
Journal of Demographic Economics, 83, 2017, 211–244.
doi:10.1017/dem.2017.7

CHILDHOOD MORTALITY,
CHILDHOOD MORBIDITY, AND
SUBSEQUENT FERTILITY DECISIONS
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Abstract: The effects of childhood mortality and morbidity on the fertility
decision-making process are analyzed using longitudinal micro data from a Sene-
galese rural community, for the period 1984–2011. I attempt to identify the effect
of individual child mortality, and also that of community child mortality and
morbidity, on subsequent fertility choices. The results provide consistent support
for both the child-replacement hypothesis and the precautionary demand for chil-
dren. I find that community child mortality and morbidity attributable to malaria,
which capture changes in the epidemiological context, exert a joint influence
on fertility behaviors. Community-level malaria incidence among children has a
positive effect on subsequent fertility choices, and this positive effect is stronger
the more the disease is fatal to children who are infected. This study highlights
the role of morbidity, acting through the relative risk of dying from the disease,
on the slow fertility transition in sub-Saharan Africa.

Keywords: fertility, child mortality, child morbidity, malaria, sub-Saharan Africa,
replacement and insurance effects

JEL classification: C23, I15, J13

1. INTRODUCTION

The relationship between child mortality and fertility lies at the heart of demo-
graphic transition theories. A conventional view of the demographic transition is
that fertility is likely to follow the decline in childhood mortality. In sub-Saharan
Africa (SSA), child mortality shows a downward trend from the 1950s, yet net
fertility rates remain particularly high [Bongaarts and Casterline (2013)]. One of
the potential explanations for the slow transition is that SSA is still characterized by
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relatively low levels of child survival [Mason (1997)]. Nevertheless, as described
in Mason (1997), fertility decline can occur at many absolute levels of mortality,
depending among other things on the complexities of people’s perceptions of
mortality decline.1 Obviously, other factors than mortality are likely to contribute
to the slow fertility transition in SSA. These factors are manifold – economic
development, technological progress, nutrition – and interplay with each other.
In the economic literature, from a theoretical standpoint, the idea that mortality
decline alone is not sufficient to trigger net fertility decline can be found for
instance in Doepke (2005), Boucekkine et al. (2009) or in the unified growth
theory [e.g., Galor (2005)]. More recently, the attention has been directed toward
the morbidity burden as one explanation for the slow fertility transition in SSA.
Despite declining childhood mortality rates, the incidence of childhood diseases
remains very high. The mortality transition in SSA is specific in the sense that
morbidity has not declined along with mortality. Incidence of most diseases is
much higher than their fatality rate [Aksan (2014)]. In two recent theoretical
contributions, Aksan and Chakraborty (2013, 2014) identify infectious disease
morbidity as the source of SSA’s sluggish demographic transition.

Additional empirical analyses of the child mortality–fertility relationship are
needed in order to better understand contemporary demographic patterns in SSA.
From a theoretical point of view, the effect of child mortality on fertility can be two-
fold. The insurance effect (also known as the hoarding motive, the precautionary
motive, or the child survival hypothesis) prevails when households anticipate that
not all children will survive to adulthood. In an adverse epidemiological environ-
ment, households would have additional children in order to insure themselves
against potential future losses and ensure a sufficiently large family size. The
replacement effect is at work when households have an additional child replacing
a dead sibling, which involves a sequential process. The replacement effect is
likely to have two components, behavioral (a parental decision) and biological.2

From an economic theory standpoint, the replacement effect, through its behav-
ioral component, can be linked to the concept of adaptive expectations, while the
insurance effect can be linked to the concept of rational expectations. Indeed,
in the former, only part of the information is taken into account by households,
while in the latter all available information is processed. Given the theoretical
considerations underlying these two distinct effects, I argue that the replacement
effect is related to individual child mortality experiences, whereas the insurance
effect is related to mortality and morbidity at the community level.

The present paper uses longitudinal micro data from a Senegalese rural com-
munity and for the period 1984–2011 to analyze the effects of childhood mortality
and morbidity on the fertility decision-making process. More precisely, I attempt
to identify the effect of individual child mortality, and also that of community child
mortality and morbidity attributable to malaria, on subsequent fertility choices.
For that purpose, I estimate a series of non-linear dynamic panel data models of
fertility behavior, allowing for state dependence and unobserved heterogeneity,
and including the determinants of fertility as identified in the demographic and
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economic literature. This study attempts to capture both replacement and insurance
effects of child mortality on fertility, and to assess the relative importance of un-
observed heterogeneity and state dependence in explaining persistence in fertility
decisions. The influence on fertility of other covariates than child mortality, for
instance that of seasonal migrations, is also discussed. This paper contributes to
the more general literature on health and development in Africa, where malaria
remains a primary concern [Cervellati et al. (2017); Weil (2017)].

2. PREVIOUS LITERATURE

A large body of evidence suggests that fertility and child mortality are inextricably
linked [Montgomery and Cohen (1998)]. The relationship between child mortality
and fertility lies at the heart of demographic transition theories, and the positive
association between the two variables has been extensively documented.3 Some
of these studies focus on the short-term aspect of the child mortality–fertility
relationship, and more specifically on the replacement effect. A common finding
is that the replacement effect is always strictly smaller than unity, implying that a
replacement strategy cannot be fully realized. Among studies providing analyses
of the child-replacement hypothesis in low-income settings, only a few are able to
properly identify the effect from mortality to subsequent fertility. Testing the effect
of individual child mortality on subsequent fertility decisions (i.e., the replacement
effect), for which a sequential process is involved, requires the use of duration
models or dynamic panel data models of individual fertility.4 Based on a hazard
regression model, Hossain et al. (2007) analyze the sequential relationship between
childhood mortality and fertility among rural Bangladeshi mothers observed over
the period 1982–1993. The authors find that child mortality reduces the time
to subsequent conception, providing consistent support to the child-replacement
hypothesis. They further show that the replacement effect interacts with the sex
of the dead child, which support the hypothesis of volitional replacement. Child-
replacement effects are also shown to increase as the demographic transition
progresses. Also, using a hazard model, Lindstrom and Kiros (2007) provide
evidence for the replacement effect in Ethiopia, and show that this effect mainly
occurs in the case of the most recent born child, and is limited for higher order
children. Finally, Bhalotra and Soest (2008) find evidence of replacement behavior
in India. With dynamic panel data models, the authors show that 37 in 100 children
who die during the neonatal period are replaced by new births.

To date, very few micro-level fertility studies include both individual and ag-
gregate measures of child mortality. Using Vietnamese data and a static count
data model, Nguyen-Dinh (1997) documents a small and positive effect of
community-level child mortality on fertility. Analyzing marital fertility trends
in the Netherlands over the period 1860–1939 with a discrete-time event history
model, Schellekens and van Poppel (2012) show that national-level childhood
mortality contributed to fertility decline. The authors argue that this pattern is
mainly due to an insurance effect.
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From a theoretical point of view, reproductive behaviors are not only affected
by individual mortality experiences (i.e., the replacement effect), but also by the
anticipation that not all children will survive to adulthood (i.e., the insurance ef-
fect). Such expectations are likely to be driven by changes in the epidemiological
context, which include the risk of dying from infectious diseases. The central role
of uncertainty about child survival in the demographic transition has been high-
lighted in several theoretical works. In the first attempt to incorporate uncertainty
in a model of endogenous fertility choice, Sah (1991) predicts a positive impact
of child mortality on fertility. Also, allowing for a stochastic infant mortality rate,
Kalemli-Ozcan (2003; 2008) shows that the uncertainty about child survival gives
rise to a precautionary demand for children. More recently, Aksan and Chakraborty
(2013) identify the role of the exposure to infectious disease, which has a morbid-
ity effect even if the fatality rate is low, as a source of precautionary demand for
children. Surprisingly, however, the empirical investigation of the child morbidity
channel in fertility studies is very recent. Employing country-level data from SSA
and disease-specific measures of morbidity, Aksan and Chakraborty (2013) pro-
vide evidence for the precautionary motive in a static count data model of fertility.
Disaggregating child mortality into incidence and case fatality rates, the authors
show that declines in child mortality reduce total fertility less where mortality
and/or morbidity are high. Aksan (2014) also employs a count data model of
fertility, but uses individual data from the nationally representative Demographic
and Health Surveys. She reaches the same result as Aksan and Chakraborty (2013),
that is, fertility declines with community mortality only weakly at high levels of
mortality and/or morbidity. The two aforementioned studies conclude that SSA’s
slow demographic transition is due to the combination of continued uncertainty
about child survival and poor expected health for those surviving. To my knowl-
edge, the present paper is the first attempt to analyze the effect of community
childhood morbidity on individual fertility choices within a dynamic framework,
which allows to estimate the impact of mortality and morbidity on subsequent
fertility.

