ; 1.35] 
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4 Discussion 

In this thesis, we aimed to assess the effect of region, religion and other socioeconomic factors 

on the occurrence of FGM in girls born between 1987 and 2004 in Egypt. 

As all our event times are interval-censored due to imprecise measurement, classical regression 

techniques which ignore this feature may cause bias and lead to invalid inference. We fitted a 

semiparametric PH model that takes interval censoring into account and included all the 

covariates of interest. Except for Occupation of the father, the covariates of interest showed to 

be significantly associated with FGM. A substantial effect was observed for region, where a 

high HR marked a strong increase in the hazard of FGM for girls from rural and urban upper 

Egypt compared to girls from the urban governorates. In contrast, for girls with a mother who 

is higher educated or who is Christian, the hazard was proven to markedly decrease compared 

to girls with uneducated or Muslim mothers, respectively. These results are in accordance with 

other studies that assessed the effect of these covariates on the prevalence of FGM [4, 5, 9, 17-

20]. As an alternative for this semiparametric PH model, a PEBS PH model was also 

constructed but showed to be an inferior model fit, as the AIC was higher compared to the 

semiparametric model, although similar conclusions with regards to the covariates of interest 

could be drawn. It should be noted that potentially significant interaction terms were not 

considered in this thesis and further model exploration may be necessary to improve the model 

fit.  

To assess the adequacy of the model, one would normally check the assumptions and fit by 

means of residual plots. Farrington [36] has developed interval-censored variants of the Cox-

Snell, martingale, deviance and Schoenfeld residuals, but most of them are not implemented in 

the available software. Only in SAS, plots of the deviance and martingale residuals can be 

obtained. For the semiparametric PH model constructed in R, that includes all the covariates of 

interest, log-cumulative hazard plots stratified by the levels of each of the covariates could be 

obtained, which have shown that the PH assumption is possibly not valid, but none of the 
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residual plots. For this study and other future studies, it may therefore be important to expand 

the software so that the model fit can properly be investigated.  

In addition to the semiparametric PH model, a parametric AFT model was also considered. If 

one is willing to make assumptions about the underlying distribution and if the model is 

specified correctly, maximum likelihood estimation can be used and more precise estimates can 

be obtained as they are based on fewer parameters [38]. A Weibull regression model seemed to 

best fit the data in this study and was further explored. An advantage of the Weibull model is 

that the estimated coefficients can be expressed in either AFT or PH form, and the latter was 

used to compare the estimates with those from the PH model. All the covariates of interest were 

significantly associated with FGM and similar conclusions about their effect could be drawn as 

for the PH model. However, it should be noted that the PH assumption also has to be fulfilled 

for the Weibull parametric AFT model and that it is actually even more restrictive than a 

semiparametric PH model as assumptions about the underlying distribution were made. 

We have also investigated how imputation of the event times for interval-censored data would 

influence the estimates of the NPMLE, the semiparametric PH model and the parametric AFT 

model. First, we compared the survival distribution estimated through the Turnbull estimator 

with the KM estimators for the imputed event times. Right-point imputation overestimated the 

survival times and the MST, while left- and mid-point imputation underestimated them. These 

results are in line with previous studies, in which was shown that right-point imputation tends 

to overestimate the survival times and the MST [39-43], while left-point imputation generates 

underestimated survival times [40, 41, 43]. The results for mid-point imputed event times are, 

however, not as clear and both over- as well as underestimation of the survival times and MST 

have been described [39-41]. The width of the interval seems to be an important factor [39, 41, 

44], but also for example the timing of the interval relative to the true MST determines the 

extent of bias [41].  

In our study, it was also shown that fitting a Cox PH model with right-point imputed event 

times produced estimates that were limitedly biased, while left- and mid-point imputation had 

a larger impact on the estimated regression coefficients compared to the semiparametric PH 

model built with interval-censored event times. In contrast, Bogaerts et al. [39] noticed that for 

the ‘sensory shelf life study’ the estimate of the HR comparing adults and children was very 

similar for mid-point imputed event times when comparing to different PH models that take the 

interval-censored nature of the dataset into account, while the right-point imputation model 
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yielded a lower HR. Furthermore, Sun and Chen [45] have compared Finkelstein’s PH model 

with Cox regression models based on mid- and right-point imputed event times and concluded 

that mid-point imputation is preferred over right-point imputation. They also advise to use the 

exact method or Efron’s approximation for point estimation, which is similar to the conclusion 

that we drew in this study. In addition, we discovered that, in contrast to the semiparametric PH 

model, the estimated regression coefficients are least biased for mid-point imputation for our 

Weibull AFT model. For parametric survival models, Lindsey [46] found that interval 

censoring can often be ignored if mid-point imputed event times are used, whereas Odell et al. 

