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Abstract

Early sexual debut is often associated with a number of social challenges. However, the hazard and risk
factors of changing pattern of age at first sex have not been fully explained. This paper investigated the
period-cohort effects by fitting flexible time-to-event models of sexual debut using retrospective cross-
sectional data of the 2000 and 2006-7 Namibian Health and Demographic Survey, to establish individual
and structural effects, and simultaneously investigated spatial frailty effects, non-linear effects of age,
cohort and period on the timing of sexual debut among women. The hazard of sexual debut reduced as
the woman’s year of birth increased suggesting a generational effect. The North Eastern parts of
Namibia were associated with a higher risk of early sexual debut compared to all other regions.
Intervention strategies should be multifaceted and involve not only schools and communities but
individual family units as they have a bigger role to play in this regard.
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Introduction

In most African settings, sexual activity begins at
marriage. This is mainly because most African families
are built on Christian beliefs like in Namibia where
religion for more than 90% of the population is
Christianity. However, with the increase in
educational level there is an increase in premarital sex
and premarital child-bearing as marriage is often
delayed until completion of study programmes. It is
also noted that there is a high level of teenage
pregnancy signifying that many young girls start sex at
an early age.

Early first sexual intercourse is often associated
with unplanned adolescent motherhood, unwanted
pregnancies (Hallert et al,2007;Kaestle et al,2005;
Rostosky, Regnerus and Wright, 2003), abortions and
infanticide, school drop-outs, risk of sexually
transmitted infections including HIV, maternal
mortality (Zaba et al.,2012; Pettifor et al,2004;
Mcgrath et al, 2012; Tilahun and Ayele,2013; Newell,
2008), and a general reduction of future life
opportunities for the individual concerned (Hallert et
al,2007). Early sexual intercourse may represent a life
course transition that increases the chances of a
longitudinal pattern of risky sexual activity, whose
consequences may affect sexual functioning and
relationship  skills  (Upadhyay and  Hindin,
2007;Sandfort et al, 2008). Muharaj and Munthree
(2007) found that in KwaZulu Natal, South Africa,
nearly 46% of all sexually experienced young women
reported that their first sexual encounter had been
coerced. Those who had reported being coerced at
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first sex were significantly more likely to be black and
living in an urban area, more likely to report having
sexually transmitted infection (STI), and having
experienced unintended pregnancy compared to
those who had not been coerced at first sex. They
noted that coercion at first sex is an important health
problem that has a serious impact on the
reproductive health and behaviour of young women.
Hallert et al. (2007) established that the median
age at first sex had declined among males over the
past 30 years but increased recently among females.
A number of factors have been associated with sexual
debut. Huschek et al (2010) established that
characteristics of parent modernity were related to
delayed entry into union. Having parents with lower
human capital, coming from a larger family, and
having a parent with certain backgrounds resulted in
significantly different rates of union formation. The
influence of parental human capital was at least partly
mediated by the child’s own educational attainment.
When parents made household decisions jointly, sons
reported delaying first sex. In households in which
mothers had higher status, daughters reported
delayed first sex. The results indicated that long-term
positive effects on children, particularly delaying first
sex, occur in families in which parental decision
making is cooperative and in which women have
higher status. Contact with non-co-ethnic peers
resulted in postponement of starting a first union, and
going to school with natives resulted in slower rates
of entry into first union. Seiving etal (2006) revealed
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that the higher proportion of a youth’s friends who
were sexually experienced, the greater the odds of
sexual debut. The odds were also elevated among
youth who believed that they would gain their
friends’ respect by having sex. Age at first sex is also
associated with peri-urban residence (versus rural),
ever use of alcohol, knowing at least one person who
had HIV, while school attendance had a significant
protective effect (Mcgrath et al,2012); employment,
religion (Zaba et al.,2012), and ethnicity(Mueller etal,
2008).

Justification

The time to first sex, is usually measured in years and
is assumed to be continuous and usually modelled by
classical parametric regression methods. The Cox
proportional hazards function is well known for
modelling event histories (Baschieri and Hinde,
2007). Unfortunately the time variable is measured
on a continuous scale and is based on the
proportional hazards assumption. This assumption is
violated in most cross-sectional survey data which is
based on retrospective studies, data is measured in
discrete time, where there is recall bias and a lot of
tied observations (Gayawan and Adebayo, 2013).
Furthermore, this approach may not be suitable for
estimating small area effects and at the same time
adjusting for other covariates especially when the
effects of the covariates are non-linear or time-
varying (Manda and Meyer, 2005; Gayawan and
Adebayo, 2013). Kneib (2006) proposed to address
this challenge by assuming that an event occurs over
an interval of time such that the heavily tied survival
times are incorporated by introducing larger intervals
for the heaped observations.