3. DATA: THE NIAKHAR HEALTH AND DEMOGRAPHIC SURVEILLANCE
SYSTEM

The rural community of Niakhar is located in the Fatick region of Senegal, 135-
km east from Dakar. A Health and Demographic Surveillance System (HDSS)
has been set up in eight villages since 1962, and has been extended to 22 more
villages in 1983.5 Since 1983, the geographical boundaries of the study zone
comprehends a total area of 203 km2 and encompasses 30 villages. The estimated
population was 43,000 in January 2012, and the Serer ethnic group comprises
97% of the population. Villages are subdivided into hamlets, which are themselves
subdivided into compounds. Compounds are constituted of one or more “kitchens”
(households) which bring together members of the extended patrilineal family. The
average household size is approximately 13 persons. Agriculture is the main source
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of livelihood. Niakhar is Africa’s oldest and still operational statistical observatory,
and world’s second-oldest (after Matlab, Bangladesh). Further information on the
study area can be found in Delaunay et al. (2002) and Delaunay et al. (2013).
This is a fairly representative rural West African setting, and the study population
is relatively homogeneous in terms of socio-economic characteristics. There are
large variations between households regarding both fertility and child mortality
rates. Hence, it is a convenient setting to analyze the relationship between these
two variables.

At the onset of the HDSS, major life events such as birth histories were col-
lected retrospectively among the individual residents of the area to serve as a
baseline for the follow-up. The HDSS consists in conducting quarterly exhaustive
surveys within the study area. Thoroughly reliable data on all demographic events
are systematically recorded. These events include pregnancies, deaths, marriages,
migrations (inside or outside the study area), as well as changes in social character-
istics. Such events are also being retrospectively and then systematically collected
among the immigrants as they enter the study area. Accounting of pregnancies
is practically comprehensive as a result of the quarterly follow-up. Although
likely limited, the possibility of under-reporting of pregnancies is still possible,
especially those ending in induced abortion. Data on mortality events are reported
via verbal autopsy, and causes of death follow World Health Organization’s ICD-9
classification.6 Altogether, this results in an exhaustive and systematic monitoring
of the study population.

Alongside the systematic collection of data, several cross-sectional surveys
were conducted for specific purposes. This study uses two standardized surveys
conducted in 1998 and 2003 to derive economic characteristics of households. In
this survey, non-monetary data on living and economic conditions were collected
from all households, which allows me to estimate measures of multidimensional
poverty. More specifically, I estimate an index of deprivation in living standards.
The dimensions taken into consideration are access to electricity, type of san-
itation facilities, source of drinking water, type of cooking fuel, possession of
certain assets, and flooring material of housing. This index has been calculated
following the methodology outlined in Alkire and Santos (2010), which is one of
the international standards for the measurement of multidimensional poverty with
non-monetary data.7

The long time period of data collection allows me to conduct a longitudinal
analysis of individual fertility decisions. The final sample comprises 3,435 women
born between 1969 and 1986. Each woman is observed over 11 consecutive years,
from her 15th to her 25th birthday.8 Hence, women born in 1969 are observed from
1984 to 1994, and women born in 1986 are observed from 2001 to 2011. The data
thus covers the period 1984–2011, for a total of 18 birth-year cohorts, resulting in
a sample of 37,785 individual-year observations. This sample selection allows to
compare women from different cohorts, and more specifically to test whether the
replacement effect of child mortality on fertility changes for women of different
generations. In the analysis, I distinguish between three different birth cohorts of
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TABLE 1. Descriptive statistics

Standard
Mean deviation Min Max Time period

Number of children ever
born to women aged
15–25

1.949 1.43 0 7 1984–2011

Number of children
deceased to women aged
15–25

0.217 0.49 0 4 1984–2011

Child mortality (per 1,000
live births to women
aged 15–25)

111 197 1984–2011

Number of temporary
migrations per woman
aged 15–25

2.740 3.09 0 11 1984–2011

Malaria incidence rate 222.256 63.61 130.291 300.018 1992–2004
Malaria case fatality rate 0.050 0.02 0.030 0.086 1992–2004
Malaria mortality rate 10.423 3.21 4.309 16.279 1992–2004
Rainfall 466.566 94.36 292.610 631.700 1992–2004

6-year intervals (1969–1974 for the earliest age group, and 1981–1986 for the
latest).

The explanatory variables include the individual-level determinants of fertility
in low-income settings as identified in the demographic and economic literature.9

Descriptive statistics of some variables used in the analyses are given in Table 1.
The mean numbers of children ever born and the mean number of children de-
ceased are, respectively, 1.95 and 0.22 per woman aged 15–25.10 These figures
are declining for more recent cohorts, as shown in Figure 1. The child mortality
rate is 111 per 1,000 live births to women aged 15–25. Figure 2 shows that child
mortality rates decreased sharply during the period of observation (1984–2011),
with the exception of a mortality peak that occurred in 1998–1999 due to cholera
and meningitis outbreaks [Delaunay et al. (2001)]. Each woman has temporarily
migrated more than twice on average, and only 16% of the sample has never
migrated during the period of study. About two-thirds of the seasonal migrations
are made for economic reasons, for the most part to Dakar, the closest major urban
center.11 Detailed definitions of the variables used are given in Table 2. 5% of the
women were married before age 15. Polygyny is quite common, with approxi-
mately 17% of the sample living in a polygynous household. The main purpose
of establishing a polygynous household in the area of study is to facilitate a more
efficient household production [Mondain et al. (2004)]. Islam and Christianity
are the main religions, representing respectively 77% and 22% of the sample.
The occupation variable has been defined as the occupation held the longest by a
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FIGURE 1. (Colour online) Mean number of children ever born and mean number of children
deceased to women aged 15 to 25 (by women’s birth cohort).

FIGURE 2. (Colour online) Mean child mortality (per 1,000 live births to women aged
15 to 25) over the observation period.

woman during the observation period. Formal education is very low, with more
than three-fourths of the sample having never completed primary school. As the
time unit is taken to be a year, the individual longitudinal characteristics are
included as dummy variables for each woman-year of the panel. These dummy
variables take the value of one if an event has occurred in the year considered, and
zero otherwise.
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TABLE 2. Definitions of the dependent and independent variables

Variable Type Definition
Percentage of

sample

Fertility status
(dependent variable)

Binary =1 if the woman i had a
birth at t ; =0 otherwise

Child mortality (last
year)

Binary =1 if the woman i

experienced a child death
at t − 1; =0 otherwise

Temporary migration
(last year)

Binary =1 if the woman i

migrated temporarily at
t − 1; =0 otherwise

Formal education Discrete None (=base category);
Primary or religious
school; Higher

76.13; 20.64;
3.23

Living standards Binary =1 if the woman i lives in
an extremely deprived
household; =0 otherwise

2.71; 97.29

Religion Discrete Islam (=base category);
Christianity; Animism

76.86; 22.15;
0.99

Marital status in the household
Married before 15

years of age
Binary =1 if the woman married

before age 15; =0
otherwise

4.72; 95.28

Polygynous
household

Binary =1 if the woman i lives in
a polygynous household;
=0 otherwise

16.94; 83.06

Occupation Discrete Housewife (=base
category); Active; Maid;
Student

66.11; 1.37;
23.90; 8.62

Birth cohort Discrete 1969–1974 (=base
category); 1975–1980;
1981–1986

24.19; 35.05;
40.76

Age Continuous In years
Previous parity Discrete Number of children

previously born alive to
woman i in year t

State dependence
Fertility status last

year
Binary =1 if the woman i had a

birth at t − 1; =0
otherwise

Community child morbidity (last year)
Malaria incidence

rate
Continuous =Number of malaria cases

per 1,000 child
population (0–5 years) in
year t − 1
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TABLE 2. Continued