[47] state that, for a Weibull-based AFT model, mid-point imputation can be considered if the 

hazard rate is rather flat or if the proportion of interval-censored observations is small. It should 

be noted that we have only compared the parameter estimates, but it would have been 

informative to study the effect of imputation on the standard errors and related confidence 

intervals of the estimates to further evaluate the extent of bias. It was shown in previous studies 

that single imputation tends to induce a decrease in the standard errors of the estimate 

parameters [39, 46] as part of the uncertainty in the data was artificially removed by applying 

these imputation techniques. Based on the current results, however, it may be concluded that 

the extent of bias, yielded by using imputed event times, was not very substantial in our study, 

most likely due to the fact that the width of the intervals was the same for all girls that had 

undergone FGM and relatively small compared to the total follow-up time. Bias also depended 

on the model that was fitted, although left-point imputation was shown to be the least 

appropriate imputation technique for all constructed models. Imputation of the event times 

should, however, be critically reviewed upon usage in future studies. As an alternative for these 

conventional single imputation-based approaches, multiple imputation could be performed to 

address the problem of interval censoring [40, 48-51]. 

The potential application of a cure fraction model was also briefly covered in this thesis to 

account for the presence of an insusceptible population. Many types of cure models have been 

described (reviewed in [52]), but their practical implementation in software is not very 

comprehensive, especially with regards to model diagnostics. In addition, it was not possible to 

use the interval-censored event times, which is why we had to resort to imputed event times. 

We found that an AFTMC model that assumes a loglogistic distribution for the latency part and 

a complementary log-log function for the incidence part to have the lowest AIC and further 

refined this model by deleting non-significant covariates in either the incidence or latency part. 

A great advantage of a cure model is that the probability of being susceptible can be estimated 
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for a given set of covariates. However, the actual beneficial effect of a cure model in this study 

may be questioned. The plateau of the NPMLE is quite short and therefore little information is 

available to estimate the cure fraction. Furthermore, it is known that FGM is usually carried out 

before reaching adulthood, so we know that we would not obtain a lot of extra data if the follow-

up time would have been prolonged. In addition, further model exploration is needed to assess 

the appropriateness of the constructed model. 

The large sample size of the dataset and the identical sampling method over the DHS waves are 

real advantages for this analysis, but also some of the limitations of this study will be discussed. 

The reliability of self-reporting may be questionable as people can make substantial errors in 

recalling the event times or deliberately underreport circumcision as FGM remains a sensitive 

topic and is also now criminalized in Egypt. Elmusharaf et al. [53] have compared the reliability 

of the self-reported form of FGM by comparing results from surveys and clinical examinations 

and show that there was considerable underreporting of the FGM type.  

Another potential source of bias would be that the mothers were asked about daughters that 

were alive at the moment of survey. Girls who died prior to the survey were thus excluded from 

the study and the time to FGM was observed conditionally on being alive at the moment of 

survey. One may wonder if the distribution of FGM within the population of girls who died 

prior to the survey is the same as the distribution of the live girls. If this would not be the case, 

it can be suspected that extensive bias would occur in the analysis. For example, if FGM is 

strongly correlated with mortality, we may expect that the FGM rate would be underestimated, 

especially in regions where health care is rather mediocre and many girls die after being 

circumcised. This sampling design also implies that girls were recruited into the study at 

varying ages (at survey) and that girls who were born for example in 1990 would have needed 

to survive longer to be included in this study compared to a girl that was born in 1998. 