This paper investigated the age- period-cohort
effects by fitting a flexible, time-to-event models of
age at first sex, using a case-study of data from
Namibia. Study findings will aid the design strategies
for delaying sexual debut. There has been debate that
sexual debut has recently declined (Dude, 2005; Guo
et al, 2012; Martinez et al, 201 |; Mmbaga, et al,
2012). However, the hazard and risk factors of
changing pattern of age at first sex have not been fully
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where — 0 is the predictor, "Q @ is the non-linear
effect of continuous covariates @, and 'Q [ is
the spatial effect. The vector of linear effects is
denoted by [  while oh "o pFE RO are
uncorrelated individual or group specific frailties. A
structured additive model for discrete time- to-event

outcome was used to establish individual and
structural effects, and simultaneously investigate non-
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explained. In addition, the actual pattern of risk
factors of early sexual debut are largely unknown in
Namibia

Data & Methods

Data

This study is based on the 2000 and 2006/7 Namibia
Demographic and Health Survey (DHS). DHS is a
national survey drawn on using a multistage cluster
sampling. At first stage, a random sample of
enumeration areas (EA), which are primary sampling
units, was chosen from the census sampling frame. In
Namibia, the following procedure was used. From
the selected EAs, households were systematically
drawn. Only women of reproductive age (15-49
years), in the selected households, were interviewed
using a face-to-face questionnaire. The questionnaire
included variables on individual bio-demographic
factors, household characteristics, history of marital
unions and births. Final samples included in the
analysis were respectively, 6755 from the 2000
survey and 9800 women, from the 2006/7 round of
surveys. The DHS is a nationally representative
sample, being secondary data, however, any errors in
the data collection process will be inherited.

Statistical Modelling

The standard procedure for examining the effects of
covariates (U ) on survival times (T) is the Cox
proportional hazard model where the multiplicative
structure is assumed for the hazard rate,[ is a vector
of regression coefficients and _ 0 is the baseline
hazard rate at observed time (t). The baseline hazard
rate is re-parameterized through 'Q 1 1T C 0
and covariates are partitioned

_on  _ o0Agw;

into groups of different types to extend the Cox
model to a semi-parametric hazard rate model so
that _ 0 A@H 6 h'Q plghE ¢ isageo-
additive predictor predictor of the form

linear effects of age, cohort and period on the timing
of first sex among women. An extended geo-additive
Cox model that addresses arbitrary combinations of
left, right and interval censoring schemes and relaxes
the proportional hazards assumption by allowing all
covariates to be piecewise constant i.e. time varying
was further proposed by Kneib (2006). Other
extensions of geo-additive models have been widely

http://aps.journals.ac.za



African Population Studies Vol. 30, No. 2, (Supp.), 2016

developed and adopted (Adebayo and Farhmeir
2005; Hennerfeind et al, 2006; Khatab and Fahrmeir,
2009; Wand, Whitaker and Ramijee, 201 |;
Nkurunziza, Gerbhhardt and Pilz,201 |; Claudio et al,
2012; Olubiyi and Olubusoye, 2013).

The predictor, — 0 can be expressed in matrix
notation if we let £t  — h NE h- @aedenote the

prediction vector, and let |« Q0 FEh'Q0
denote the evaluation of functions Q 0O, I

e

The likelihood of7 ¢ R| FE Al

0T Qwn

The model was estimated using Bayesian inference.
Priors for all parameters were assigned under the
Bayesian approach (Lang and Brezger, 2004; Kneib
and Fahrmeir, 2007). Diffuse priors were assumed
for fixed parameters, while for the baseline effect
"Q 0 and the non-linear effects Q@ , Bayesian P-
spline prior was assumed. These allowed for
nonparametric estimation of "Q as a linear
combination of basis function (B-splines) "Qa

B | T a, wheref @ are B-splines and the
coefficient of | are further defined to follow a
second order Gaussian random walk smoothness
priors
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where 4 4 is the number of adjacent sites and € =
denotes that site t is a neighbour of site s. The prior
defines areas as neighbours if they share a common
boundary and neighbouring areas are assumed to
have similar patterns. The conditional mean of
"Q i isan average function of evaluations " Q 0

of neighbouring sites t, with T controlling the
amount of spatial smoothness. In order to be able to
estimate the smoothing parameters for non-linear
and spatial effects, highly dispersed but proper hyper-
priors are assigned to them. Hence, for all variance
components, an inverse gamma distribution with

hyper-parameters a and b is chosen eg.
tx "'O'ghf}f SStandard choices for the hyper
parameters are a=/ and b=0.005 or

a=b=0.00/.Evaluation of the posterior distribution
of the model parameters was based on Empirical
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"Q® ME"Q® d the vector of evaluations of
the functions Qo ,
IV—=|= <JQ 0 ERQ O h the vector of

spatial effects and -H- @ ME @ the vector of
uncorrelated random effects. These vectors can be
expressed as a matrix product of a design matrix Z

and vector of parameters B to give

for an interval censored observation is given by
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with iid. errors | X 0 Tt . The variance t
controls the smoothness of f.  Assigning a weakly
informative inverse Gamma prior T * “O"OA h with

very small, it is estimated jointly with the basis
function coefficients.

Random effects (© ) were modelled by assuming
exchangeable normal priors, @ * O 1t I EADA
is a variance component that incorporates over-
dispersion and heterogeneity. For the spatial effects
"Q { , we chose a Gaussian Markov random field
prior, which is commonly used in spatial statistics
(Beag, York and Mollie, 1991), given as
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Bayesian inference. This used a restricted maximum
likelihood proposal which adopts a generalized mixed
methodology approach (Kneib and Fahrmeir, 2007).
Detailed numerical methods of implementing survival
time models are described in the reference manuals
of BayesX (Fahrmeir and Tutz, 2001; Belitz et al,,
2009; ). Model diagnostics were based on the Akaike
Information Criterion (AIC) and the Bayesian
Information criteria (BIC). The best model is the one
with the smallest AIC and BIC. AIC and BIC regulate
the trade-off between the goodness of fit of the
model and the complexity by imposing a penalty
discourages over-fitting (increasing the number of
free parameters in the data-generating process). All
analyses were carried out in BayesX, a software for
Bayesian inference in Structured Additive Regression
models — version 2.0.1 (Berlitz et al., 2009).
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