Variable Type Definition
Percentage of

sample

Malaria case fatality
rate

Continuous =Number of malaria deaths
divided by the number of
malaria cases in the child

population (0–5 years) in
year t − 1

Malaria mortality
rate

Continuous =Number of malaria
deaths per 1,000 child
population (0–5 years) in
year t − 1

Rainfall (last year) Continuous Total rainfall (mm) in the
study area (recorded at
the Niakhar station) in
year t − 1

Measures of child mortality and morbidity at the community level are included
in further analyses. More specifically, I use annual data on malaria mortality
and morbidity among the child population of the study area, which are likely to
capture changes in the epidemiological context. These analyses are based on a
smaller sample of 806 individuals since the epidemiological data is only available
for the period 1992–2004. I exploit routine data from the health care facilities
of the study area. The quality of the epidemiological data has been assessed in
Munier et al. (2009b).12 Three different contextual variables are used, expressed
in the following forms:

Malaria incidence rate =
∑

Malaria casest−1

Child population (0–5 years)t−1
× 1000

Malaria case fatality rate =
∑

Malaria deathst−1∑
Malaria casest−1

Malaria mortality rate =
∑

Malaria deathst−1

Child population (0–5 years)t−1
× 1000

= Malaria incidence rate × Malaria case fatality rate

Each of these variables is meant to capture a specific aspect of the epidemiological
profile of the population. The incidence rate measures the yearly occurrence of
malaria among children, and thus quantifies the risk of developing the disease.
The case fatality rate – the proportion of malaria deaths among infected children –
is a marker of disease severity. The mortality rate – the number of malaria deaths
per 1,000 children per year – is the product of incidence and case fatality and
measures the yearly risk of dying from the disease. For the period 1992–2004,
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FIGURE 3. (Colour online) Malaria incidence and case fatality rates over the observation
period.

on average, 222 malaria cases were reported per 1,000 children per year, among
which 4.7% died from the disease, resulting in a mortality rate of about 10 per
1,000 children per year. Figure 3 shows that malaria incidence and case fatality
rates exhibit large variations over the observation period, and more importantly,
that they do not always move in the same direction. In fact, the correlation between
malaria incidence and case fatality is markedly negative (ρ = −0.53, p < 0.001).
Not surprisingly, incidence and case fatality are both positively correlated with the
mortality rate (ρ = 0.23, p < 0.001, and ρ = 0.67, p < 0.001, respectively).
It is worth noticing that, for the time periods during which incidence and case
fatality move in opposite directions, incidence always increases with decreasing
case fatality, as shown in Figure 3.13 This statistical regularity is a common feature
of SSA, where, although child mortality has declined substantially, the morbidity
burden remains substantial [Aksan (2014)].

4. ECONOMETRIC METHODOLOGY

One of the main objectives of this paper is to analyze the effect of past child
mortality and morbidity on fertility behaviors. Two econometric issues have to be
carefully considered. The first is the potential presence of strong state dependence
between past and present fertility status. Here, state dependence is presumed to
be negative, that is, a birth event in year t − 1 is expected to reduce the birth
probability in year t . Second, the correlation of the explanatory variables with the
unobserved effects yields inconsistent parameter estimates if unobserved hetero-
geneity is not properly taken into account. The nature of the research question and
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the two issues needed to be addressed call for the use of a dynamic non-linear
panel data model allowing for state dependence and unobserved heterogeneity. I
thus use a dynamic correlated random effects Probit model [Wooldridge (2005)].14

This methodology allows me to estimate the impact of mortality on subsequent
fertility.

To formalize the discussion, consider the following econometric model of fer-
tility behavior of woman i(i = 1, . . . , n) in year t(t = 1, . . . , T ):

P (birthit = 1|birthi,t−1, . . . , zi, ci),

= �(zitγ + ρbirthi,t−1 + ci),

= �(γ1cmi,t−1 + γxxit + ρ1birthi,t−1 + ci), (1)

where � is the standard normal cumulative distribution function. The binary
dependent variable, birthit , is a birth indicator. A lagged dependent variable
(birthi,t−1) is also included in the model. Notice that t = 1 corresponds to 1985
(2002) and t = T corresponds to 1994 (2011) for women in the first (last) birth-
year cohort, that is, women born in 1969 (1986).15 Past child mortality (cmi,t−1)
is the main variable of interest in the baseline model. The analysis accounts for
the time required for a woman to fall pregnant and then bring the pregnancy
to birth, and considers only the deaths in year t − 1 which took place at least
8 months before a birth in year t (if any), to account for premature births and
minor misreporting. xit is a vector of other explanatory variables (some of these
variables are constant over time). Note that zi = cmi + xi is the row vector of
all non-redundant explanatory variables in all time periods, so that cmi is the
1 × T vector of child mortality indicators. This allows for correlation between
the unobserved time-invariant individual effect (ci) and child mortality status in
all time periods. State dependence and unobserved heterogeneity are captured
by birthi,t−1 and ci , respectively. The unobserved effect satisfies the following
assumption:

ci |zi ∼ Normal
(
α0 + ziα1, σ

2
a

)
, (2)

so that the distribution of the unobserved effect is conditional on any exogenous
explanatory variables. σa being the conditional standard deviation of ci , it follows
that Rho = σ 2

a /(1 + σ 2
a ) measures the contribution of the unobserved effect in

the unexplained variance of the composite error. The dynamic binary response
model (equation (1)) is estimated using conditional maximum likelihood. State
dependence is captured by including in the model one lag of the dependent variable
(birthi,t−1). Adding more lagged values of the dependent variable would further
shorten the observation period of each woman. Yet, it is a strong assumption to
consider that current fertility is influenced by the occurrence of a birth in year t − 1
but not in previous years. Perhaps more importantly, current fertility status is likely
to be influenced by the number of children previously born alive to a woman, that
is, previous parity. Previous parity (at each time period) is thus included in the

https://doi.org/10.1017/dem.2017.7 Published online by Cambridge University Press

https://doi.org/10.1017/dem.2017.7
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model. The model controls for women’s age and birth cohort.16 The model also
includes a linear year trend to capture trends in fertility which may be confounding
the results.

An infant death abruptly terminates breastfeeding, thereby truncating the period
of postpartum amenorrhea. The mother will therefore become susceptible to preg-
nancy more rapidly than if the child has survived [Grummer-Strawn et al. (1998)].
Even if the household does not intend to engage in any replacement strategy, the
interval to the next birth may be nonetheless shortened, particularly in societies
where access to modern contraception is limited. From a statistical point of view,
biological and volitional effects of child mortality on fertility are thus difficult to
disentangle. Attempting to circumvent this problem, further analyses allow the
past child mortality status – the main variable of interest – to take on multiple
values. For instance, I distinguish between women who did not experience a child
death at t − 1, women who lost a male child at t − 1, and women who lost a female
child at t − 1. This allows to gain more understanding about the replacement effect
and its behavioral component.

A last set of analyses includes community-level measures of malaria morbidity.
Although other sources of morbidity are not controlled for, Munier et al. (2009b)
shows that for the observation period, clinical malaria morbidity represented 39%
of total morbidity in health facilities, and that malaria and non-malaria morbidity
followed similar trends over time. The term community refers to the rural commu-
nity of Niakhar, in which all the individuals of the sample live. These variables
nonetheless exhibit both temporal variations and cross-sectional variations, as the
first period of observation (the year of the 15th birthday) is not the same for all
individuals in the sample.