Therefore, the data can be considered to be left-truncated. This feature of the dataset should be 

revised more profoundly as several authors have described that ignoring left truncation may 

cause bias and a loss of accuracy [54-58] and the likelihood should be adjusted as indicated in 

the Methods section. In our study, however, crucial information, i.e. the probability of surviving 

beyond the moment of survey, is missing to properly adapt the likelihood. A simulation study 

could be performed to evaluate how large the bias in the estimates would be under different 

truncation conditions. This was exemplified by Applebaum et al. [54] for a cohort of Vermont 

granite workers, for which was shown that bias of the estimates, induced by left truncation, 

increases as the left truncation times increase. Ideally, in order to make valid conclusions about 
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the FGM rate and the influence of certain parameters within the whole population of girls, a 

classical longitudinal design, where girls would be followed from birth until they undergo FGM 

(or die), would be more appropriate. 

Due to the large sample size of the dataset and the low number of missing values, it was decided 

to perform a complete cases analysis. However, this may have caused a decrease in efficiency, 

as there was partial loss of information, and bias, if the complete cases represent a non-random 

sample of the population. Alternatively, missing values could have been handled by multiple 

imputation to make valid inference [59], for example by imputing the incomplete multivariate 

data by chained equations using the ‘mice’ package in R [60]. In addition, it should be noted 

that in order to obtain independent subjects, a large proportion of the dataset was excluded from 

this study, which may have resulted in decreased efficiency due to the loss of information. 

Although not implemented in this thesis, clustered survival data can be modeled by application 

of a shared frailty model, whereby the correlation within a cluster is represented by the shared 

frailty term, as exemplified by Knox et al. [61]. The observations that were excluded from this 

dataset could also have been used for cross-validation of the survival model.  

In conclusion, further analysis of the dataset is necessary to estimate and restrict the effect of 

potential sources of bias in order to obtain unbiased estimates and to draw valid inferences. 

However, the current available software often does not allow to consider different features of 

the dataset at the same time, thereby limiting the flexibility of survival regression. For future 

studies, it may also be useful to prevent certain problems by adjusting the study design. 
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Appendix 

Figures 

 

Figure A1. Histogram of age at circumcision for the 2005 and 2008 DHS waves. 

 

Figure A2. Histogram of age at circumcision for the 2005 and 2014 DHS waves. 



	

 

Figure A3. Histogram of age at circumcision for the 2008 and 2014 DHS waves. 

 

Figure A4. Histogram of age at survey for the 2005 and 2008 DHS waves. 



	

 

Figure A5. Histogram of age at survey for the 2005 and 2014 DHS waves. 

 

Figure A6. Histogram of age at survey for the 2008 and 2014 DHS waves. 



	

 

Figure A7. NPMLE of the survival function stratified by Age cohort. 

 

Figure A8. NPMLE of the survival function stratified by Region. 



	

 

Figure A9. NPMLE of the survival function stratified by Religion. 

 

Figure A10.  NPMLE of the survival function stratified by Educational level of the father. 



	

 

Figure A11. NPMLE of the survival function stratified by Occupation of the mother. 

 

Figure A12. NPMLE of the survival function stratified by Occupation of the father. 



	

 

Figure A13. Comparison of different methods to handle ties for mid-point imputed event times. 

Differences in the estimated coefficients between models that employed Breslow’s or Efron’s 

approximation to handle ties and the reference model, which uses the ‘exact’ method, are 

visualized. Each dot represents the deviation of one estimated coefficient. 

 

Figure A14. Comparison of different methods to handle ties for left-point imputed event times. 

Differences in the estimated coefficients between models that employed Breslow’s or Efron’s 

approximation to handle ties and the reference model, which uses the ‘exact’ method, are 

visualized. Each dot represents the deviation of one estimated coefficient. 



	

 

Figure A15. Log-cumulative hazard plot stratified by Region. 0 = urban governorates, 2 = 

urban lower Egypt, 3 = rural lower Egypt, 5 = urban upper Egypt, 6 = rural upper Egypt, 7 = 

frontier governorates.  

 

Figure A16. Log-cumulative hazard plot stratified by Educational level of the mother. 0 = no 

education, 1 = primary, 2 = secondary, 3 = higher. 



	

 

 

Figure A17. Log-cumulative hazard plot stratified by Educational level of the father. 0 = no 

education, 1 = primary, 2 = secondary, 3 = higher. 

 

Figure A18. Log-cumulative hazard plot stratified by Occupation of the mother. 0 = did not 

work, 1 = prof., tech., manag., 2 = clerical, 3 = sales, 4 = agric-self-employed, 5 = agric-

employee, 7 = services, 8 = skilled manual, 9 = unskilled manual. 



	

 

Figure A19. Log-cumulative hazard plot stratified by Occupation of the. 0 = did not work, 1 = 

prof., tech., manag., 2 = clerical, 3 = sales, 4 = agric-self-employed, 5 = agric-employee, 7 = 

services, 8 = skilled manual, 9 = unskilled manual. 

 
  



	

Tables 

Table A1. Exponentiated estimated coefficients and 95% confidence intervals obtained after 

fitting a multivariate piecewise exponential baseline survival PH model.  

 

  

Covariate Value 
Parameter 

estimate 
(HR) 

95% CI  
of the HR 

Region 

Urban governorates - - 
Urban Lower Egypt 1.13 [1.01 ; 1.26] 
Rural Lower Egypt 1.84 [1.69 ; 2.00] 
Urban Upper Egypt 3.38 [3.10 ; 3.69] 
Rural Upper Egypt 3.53 [3.26 ; 3.83] 
Frontier governorates 1.59 [1.41 ; 1.79] 

Education 
mother 

No education - - 
Primary 0.99 [0.93 ; 1.05] 
Secondary 0.82 [0.77 ; 0.88] 
Higher 0.42 [0.36 ; 0.49] 

Education 
father 

No education - - 
Primary 0.94 [0.88 ; 1.00] 
Secondary 1.03 [0.97 ; 1.10] 
Higher 0.79 [0.71 ; 0.88] 

Religion 
Muslim - - 
Christian 0.39 [0.34 ; 0.44] 

Occupation 
mother 
 

Did not work - - 
Prof., Tech., Manag. 0.92 [0.83 ; 1.02] 
Clerical 0.70 [0.60 ; 0.81] 
Sales 0.77 [0.65 ; 0.90] 
Agric-self-employed 0.80 [0.69 ; 0.91] 
Agric-employee 0.74 [0.66 ; 0.84] 
Services 0.77 [0.66 ; 0.89] 
Skilled manual 0.86 [0.71 ; 1.05] 
Unskilled manual 0.78 [0.61 ; 0.99] 

Occupation 
father 

Did not work - - 
Prof., Tech., Manag. 1.00 [0.89 ; 1.12] 
Clerical 1.03 [0.90 ; 1.17] 
Sales 1.00 [0.85 ; 1.17] 
Agric-self-employed 0.96 [0.85 ; 1.08] 
Agric-employee 0.91 [0.81 ; 1.02] 
Services 1.07 [0.95 ; 1.19] 
Skilled manual 0.98 [0.88 ; 1.09] 
Unskilled manual 0.97 [0.86 ; 1.09] 

Birth year - 0.96 [0.95 ; 0.96] 



	

Table A2. Exponentiated estimated coefficients obtained after fitting a semiparametric PH 

model, which handles interval-censored data, and different Cox regression models built with 

imputed event times. 

Covariate Value 
Semi-

parametric 
PH 

Left-point 
imputation 

Mid-point 
imputation 

Right-point 
imputation 

Random 
imputation 

Region 

Urban governorates - - - - - 
Urban Lower Egypt 1.12 1.14 1.13 1.12 1.13 
Rural Lower Egypt 1.83 1.84 1.84 1.83 1.84 
Urban Upper Egypt 3.39 3.38 3.37 3.38 3.37 
Rural Upper Egypt 3.56 3.49 3.52 3.55 3.53 
Frontier 
governorates 

1.57 1.60 1.59 1.57 1.59 

Education 
mother 

No education - - - - - 
Primary 0.99 0.99 0.99 0.99 0.99 
Secondary 0.82 0.83 0.82 0.82 0.82 
Higher 0.42 0.42 0.42 0.42 0.42 

Education 
father 

No education - - - - - 
Primary 0.94 0.94 0.94 0.94 0.94 
Secondary 1.03 1.04 1.03 1.03 1.03 
Higher 0.79 0.79 0.79 0.79 0.79 