The study does not point to an unequivocal evidence of a causal relationship
from childhood mortality and morbidity to fertility. The model accounts for time-
invariant heterogeneity. Yet, it is assumed that the dynamics are correctly specified,
that zi is appropriately strictly exogenous (conditional on ci) and that the complete
conditional density of the unobserved effect conditional on the elements entering
equation (2) is correctly specified. The paper also acknowledges the potential
presence of time-varying sources of omitted variable bias (for instance, an income
shock affecting both child mortality and fertility decisions). With regard to mortal-
ity and morbidity attributable to malaria, although changes in the malaria burden
are conditioned by climate and ecology [Sachs and Malaney (2002); Kiszewski
et al. (2004); McCord et al. (2010)], malaria transmission is not solely driven
by climatic and ecological factors. Malaria case fatality rate is not exogenous to
human intervention, although the decrease in case fatality in Niakhar is likely to
be largely driven by large-scale curative interventions. Also, note that climate and
ecology may affect fertility decisions via other routes than child mortality and
morbidity (for instance, through an agricultural shock).

In order to ease the interpretation of parameter estimates, I also calculate average
partial effects (APEs), which measure the size of the effect of the independent vari-
ables on the probability of birth. A method which allows to identify and estimate
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APEs even in the presence of unobserved heterogeneity is therefore required. I fol-
low Wooldridge (2005) to compute partial effects on the birth probability, averaged
across the population distribution of the unobserved heterogeneity. A consistent
estimator of the expected probability of birth with respect to the distribution
of ci is

N−1
N∑

i=1

�(zt γ̂a + ρ̂abirtht−1 + α̂a0 + ziα̂a1). (3)

Note that the “a” subscript denotes multiplication by (1 + σ̂ 2
a )−1/2, and that γ̂ , ρ̂,

α̂0, α̂1 and σ̂ 2
a are the maximum likelihood estimates. Finally, I compute differences

or derivatives of Expression 3 with respect to the elements of (zt , birtht−1) to
obtain the APEs.

5. RESULTS

5.1. Baseline Model

Maximum likelihood estimates of the baseline model (equation (1)), as well as
APEs, are reported in Table 3. Not surprisingly, a negative state dependence effect
of lagged fertility status is found, that is, having experienced a birth in the previ-
ous year has a strong and significant negative effect on current fertility. The birth
probability given that a woman had a birth in the previous year is 19.07 percentage
points lower than that of a woman who did not give birth in the previous year. The
estimate of the conditional standard deviation of the unobserved effect, σ̂a , is sig-
nificant and equals to 1.093. The relative importance of unobserved heterogeneity
is assessed by the parameter Rho. Here, 54% of the total variance is due to the
unobserved effect.

I now turn to the analysis of the main variable of interest, the lagged child
mortality status. I find that child mortality in the previous year exerts a substantial
positive influence on the probability of birth in year t . The APE allows me to
assess the magnitude of this effect. The likelihood of having a birth among women
who have lost a child in the previous year is 13.26 percentage points higher than
for women who have not lost a child in the previous year. Such highly significant
positive effect is nonetheless insufficient to compensate for lost lives.

The other time-varying explanatory variables are past migration status, age,
and previous parity. The model only includes temporary migrations in year t − 1
and which took place at least 8 months before the birth in year t . The parameter
estimate on lagged migration status is negative and significant. More precisely,
women who have migrated temporarily in the previous year are 3.80 percentage
points less likely to have a birth the next year compared to women who stayed in
the local area in t − 1. The coefficient estimate on the age variable is positive and
significant, with each additional year increasing the probability of birth by 5.78
percentage points. Previous parity has the expected effect on current fertility, that
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TABLE 3. Dynamic correlated random effects Probit model of fertility behavior

Model 1 (baseline model)

Coefficient estimates Average partial effects

Child mortality (last year) 0.816∗∗∗ 0.1326
(0.066) (0.066)

Temporary migration (last year) − 0.234∗∗∗ − 0.0380
(0.030) (0.019)

Formal education (ref. = none)
Primary or religious school − 0.223∗∗∗ − 0.0363

(0.062) (0.018)
Higher − 0.581∗∗∗ − 0.0945

(0.150) (0.047)
Living standards

Extremely deprived 0.292∗ 0.0474
(0.130) (0.024)

Religion (ref. = Islam)
Christianity 0.007 0.0012

(0.053) (0.001)
Animism − 0.098 − 0.0159

(0.220) (0.008)
Marital status in the household

Married before 15 years of age 1.011∗∗∗ 0.1644
(0.106) (0.082)

Polygynous household 0.281∗∗∗ 0.0456
(0.060) (0.023)

Occupation (ref. = housewife)
Active − 0.618∗∗ − 0.1004

(0.192) (0.050)
Maid − 0.510∗∗∗ − 0.0830

(0.054) (0.041)
Student − 1.326∗∗∗ − 0.2156

(0.116) (0.108)
Birth cohort (ref. = 1969–1974)

1975–1980 − 0.112 − 0.0182
(0.093) (0.009)

1981–1986 − 0.093 − 0.0151
(0.159) (0.008)

Age 0.355∗∗∗ 0.0578
(0.020) (0.029)

Previous parity (ref. = 0)
1 − 0.524∗∗∗ − 0.0852

(0.065) (0.042)
2 − 1.524∗∗∗ − 0.2478

(0.106) (0.124)
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TABLE 3. Continued

Model 1 (baseline model)

Coefficient estimates Average partial effects

3 − 2.463∗∗∗ − 0.4004
(0.145) (0.200)

4 − 3.382∗∗∗ − 0.5498
(0.199) (0.274)

5 − 4.022∗∗∗ − 0.6538
(0.357) (0.326)

6 − 5.134∗∗∗ − 0.8345
(1.118) (0.416)

State dependence
Fertility status last year − 1.173∗∗∗ − 0.1907

(0.033) (0.095)
Constant − 6.793

(25.278)

σ̂a 1.093∗∗∗

(0.051)
Rho 0.544
Log likelihood − 14017.004
Wald test p-value 0.0000
No. of individuals 3,435
No. of time periods per individual 10
No. of observations 34,350

Notes: + p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. Asymptotic standard errors in parentheses. Child
mortality indicators (cmi ) and a linear year trend are included but not shown in the table. The significance
level of the average partial effects corresponds to the one of the coefficient estimates.

is, the probability of birth decreases as the number of children previously born
alive to a woman increases.

In order to control for observed heterogeneity and to increase explanatory
power, a set of time-constant explanatory variables is included in the model. It
is worth noticing that the causal effects on the birth probability of time-invariant
regressors cannot be identified without assuming that they are uncorrelated with
the unobserved effect. I should therefore interpret these results in terms of asso-
ciation. Women’s formal education is negatively associated with the likelihood
of childbirth. Women living in the most deprived households, that is, deprived in
each and every dimension of the calculated index, are significantly more likely to
have births. Religion is found to have no significant influence on fertility decision-
making. Not surprisingly, being married before the age of 15 is strongly associated
with a higher likelihood of childbirth. Belonging to a polygynous household is
found to be positively associated with the probability of birth. In Niakhar, the main
purpose of establishing a polygynous household is to facilitate a more efficient
household production [Mondain et al. (2004)]. My finding could be interpreted in
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the same vein: having a large family would increase the value of household pro-
duction. I also examine the potential influence of women’s occupation on fertility
behaviors, and find that occupied women have a lower likelihood of childbirth
than housewives. The women’s birth cohort variable and the linear year trend have
the expected negative sign but are not significant.

To show that the external validity of the results is not limited by the sample, in
which women are only observed from 15 to 25 years of age, I use three other panels
to re-estimate the baseline model (Model 1). These three panels exhibit longer
observation periods (namely from 15 to 30, 35 and 42 years of age, respectively),
but less cross-sectional units (namely 1,823, 882, and 59 women, respectively).
The results are presented in Table A1 of the appendix. The results of the three
regressions remain qualitatively similar to the baseline model, particularly for
the main variables of interest. Due to the small number of individuals in the last
sample (women observed from 15 to 42 years of age), coefficients tend to lose
significance. Concerning the magnitude of the estimates, it is worth noting that
the APE of child mortality in year t − 1 increases from 13.26%-points for the
15–25 sample to 16.43%-points for the 15–30 sample and 18.66%-points for the
15–35 sample, and then decreases to 12.61%-points for the 15–42 sample (which
should be treated with extreme caution as it only contains 59 women). Hence,
the replacement effect tends to be slightly lower when restricting the analysis to
fertility at younger ages. This may be partly due to a cohort effect, as the samples
with longer observation periods progressively exclude women from the youngest
birth cohorts.