Religion 
Muslim - - - - - 
Christian 0.39 0.39 0.39 0.39 0.39 

Occupatio
n 
mother 
 

Did not work - - - - - 
Prof., Tech., Manag. 0.92 0.91 0.92 0.92 0.92 
Clerical 0.70 0.69 0.70 0.71 0.70 
Sales 0.76 0.77 0.77 0.76 0.77 
Agric-self-employed 0.81 0.78 0.79 0.82 0.79 
Agric-employee 0.75 0.73 0.75 0.75 0.74 
Services 0.77 0.77 0.77 0.77 0.77 
Skilled manual 0.86 0.87 0.86 0.86 0.87 
Unskilled manual 0.79 0.77 0.78 0.79 0.78 

Occupatio
n father 

Did not work - - - - - 
Prof., Tech., Manag. 1.00 1.00 1.00 1.00 1.00 
Clerical 1.03 1.01 1.03 1.03 1.03 
Sales 1.00 0.99 1.00 1.00 1.00 
Agric-self-employed 0.96 0.95 0.96 0.96 0.96 
Agric-employee 0.91 0.91 0.91 0.91 0.91 
Services 1.06 1.06 1.07 1.06 1.07 
Skilled manual 0.98 0.97 0.98 0.98 0.98 
Unskilled manual 0.98 0.96 0.97 0.98 0.97 

Birth year - 0.97 0.95 0.96 0.97 0.96 
AIC - 61547 166870 165883 164827 165776 

 

 

 



	

Table A3. Exponentiated estimated coefficients after fitting Cox PH models with right-point 

imputed event times with different methods for handling ties.  

Covariate Value Right-point 
Breslow 

Right-point 
Efron 

Right-point 
Exact 

Region 

Urban governorates - - - 
Urban Lower Egypt 1.11 1.12 1.12 
Rural Lower Egypt 1.76 1.83 1.83 
Urban Upper Egypt 3.24 3.38 3.39 
Rural Upper Egypt 3.37 3.55 3.56 
Frontier governorates 1.56 1.57 1.57 

Education 
mother 

No education    
Primary 1.00 0.99 0.99 
Secondary 0.84 0.82 0.82 
Higher 0.44 0.42 0.42 

Education 
father 

No education    
Primary 0.95 0.94 0.94 
Secondary 1.03 1.03 1.03 
Higher 0.80 0.79 0.79 

Religion 
Muslim    
Christian 0.41 0.39 0.39 

Occupation 
mother 
 

Did not work    
Prof., Tech., Manag. 0.93 0.92 0.92 
Clerical 0.72 0.71 0.70 
Sales 0.77 0.76 0.76 
Agric-self-employed 0.82 0.82 0.81 
Agric-employee 0.76 0.75 0.75 
Services 0.78 0.77 0.77 
Skilled manual 0.86 0.86 0.86 
Unskilled manual 0.79 0.79 0.79 

Occupation 
father 

Did not work    
Prof., Tech., Manag. 1.00 1.00 1.00 
Clerical 1.03 1.03 1.03 
Sales 0.99 1.00 1.00 
Agric-self-employed 0.96 0.96 0.96 
Agric-employee 0.92 0.91 0.91 
Services 1.06 1.06 1.06 
Skilled manual 0.98 0.98 0.98 
Unskilled manual 0.99 0.98 0.98 

Birth year - 0.97 0.97 0.97 
AIC - 166226 164827 61415 

 

 

 



	

Table A4. Exponentiated estimated coefficients after fitting Cox PH models with mid-point 

imputed event times with different methods for handling ties. 

Covariate Value Mid-point 
Breslow 

Mid-point 
Efron 

Mid-point 
Exact 

Region 

Urban governorates - - - 
Urban Lower Egypt 1.12 1.13 1.13 
Rural Lower Egypt 1.77 1.84 1.84 
Urban Upper Egypt 3.24 3.37 3.38 
Rural Upper Egypt 3.35 3.52 3.53 
Frontier governorates 1.58 1.59 1.59 

Education 
mother 

No education - - - 
Primary 1.00 0.99 0.99 
Secondary 0.84 0.82 0.82 
Higher 0.44 0.42 0.42 

Education 
father 

No education - - - 
Primary 0.94 0.94 0.94 
Secondary 1.03 1.03 1.03 
Higher 0.80 0.79 0.79 

Religion 
Muslim - - - 
Christian 0.41 0.39 0.39 

Occupation 
mother 
 

Did not work - - - 
Prof., Tech., Manag. 0.93 0.92 0.92 
Clerical 0.71 0.70 0.70 
Sales 0.77 0.77 0.77 
Agric-self-employed 0.79 0.79 0.79 
Agric-employee 0.76 0.75 0.74 
Services 0.78 0.77 0.77 
Skilled manual 0.87 0.86 0.86 
Unskilled manual 0.78 0.78 0.78 

Occupation 
father 

Did not work - - - 
Prof., Tech., Manag. 1.00 1.00 1.00 
Clerical 1.03 1.03 1.03 
Sales 0.99 1.00 1.00 
Agric-self-employed 0.96 0.96 0.96 
Agric-employee 0.91 0.91 0.91 
Services 1.07 1.07 1.07 
Skilled manual 0.98 0.98 0.98 
Unskilled manual 0.98 0.97 0.97 

Birth year - 0.96 0.96 0.96 
AIC - 167206 165883 62471 

 

 

 



	

Table A5. Exponentiated estimated coefficients after fitting Cox PH models with left-point 

imputed event times with different methods for handling ties. 

Covariate Value Left-point 
Breslow 

Left-point 
Efron 

Left-point 
Exact 

Region 

Urban governorates - - - 
Urban Lower Egypt 1.13 1.14 1.14 
Rural Lower Egypt 1.78 1.84 1.84 
Urban Upper Egypt 3.26 3.38 3.39 
Rural Upper Egypt 3.34 3.49 3.50 
Frontier governorates 1.59 1.60 1.60 

Education 
mother 

No education - - - 
Primary 0.99 0.99 0.99 
Secondary 0.84 0.83 0.83 
Higher 0.44 0.42 0.42 

Education 
father 

No education - - - 
Primary 0.94 0.94 0.94 
Secondary 1.04 1.04 1.04 
Higher 0.80 0.79 0.79 

Religion 
Muslim - - - 
Christian 0.41 0.39 0.39 

Occupation 
mother 
 

Did not work - - - 
Prof., Tech., Manag. 0.92 0.91 0.91 
Clerical 0.71 0.69 0.69 
Sales 0.78 0.77 0.77 
Agric-self-employed 0.78 0.78 0.78 
Agric-employee 0.74 0.73 0.73 
Services 0.78 0.77 0.77 
Skilled manual 0.87 0.87 0.87 
Unskilled manual 0.77 0.77 0.77 

Occupation 
father 

Did not work - - - 
Prof., Tech., Manag. 1.00 1.00 1.00 
Clerical 1.01 1.01 1.01 
Sales 0.99 0.99 0.99 
Agric-self-employed 0.95 0.95 0.95 
Agric-employee 0.91 0.91 0.91 
Services 1.06 1.06 1.06 
Skilled manual 0.97 0.97 0.97 
Unskilled manual 0.97 0.96 0.96 

Birth year - 0.95 0.95 0.95 
AIC - 168128 166870 63459 

 

 

 



	

Table A6. Exponentiated estimated coefficients obtained after fitting a Weibull model, which 

handles interval-censored data, and different Weibull  models built with imputed event times. 

Covariate Value Interval-
censored 

Left-point 
imputation 

Mid-point 
imputation 

Right-
point 

imputation 

Random 
imputation 

Region 

Urban governorates - - - - - 
Urban Lower Egypt 1.14 1.16 1.14 1.13 1.14 
Rural Lower Egypt 1.89 1.87 1.89 1.88 1.89 
Urban Upper Egypt 3.43 3.31 3.42 3.43 3.40 
Rural Upper Egypt 3.66 3.44 3.63 3.67 3.61 
Frontier governorates 1.53 1.55 1.53 1.52 1.53 

Education 
mother 

No education - - - - - 
Primary 0.99 0.98 0.99 0.99 0.99 
Secondary 0.80 0.81 0.81 0.80 0.81 
Higher 0.41 0.41 0.41 0.41 0.41 

Education 
father 

No education - - - - - 
Primary 0.95 0.95 0.95 0.95 0.95 
Secondary 1.04 1.04 1.04 1.04 1.04 
Higher 0.79 0.79 0.79 0.79 0.79 