5.2. Further Analyses of the Replacement Effect

To gain more understanding about the replacement effect, I also investigate a series
of interactions between child mortality and other variables of interest. These
interactions are included in the baseline model, and the maximum likelihood
estimates are presented in Table 4. In order to assess the short-term nature of
the replacement effect, Model 2 adds to the baseline model an indicator of child
mortality at year t − 2. The coefficient on child mortality 2 years ago is not
statistically significant, implying that the replacement effect only prevails in the
subsequent year following a child’s death. This can also be related to biological
factors, as a mother becomes susceptible to pregnancy more rapidly after the death
of a child who was being breastfed.

In Model 3, the lagged child mortality status – the main variable of interest –
is allowed to take on multiple values. I distinguish between women who did not
experience a child death at t − 1 (the reference group), women who lost a male
child at t − 1, and women who lost a female child at t − 1. The replacement effect
is found to be larger in magnitude for the loss of a male rather than a female child
in the previous year, and the difference between the two coefficients is statistically
significant (p < 0.10). Hence, the volitional effect interacts with the sex of the
dead child, as also observed among rural Bangladeshi women [Hossain et al.
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TABLE 4. Dynamic correlated random effects Probit model of fertility behavior – Extensions of Model 1

Model 1
(baseline model) Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 Model 9

Child mortality
Last year 0.816∗∗∗ 0.746∗∗∗ 0.810∗∗∗

(0.066) (0.067) (0.066)
Two years ago 0.070

(0.074)
Child mortality × Sex of the dead child

Last year × Male child 0.873∗∗∗

(0.087)
Last year × Female child 0.749∗∗∗

(0.093)
Child mortality × Mother’s previous parity

Last year × Parity 1 1.003∗∗∗

(0.095)
Last year × Parity 2 0.682∗∗∗

(0.112)
Last year × Parity 3 0.548∗∗

(0.167)
Last year × Parity 4 0.742∗∗

(0.286)
Last year × Parity 5 0.726

(0.923)
Last year × Parity 6 5.712

(1510.079)
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TABLE 4. Continued

Model 1
(baseline model) Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 Model 9

Child mortality × Cause of death
Last year × Infectious
disease

0.583∗∗∗

(0.094)
Last year × Other disease 1.008∗∗∗

(0.086)
Child mortality × Mother’s education

Last year × Mother with no
formal education

0.826∗∗∗

(0.070)
Last year × Mother with
formal education

0.746∗∗∗

(0.174)
Child mortality × Mother’s marital status

Last year × Mother not in a
polygynous household

0.786∗∗∗

(0.074)
Last year × Mother in a
polygynous household

0.917∗∗∗

(0.132)
Child mortality × Mother’s birth cohort

Last year × Mother in the
1969–1974 cohort

1.019∗∗∗

(0.105)
Last year × Mother in the
1975–1980 cohort

0.787∗∗∗

(0.102)
Last year × Mother in the
1981–1986 cohort

0.542∗∗∗

(0.132)
Temporary migration (last

year)
− 0.234∗∗∗ − 0.223∗∗∗ − 0.233∗∗∗ − 0.234∗∗∗ − 0.234∗∗∗ − 0.234∗∗∗ − 0.234∗∗∗ − 0.233∗∗∗

(0.030) (0.029) (0.030) (0.030) (0.030) (0.030) (0.030) (0.030)
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TABLE 4. Continued

Model 1
(baseline model) Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 Model 9

Temporary migration × Migration motive
Last year × Economic
reasons

− 0.281∗∗∗

(0.032)
Last year × Family motive 0.074

(0.064)
Last year × Educational
motive

− 0.810∗∗∗

(0.168)
Formal education (ref. = none)

Primary or religious school − 0.223∗∗∗ − 0.189∗∗∗ − 0.223∗∗∗ − 0.224∗∗∗ − 0.224∗∗∗ − 0.222∗∗∗ − 0.224∗∗∗ − 0.224∗∗∗ − 0.220∗∗∗

(0.062) (0.053) (0.062) (0.062) (0.062) (0.062) (0.062) (0.062) (0.062)
Higher − 0.581∗∗∗ − 0.481∗∗∗ − 0.581∗∗∗ − 0.581∗∗∗ − 0.580∗∗∗ − 0.581∗∗∗ − 0.582∗∗∗ − 0.580∗∗∗ − 0.546∗∗∗

(0.150) (0.129) (0.150) (0.150) (0.150) (0.150) (0.150) (0.150) (0.150)
Living standards

Extremely deprived 0.292∗ 0.235∗ 0.292∗ 0.291∗ 0.292∗ 0.292∗ 0.292∗ 0.293∗ 0.288∗

(0.130) (0.111) (0.130) (0.130) (0.130) (0.130) (0.130) (0.130) (0.129)
Religion (ref. = Islam)

Christianity 0.007 0.004 0.007 0.007 0.007 0.007 0.008 0.007 0.008
(0.053) (0.045) (0.053) (0.052) (0.053) (0.053) (0.053) (0.053) (0.052)

Animism − 0.098 − 0.078 − 0.098 − 0.096 − 0.096 − 0.098 − 0.098 − 0.099 − 0.091
(0.220) (0.188) (0.220) (0.220) (0.220) (0.220) (0.220) (0.220) (0.219)

Marital status in the household
Married before 15 years of
age

1.011∗∗∗ 0.788∗∗∗ 1.010∗∗∗ 1.010∗∗∗ 1.013∗∗∗ 1.011∗∗∗ 1.012∗∗∗ 1.009∗∗∗ 1.009∗∗∗

(0.106) (0.095) (0.105) (0.105) (0.106) (0.106) (0.106) (0.105) (0.105)
Polygynous household 0.281∗∗∗ 0.232∗∗∗ 0.280∗∗∗ 0.281∗∗∗ 0.281∗∗∗ 0.281∗∗∗ 0.277∗∗∗ 0.281∗∗∗ 0.280∗∗∗

(0.060) (0.051) (0.060) (0.060) (0.060) (0.060) (0.060) (0.060) (0.059)

https://doi.org/10.1017/dem
.2017.7 Published online by Cam

bridge U
niversity Press

https://doi.org/10.1017/dem.2017.7


230
M

A
RW

Â
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TABLE 4. Continued

Model 1
(baseline model) Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 Model 9

Occupation (ref. = housewife)
Active − 0.618∗∗ − 0.523∗∗ − 0.618∗∗ − 0.613∗∗ − 0.621∗∗ − 0.618∗∗ − 0.619∗∗ − 0.619∗∗ − 0.617∗∗

(0.192) (0.165) (0.192) (0.192) (0.192) (0.192) (0.192) (0.192) (0.192)
Maid − 0.510∗∗∗ − 0.447∗∗∗ − 0.510∗∗∗ − 0.509∗∗∗ − 0.510∗∗∗ − 0.511∗∗∗ − 0.510∗∗∗ − 0.510∗∗∗ − 0.507∗∗∗

(0.054) (0.048) (0.054) (0.054) (0.054) (0.054) (0.054) (0.054) (0.054)
Student − 1.326∗∗∗ − 1.127∗∗∗ − 1.325∗∗∗ − 1.324∗∗∗ − 1.326∗∗∗ − 1.327∗∗∗ − 1.327∗∗∗ − 1.327∗∗∗ − 1.262∗∗∗

(0.116) (0.104) (0.116) (0.116) (0.116) (0.116) (0.116) (0.116) (0.116)
Birth cohort (ref. = 1969–1974)

1975–1980 − 0.112 − 0.095 − 0.112 − 0.113 − 0.111 − 0.112 − 0.112 − 0.105 − 0.117
(0.093) (0.079) (0.093) (0.093) (0.093) (0.093) (0.093) (0.093) (0.092)

1981–1986 − 0.093 − 0.066 − 0.093 − 0.094 − 0.092 − 0.093 − 0.093 − 0.082 − 0.089
(0.159) (0.136) (0.159) (0.159) (0.160) (0.160) (0.160) (0.159) (0.159)