Religion 
Muslim - - - - - 
Christian 0.36 0.38 0.36 0.36 0.36 

Occupation 
mother 
 

Did not work - - - - - 
Prof., Tech., Manag. 0.92 0.93 0.92 0.92 0.93 
Clerical 0.69 0.69 0.69 0.70 0.69 
Sales 0.78 0.80 0.78 0.77 0.78 
Agric-self-employed 0.82 0.79 0.82 0.83 0.81 
Agric-employee 0.78 0.78 0.78 0.78 0.78 
Services 0.78 0.79 0.78 0.78 0.78 
Skilled manual 0.89 0.91 0.89 0.88 0.90 
Unskilled manual 0.82 0.80 0.81 0.83 0.81 

Occupation 
father 

Did not work - - - - - 
Prof., Tech., Manag. 1.00 1.01 1.00 1.00 1.00 
Clerical 1.03 1.02 1.03 1.04 1.03 
Sales 1.00 0.99 1.00 1.00 1.00 
Agric-self-employed 0.96 0.96 0.96 0.96 0.96 
Agric-employee 0.92 0.92 0.92 0.92 0.92 
Services 1.08 1.07 1.08 1.08 1.08 
Skilled manual 0.98 0.97 0.98 0.98 0.97 
Unskilled manual 0.99 0.98 0.99 1.00 0.99 

Birth year - 0.96 0.94 0.95 0.97 0.95 
AIC - 61547 166870 165883 164827 165776 

 

 



	

Table A7. Comparison of exponentiated estimated coefficients obtained after fitting different 

models that handle interval-censored data. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Covariate Value Weibull 
Semi-

parametric 
PH 

PEBS  
PH 

Region 

Urban governorates - - - 
Urban Lower Egypt 1.14 1.12 1.13 
Rural Lower Egypt 1.89 1.83 1.84 
Urban Upper Egypt 3.43 3.39 3.38 
Rural Upper Egypt 3.66 3.56 3.53 
Frontier governorates 1.53 1.57 1.59 

Education 
mother 

No education - - - 
Primary 0.99 0.99 0.99 
Secondary 0.80 0.82 0.82 
Higher 0.41 0.42 0.42 

Education 
father 

No education - - - 
Primary 0.95 0.94 0.94 
Secondary 1.04 1.03 1.03 
Higher 0.79 0.79 0.79 

Religion 
Muslim - - - 
Christian 0.36 0.39 0.39 

Occupation 
mother 
 

Did not work - - - 
Prof., Tech., Manag. 0.92 0.92 0.92 
Clerical 0.69 0.70 0.70 
Sales 0.78 0.76 0.77 
Agric-self-employed 0.82 0.81 0.80 
Agric-employee 0.78 0.75 0.74 
Services 0.78 0.77 0.77 
Skilled manual 0.89 0.86 0.86 
Unskilled manual 0.82 0.79 0.78 

Occupation 
father 

Did not work - - - 
Prof., Tech., Manag. 1.00 1.00 1.00 
Clerical 1.03 1.03 1.03 
Sales 1.00 1.00 1.00 
Agric-self-employed 0.96 0.96 0.96 
Agric-employee 0.92 0.91 0.91 
Services 1.08 1.06 1.07 
Skilled manual 0.98 0.98 0.98 
Unskilled manual 0.99 0.98 0.97 

Birth year - 0.96 0.97 0.96 
AIC - 66327 61547 62748 



	

Table A8. Estimated coefficients and 95% confidence intervals of the incidence part obtained 

after fitting a loglogistic/clog-log AFTMC model. The p-values after performing an LRT for 

comparing this full model with a model from which one of the covariates is deleted are also 

given, as well as the AIC for each of these reduced models. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Covariate Value Parameter 
estimate  95% CI  LRT 

p-value AIC 

Region 

Urban governorates - - 

<0.0001 28774 

Urban Lower Egypt 0.39 [0.16 ; 0.61] 
Rural Lower Egypt 1.01 [0.80 ; 1.21] 
Urban Upper Egypt 0.97 [0.77 ; 1.16] 
Rural Upper Egypt 1.96 [1.72 ; 2.21] 
Frontier governorates 1.62 [0.91 ; 2.32] 

Education 
mother 

No education - - 

<0.0001 28620 
Primary -0.20 [-0.44 ; 0.04] 
Secondary -0.77 [-0.98 ; -0.55] 
Higher -1.76 [-2.09 ; -1.43] 

Education 
father 

No education - - 

0.002 28517 
Primary -0.04 [-0.27 ; 0.20] 
Secondary -0.16 [-0.38 ; 0.06] 
Higher -0.53 [-0.82 ; -0.24] 

Religion 
Muslim - - 

<0.0001 28590 
Christian -2.26 

 
[-2.503 ; -2.03] 

Occupation 
mother 
 

Did not work - - 

0.06 28507 

Prof., Tech., Manag. 0.32 [0.03 ; 0.61] 
Clerical -0.24 [-0.56 ; 0.08] 
Sales 0.22 [-0.44 ; 0.87] 
Agric-self-employed 0.25 [-0.45 ; 0.96] 
Agric-employee 0.61 [-0.27 ; 1.49] 
Services -0.20 [-0.53 ; 0.14] 
Skilled manual 0.30 [-0.37 ; 0.96] 
Unskilled manual 0.12 [-1.00 ; 1.25] 

Occupation 
father 

Did not work - - 

0.003 28515 

Prof., Tech., Manag. 0.07 [-0.24 ; 0.38] 
Clerical 0.25 [-0.13 ; 0.62] 
Sales 0.46 [-0.06 ; 0.99] 
Agric-self-employed -0.12 [-0.50 ; 0.26] 
Agric-employee -0.21 [-0.58 ; 0.15] 
Services 0.18 [-0.15 ; 0.51] 
Skilled manual 0.10 [-0.20 ; 0.41] 
Unskilled manual 0.53 [0.11 ; 0.96] 

Birth year - -0.07 [-0.08 ; -0.06] <0.0001 28586 
Intercept - 0.98 

 
[0.66 ; 1.32] - - 



	

Table A9. Exponentiated estimated coefficients and 95% confidence intervals of the latency 

part obtained after fitting a loglogistic/clog-log AFTMC model. The p-values after performing 

an LRT for comparing this full model with a model from which one of the covariates is deleted 

are also given, as well as the AIC for each of these reduced models. 

 

  Covariate Value Parameter 
estimate 95% CI LRT 

p-value AIC 

Region 

Urban governorates - - 

<0.0001 29226 

Urban Lower Egypt 0.84 [0.69 ; 1.03] 
Rural Lower Egypt 1.06 [0.91 ; 1.23] 
Urban Upper Egypt 3.71 [3.13 ; 4.39] 
Rural Upper Egypt 2.66 [2.30 ; 3.09] 
Frontier governorates 0.93 [0.74 ; 1.16] 

Education 
mother 

No education - - 

0.17 28508 
Primary 1.04 [0.95 ; 1.13] 
Secondary 1.08 [0.98 ; 1.20] 
Higher 1.40 [1.05 ; 1.88] 

Education 
father 

No education - - 

0.01 28513 
Primary 0.91 [0.83 ; 0.99] 
Secondary 1.06 [0.96 ; 1.17] 
Higher 0.93 [0.77 ; 1.12] 

Religion 
Muslim - - 

<0.0001 28523 
Christian 1.94 

 
[1.45 ; 2.58] 

Occupation 
mother 
 

Did not work - - 

<0.0001 28557 

Prof., Tech., Manag. 0.70 [0.57 ; 0.87] 
Clerical 0.74 [0.55 ; 0.98] 
Sales 0.65 [0.51 ; 0.83] 
Agric-self-employed 0.72 [0.59 ; 0.87] 
Agric-employee 0.66 [0.56 ; 0.78] 
Services 0.76 [0.59 ; 0.97] 
Skilled manual 0.74 [0.54 ; 1.01] 
Unskilled manual 0.67 [0.48 ; 0.95] 

Occupation 
father 

Did not work - - 

0.08 28506 

Prof., Tech., Manag. 1.00 [0.83 ; 1.20] 
Clerical 0.92 [0.74 ; 1.15] 
Sales 0.81 [0.63 ; 1.05] 
Agric-self-employed 0.97 [0.81 ; 1.17] 
Agric-employee 0.2 [0.77 ; 1.09] 
Services 1.06 [0.89 ; 1.27] 
Skilled manual 0.92 [0.77 ; 1.08] 
Unskilled manual 0.88 [0.74 ; 1.06] 

Birth year - 0.96 [0.96 ; 0.97] <0.0001 28580 
Intercept - 12.20 [11.50 ; 12.94] - - 
Shape - 1.34 [1.33 ; 1.35] - - 



	

 

  



	

 