Age 0.355∗∗∗ 0.274∗∗∗ 0.355∗∗∗ 0.355∗∗∗ 0.356∗∗∗ 0.356∗∗∗ 0.356∗∗∗ 0.355∗∗∗ 0.355∗∗∗

(0.020) (0.020) (0.020) (0.020) (0.020) (0.020) (0.020) (0.020) (0.020)
1 − 0.524∗∗∗ − 0.248∗∗∗ − 0.523∗∗∗ − 0.531∗∗∗ − 0.525∗∗∗ − 0.524∗∗∗ − 0.524∗∗∗ − 0.521∗∗∗ − 0.534∗∗∗

(0.065) (0.072) (0.065) (0.065) (0.065) (0.065) (0.065) (0.065) (0.065)
2 − 1.524∗∗∗ − 1.053∗∗∗ − 1.522∗∗∗ − 1.512∗∗∗ − 1.520∗∗∗ − 1.525∗∗∗ − 1.525∗∗∗ − 1.522∗∗∗ − 1.536∗∗∗

(0.106) (0.119) (0.106) (0.106) (0.106) (0.106) (0.106) (0.105) (0.106)
3 − 2.463∗∗∗ − 1.802∗∗∗ − 2.461∗∗∗ − 2.439∗∗∗ − 2.460∗∗∗ − 2.465∗∗∗ − 2.465∗∗∗ − 2.463∗∗∗ − 2.473∗∗∗

(0.145) (0.165) (0.145) (0.146) (0.145) (0.145) (0.145) (0.145) (0.145)
4 − 3.382∗∗∗ − 2.522∗∗∗ − 3.379∗∗∗ − 3.365∗∗∗ − 3.377∗∗∗ − 3.383∗∗∗ − 3.380∗∗∗ − 3.384∗∗∗ − 3.390∗∗∗

(0.199) (0.223) (0.199) (0.202) (0.199) (0.199) (0.199) (0.199) (0.199)
5 − 4.022∗∗∗ − 3.094∗∗∗ − 4.020∗∗∗ − 4.005∗∗∗ − 4.021∗∗∗ − 4.024∗∗∗ − 4.025∗∗∗ − 4.036∗∗∗ − 4.019∗∗∗

(0.357) (0.378) (0.357) (0.372) (0.358) (0.357) (0.357) (0.357) (0.357)
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TABLE 4. Continued

Model 1
(baseline
model) Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 Model 9

6 − 5.134∗∗∗ − 4.044∗∗∗ − 5.168∗∗∗ − 9.783 − 5.082∗∗∗ − 5.143∗∗∗ − 5.160∗∗∗ − 5.192∗∗∗ − 5.133∗∗∗

(1.118) (1.098) (1.123) (1510.078) (1.059) (1.119) (1.140) (1.160) (1.118)
State dependence

Fertility status
last year

− 1.173∗∗∗ − 1.251∗∗∗ − 1.174∗∗∗ − 1.175∗∗∗ − 1.181∗∗∗ − 1.173∗∗∗ − 1.174∗∗∗ − 1.176∗∗∗ − 1.175∗∗∗

(0.033) (0.033) (0.033) (0.033) (0.033) (0.033) (0.033) (0.033) (0.033)
Constant − 6.793 − 6.478 − 6.735 − 6.961 − 6.752 − 6.797 − 6.736 − 6.585 − 7.845

(25.278) (21.562) (25.261) (25.250) (25.281) (25.288) (25.289) (25.272) (25.199)

σ̂a 1.093∗∗∗ 0.890∗∗∗ 1.092∗∗∗ 1.091∗∗∗ 1.093∗∗∗ 1.093∗∗∗ 1.094∗∗∗ 1.093∗∗∗ 1.088∗∗∗

(0.051) (0.055) (0.051) (0.051) (0.051) (0.051) (0.051) (0.051) (0.051)
Rho 0.544 0.442 0.544 0.544 0.544 0.545 0.545 0.544 0.542
Log likelihood −14017.004 −13525.057 −14016.504 −14012.790 −14011.136 −14016.912 −14016.613 −14012.762 −13997.170
Wald test p-value 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
No. of individuals 3,435 3,435 3,435 3,435 3,435 3,435 3,435 3,435 3435
No. of time periods

per individual
10 9 10 10 10 10 10 10 10

No. of observations 34,350 30,915 34,350 34,350 34,350 34,350 34,350 34,350 34350

Notes: + p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. Asymptotic standard errors in parentheses. Child mortality indicators (cmi ) and a linear year trend are included but not shown
in the table. The significance level of the average partial effects corresponds to the one of the coefficient estimates.
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(2007)]. Such an illustration of the preference for sons through the replacement
effect sheds light on the behavioral mechanism underlying the effect of child
mortality on fertility decision-making.

Model 4 allows the past child mortality status to take on several values depending
on the mother’s previous parity, the reference category being women who did not
experience a child death at t − 1. Results show that the replacement effect declines
at higher parity levels. For instance, the replacement effect is significantly greater
for the death of a woman’s first child than for a woman of parity two (p < 0.05)
or three (p < 0.05).

I then test whether the magnitude of the replacement effect varies with the
child’s cause of death. Model 5 distinguishes between deaths from infectious
diseases (predominantly due to malaria and intestinal infections) and deaths from
other diseases (predominantly neonatal and accidental deaths). I find that the
replacement effect, while still positive, is significantly lower for deaths from
infectious diseases (p < 0.001). This result may reflect that the exposure to
infectious diseases is more closely related to the insurance effect than to the
replacement motive. The replacement effect consists in a direct fertility response
following the sudden death of a child, which is a sequential process. The insurance
effect suggests a different timing of the fertility decision process: In a worsening
epidemiological environment, parents would tend to produce more children as an
insurance mechanism, but not necessarily subsequent to the actual death of a child.

Models 6 investigates whether maternal education generates a differential in the
replacement effect. Here, the past child mortality variable distinguishes between
women who did not experience a child death at t − 1 (the reference group),
women with no formal schooling who lost a child at t − 1, and formally educated
women who lost a child at t − 1. In view of the results, it seems that maternal
education does not lead to replacement effects of different magnitudes, since
the two coefficients are not statistically different from each other (p = 0.667).
In a similar manner, Model 7 questions whether the replacement effect varies
according to the mother’s marital status in the household. I find that the replacement
behavior of mothers who lost a child in the previous year does not statistically differ
depending on whether the mother belongs to a polygynous household (p = 0.376).

I now investigate whether the size of the replacement effect changes over
time. For that purpose, Model 8 compares the replacement effect of women from
different birth cohorts. The results clearly reveal a downward trend in the size
of the replacement effect, which nonetheless remains positive and significant.
Mothers from the 1969–1974 cohort who experienced a child death a given year
have a higher probability of birth in the next year than mothers from the 1975–
1980 cohort (p < 0.10), or than mothers from the 1981–1986 cohort (p < 0.01).
Hence, child mortality is likely to have a smaller impact on the subsequent fertility
of women from more recent cohorts. The replacement effect has a behavioral
and a biological component, and it is not possible to estimate the respective
shares of the two components responsible for this downward trend. Two closely
related explanations are therefore suggested: (1) a behavioral change of younger
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generations which may highlight a socio-cultural change, (2) a decrease in the
biological component of replacement attributable to the better access of younger
generations to contraception (in other terms, not replacing a child can now be
done in a more efficient manner).17 Both explanations may reflect the slow but
ongoing fertility transition in rural Senegal. Such a downward inter-cohort trend
has also been documented elsewhere for the case of the insurance effect [Bousmah
(2017)].

Finally, Model 9 investigates more thoroughly the effect of short-term migra-
tions at year t − 1 on fertility decision-making. I show that, in comparison with
women who stayed in the local area the year before, women who have migrated for
economic or educational reasons are less likely to have a birth the next year, while
no significant difference is found for women who have migrated temporarily for a
family motive. In turn, the impact of past seasonal migration on current fertility is
proved to be ultimately related to the motive for migration, and not to the absence
per se.

5.3. Insurance Effects and the Child Morbidity Channel

The last set of analyses focuses on identifying the potential effects of community-
level child mortality and morbidity on subsequent fertility choices. I use annual
data on malaria mortality and morbidity among the child population of Niakhar.
Here, I test whether contextual child mortality and morbidity affect households’
fertility decisions. I thus favor the use of lagged community characteristics, assum-
ing that it takes time for households to process the information about the changing
epidemiological context and to adjust their fertility behavior accordingly. This
specification seems more realistic and in line with the theoretical considerations
underlying the insurance hypothesis, which is related to a learning process. In
order to disentangle mortality and morbidity effects, I include in Model 10 lagged
annual measures of both malaria incidence and case fatality. The interaction be-
tween incidence and case fatality – the malaria mortality rate – is also included
to test whether mortality and morbidity jointly influence the fertility decision-
making process. The inclusion of these three variables is all the more important
since I showed that mortality and morbidity from malaria do not always move
in the same direction. Note that I still control for past individual child mortality
experiences. Maximum likelihood estimates and APEs are reported in Table 5.
The effects of previous individual child mortality is slightly lower in magnitude
than in the baseline model (Model 1). The coefficient estimates on incidence and
case fatality are both negative and significant, and the coefficient estimate on their
interaction is positive and significant. Given that the interaction term is significant,
looking at the main effects of incidence and case fatality is not meaningful. The
results reveal that the impact of past malaria incidence on the probability of birth
varies depending on the severity of the disease. I provide a graphical analysis
in order to ease the interpretation of the results. Figure 4a shows the estimated
relationship between past malaria incidence among children and the probability
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TABLE 5. Dynamic correlated random effects Probit model of fertility behavior –
Morbidity

Model 10 Model 11

Average Average
Coefficient partial Coefficient partial
estimates effects estimates effects

Community child mortality and morbidity (last year)
Malaria incidence rate −0.003∗∗ 0.0002 −0.006∗∗∗ −0.0010

(0.001) (0.000) (0.002) (0.001)
Malaria case fatality rate −26.133∗∗∗ −0.4210

(5.280) (0.943)
Malaria mortality rate 0.101∗∗∗

(0.027)
Rainfall −0.004∗∗∗ 0.0000

(0.001) (0.000)
Malaria incidence rate × Rainfall 0.000∗∗∗

(0.000)
Child mortality (last year) 0.758∗∗∗ 0.1199 0.778∗∗∗ 0.1230

(0.135) (0.065) (0.135) (0.065)
Temporary migration (last year) −0.158∗∗ −0.0249 −0.183∗∗ −0.0290

(0.058) (0.013) (0.058) (0.015)
Formal education (ref. = none)

Primary or religious school −0.063 −0.0099 −0.064 −0.0101
(0.136) (0.005) (0.136) (0.005)

Higher −0.680∗ −0.1075 −0.674∗ −0.1066
(0.286) (0.058) (0.287) (0.056)

Living standards
Extremely deprived −0.234 −0.0369 −0.233 −0.0368

(0.309) (0.020) (0.310) (0.019)
Religion (ref. = Islam)

Christianity 0.233∗ 0.0369 0.233∗ 0.0368
(0.115) (0.020) (0.115) (0.019)

Animism 0.684 0.1082 0.687 0.1087
(0.560) (0.058) (0.562) (0.057)

Marital status in the household
Married before 15 years of age 0.858∗∗∗ 0.1358 0.859∗∗∗ 0.1358

(0.218) (0.073) (0.219) (0.072)
Polygynous household 0.313∗∗ 0.0495 0.313∗∗ 0.0495

(0.122) (0.027) (0.122) (0.026)
Occupation (ref. = housewife)

Active −0.559 −0.0884 −0.570 −0.0902
(0.473) (0.048) (0.475) (0.048)

Maid −0.428∗∗∗ −0.0677 −0.426∗∗∗ −0.0673
(0.103) (0.037) (0.103) (0.036)

Student −1.630∗∗∗ −0.2578 −1.643∗∗∗ −0.2599
(0.306) (0.139) (0.307) (0.137)
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TABLE 5. Continued

Model 10 Model 11

Average Average
Coefficient partial Coefficient partial
estimates effects estimates effects

Birth cohort (ref. = 1975-1977)
1978-1980 0.123 0.0195 0.159 0.0252

(0.167) (0.011) (0.168) (0.013)
Age 0.397∗∗∗ 0.0629 0.405∗∗∗ 0.0641

(0.072) (0.034) (0.072) (0.034)
Previous parity (ref. = 0)

1 −0.608∗∗∗ −0.0962 −0.620∗∗∗ −0.0981
(0.136) (0.052) (0.135) (0.052)

2 −1.662∗∗∗ −0.2629 −1.685∗∗∗ −0.2665
(0.224) (0.142) (0.222) (0.141)

3 −2.485∗∗∗ −0.3931 −2.516∗∗∗ −0.3979
(0.308) (0.212) (0.305) (0.210)

4 −3.624∗∗∗ −0.5733 −3.673∗∗∗ −0.5810
(0.428) (0.309) (0.425) (0.307)

5 or 6 −4.325∗∗∗ −0.6843 −4.382∗∗∗ −0.6931
(0.697) (0.369) (0.698) (0.366)

State dependence
Fertility status last year −1.193∗∗∗ −0.1888 −1.183∗∗∗ −0.1870

(0.072) (0.102) (0.072) (0.099)
Constant 104.104 74.010

(126.134) (125.990)

σ̂a 1.092∗∗∗ 1.097∗∗∗

(0.103) (0.103)
Rho 0.544 0.546
Log likelihood −3196.271 −3204.549
Wald test p-value 0.0000 0.0000
No. of individuals 806 806
No. of time periods per individual 10 10
No. of observations 8,060 8,060

Notes: ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. Asymptotic standard errors in parentheses. Child mortality indicators
(cmi ) and a linear year trend are included but not shown in the table. The significance level of the average partial
effects corresponds to the one of the coefficient estimates.

of birth for four representative values of case fatality (including its minimum and
maximum observed values). Figure 4b shows the APE of past malaria incidence
on the probability of birth given case fatality rates. When the case fatality rate is
very low (i.e., its minimum observed value), the effect of past malaria incidence
on fertility decisions is almost zero. The effect eventually becomes positive with
higher case fatality rates, and increases with the severity of the disease. To sum
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FIGURE 4. (Colour online) Effect of community morbidity (malaria incidence rate) on
fertility given malaria case fatality rate. (a) Predicted probabilities. (b) Average partial
effect.

up, the more malaria is fatal to children who are infected, the more households
are likely to produce children in the next period. Finally, the results also suggest
that both individual and contextual child mortality positively influence subsequent
fertility decisions.

Estimating the effect of community child mortality and morbidity attributable
to malaria allows to reveal the existence of an insurance strategy. Although it has
been shown that, for the time period considered (1992–2004), clinical malaria
morbidity represented 39% of total morbidity in health facilities, and that malaria
and non-malaria morbidity likely followed similar trends [Munier et al. (2009b)],
other sources of morbidity are not controlled for due to data availability. Thus,
the estimates in Table 5 do not capture the full effect of mortality and morbidity
at the community level on fertility decisions. The magnitude of the full insurance
effect would likely be larger when controlling for other sources of morbidity.
At the same time, the potential endogeneity issues discussed in the methodology
section threaten the interpretation of coefficient estimates in terms of exact
magnitude. Under these considerations, I have chosen to focus on interpreting the
joint patterns of the effects of community mortality and morbidity attributable to
malaria on fertility behaviors.

I choose to use contextual mortality and morbidity attributable to malaria since
the transmission of this disease has been shown to be mainly driven – although
not solely – by exogenous factors, namely climate and ecology [Kiszewski et al.
(2004)]. In order to confirm my results, Model 11 proposes to use annual rainfall
as a proxy for malaria case fatality. Although rainfall is an imperfect proxy for
malaria severity, it has been shown that periods of exceptionally high rainfall are
usually accompanied by malaria outbreaks with high fatality rates [Kiszewski and
Teklehaimanot (2004)]. In Niakhar, for the period 1992–2004, the coefficient of
correlation between rainfall and case fatality was 0.26 (p < 0.001), while the one
between rainfall and malaria incidence was 0.09 (p < 0.001). Figure 5 shows that
the qualitative finding of Model 10 is confirmed: the more severe the disease, the
higher the effect of malaria incidence on subsequent fertility choices.
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FIGURE 5. (Colour online) Effect of community morbidity (malaria incidence rate) on
fertility given rainfall. (a) Predicted probabilities. (b) Average partial effect.

6. DISCUSSION

In summary, this paper conducts an analysis of both replacement and insurance
effects among women from the rural area of Niakhar, Senegal, and for the pe-
riod 1984–2011. Non-linear dynamic panel data models of fertility behavior are
estimated to analyze the effect of childhood mortality and morbidity on the fertil-
ity decision-making process. The methodology allows for state dependence and
unobserved heterogeneity, and also explicitly controls for observed heterogeneity
in including the determinants of fertility as identified in the demographic and
economic literature. I stress the importance of distinguishing between individual
and community-level measures of childhood mortality and morbidity. As a result,
the analysis provide consistent support for the replacement hypothesis, as well as
for the precautionary demand for children.

The analysis of the child replacement hypothesis yields several findings. First,
the impact of previous period child mortality on fertility is positive, yet not suffi-
cient enough to compensate for lost lives. The short-term nature of the replacement
effect is assessed by showing that child mortality 2 years ago has no effect on cur-
rent fertility, and that the effect is greater for the death of a child of lower parity
order. In addition, the replacement effect is found to be larger in magnitude for the
loss of a male rather than a female child. This cannot be attributable to biological
factors, shedding light on the behavioral mechanism underlying the replacement
effect.18 I also show that child mortality is likely to have a smaller impact on
the subsequent fertility of women from more recent cohorts, providing evidence
for a downward trend in the size of the replacement effect over time. Finally, I
find that the magnitude of the replacement effect varies with the child’s cause of
death, being lower for deaths from infectious diseases. This result may reflect that
the exposure to infectious diseases is more closely related to the insurance effect,
which has a different timing.

The main findings supporting the insurance effect are as follows. My estimates
reveal that community-level malaria incidence among children has a positive

https://doi.org/10.1017/dem.2017.7 Published online by Cambridge University Press

https://doi.org/10.1017/dem.2017.7
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effect on subsequent fertility choices, and that this positive effect is stronger the
more the disease is fatal to children who are infected. Therefore, the effect of
the children’s risk of developing malaria is not linear and ultimately depends on
the relative severity of the disease. This study is closely related to the works of
Aksan and Chakraborty (2013) and Aksan (2014), as infectious disease morbidity
is identified as a source of slow fertility transition. The estimates are, however,
not directly comparable. The two studies cited above employ count data mod-
els of fertility with data from several SSA countries, whereas the present work
uses a dynamic panel data model of fertility with data from a rural Senegalese
community. Aksan and Chakraborty (2013) and Aksan (2014) account for the
long-run health impacts of morbidity among survivors, while the present study
analyses the short-term effect of morbidity – acting through the relative risk
of dying from the disease. All three studies nonetheless reveal the role of the
morbidity burden associated with the disease in the slow demographic transition
in SSA.

APPENDIX

TABLE A1. Dynamic correlated random effects Probit model of fertility
behavior, Model 1 estimated on three different samples.

Model 1 Model 1 Model 1
Sample 15–30 Sample 15–35 Sample 15–42

Coef. Coef. Coef.
estimates APEs estimates APEs estimates APEs

Child mortality
(last year)

0.750∗∗∗ 0.1643 0.715∗∗∗ 0.1866 0.452∗ 0.1261
(0.056) (0.069) (0.061) (0.072) (0.204) (0.054)

Temporary
migration (last
year)

− 0.147∗∗∗ − 0.0323 − 0.116∗∗ − 0.0304 0.295+ 0.0824
(0.031) (0.014) (0.040) (0.012) (0.160) (0.036)

Formal education (ref. = none)
Primary or
religious school

− 0.143∗ − 0.0313 − 0.065 − 0.0169 − 0.117 − 0.0328
(0.057) (0.013) (0.055) (0.006) (0.156) (0.014)

Higher − 0.414∗∗ − 0.0906 − .235 − 0.0614
(0.144) (0.038) (0.157) (0.024)

Living standards
Extremely
deprived

0.096 0.0210 0.111 0.0289 − 0.031 − 0.0087
(0.105) (0.009) (0.125) (0.011) (0.322) (0.004)

Religion (ref. = Islam)
Christianity − 0.010 − 0.0021 − 0.080+ − 0.0209 0.120 0.0334

(0.046) (0.001) (0.044) (0.008) (0.115) (0.014)
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TABLE A1. Continued

Model 1 Model 1 Model 1
Sample 15–30 Sample 15–35 Sample 15–42

Coef. Coef. Coef.
estimates APEs estimates APEs estimates APEs

Animism 0.120 0.0263 0.187 0.0487
(0.187) (0.011) (0.169) (0.019)

Marital status in the household
Married before
15 years of age

0.596∗∗∗ 0.1304 0.388∗∗∗ 0.1012 0.351 0.0979
(0.082) (0.055) (0.074) (0.039) (0.231) (0.042)

Polygynous
household

0.131∗∗ 0.0288 0.063 0.0165 0.301∗∗ 0.0840
(0.046) (0.012) (0.042) (0.006) (0.099) (0.036)

Occupation (ref. = housewife)
Active − 0.503∗∗ − 0.1102 − 0.261+ − 0.0680 − .992∗∗ − 0.2769

(0.163) (0.046) (0.144) (0.026) (0.350) (0.120)
Maid − 0.536∗∗∗ − 0.1174 − 0.528∗∗∗ − 0.1377 − 0.431∗ − 0.1202

(0.052) (0.049) (0.060) (0.053) (0.171) (0.052)
Student − 1.367∗∗∗ − 0.2992 − 0.833∗∗∗ − 0.2172

(0.166) (0.126) (0.218) (0.083)
Birth cohort (ref. = 1969–1973)

1974–1977 0.053 0.0116
(0.086) (0.005)

1978–1981 0.153 0.0335
(0.144) (0.014)

Birth cohort (ref. = 1969–1971)
1972–1974 − 0.039 − 0.0102

(0.091) (0.004)
1975–1976 0.082 0.0213

(0.151) (0.008)
Age 0.184∗∗∗ 0.0404 0.073∗∗∗ 0.0191 − 0.006 − 0.0017

(0.019) (0.017) (0.027) (0.007) (0.011) (0.001)
Previous parity (ref. = 0)

1 0.126∗ 0.0276 0.551∗∗∗ 0.1438 0.884∗∗∗ 0.2466
(0.050) (0.012) (0.049) (0.055) (0.147) (0.106)

2 − 0.376∗∗∗ − 0.0823 0.270∗∗∗ 0.0703 0.853∗∗∗ 0.2380
(0.076) (0.035) (0.067) (0.027) (0.160) (0.103)

3 − 0.831∗∗∗ − 0.1820 0.054 0.0141 0.705∗∗∗ 0.1967
(0.101) (0.076) (0.086) (0.005) (0.175) (0.085)

4 − 1.260∗∗∗ − 0.2759 − 0.093 − 0.0243 1.035∗∗∗ 0.2889
(0.126) (0.116) (0.105) (0.009) (0.197) (0.125)

5 − 1.769∗∗∗ − 0.3874 − 0.325∗∗ − 0.0847 0.649∗∗ 0.1810
(0.153) (0.163) (0.125) (0.032) (0.215) (0.078)

6 − 2.240∗∗∗ − 0.4905 − 0.516∗∗∗ − 0.1346 0.534∗ 0.1490
(0.193) (0.206) (0.145) (0.052) (0.235) (0.064)
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TABLE A1. Continued

Model 1 Model 1 Model 1
Sample 15–30 Sample 15–35 Sample 15–42

Coef. Coef. Coef.
estimates APEs estimates APEs estimates APEs

7 − 2.600∗∗∗− 0.5692 − .733∗∗∗ − 0.1911 0.596∗ 0.1662
(0.315) (0.239) (0.169) (0.073) (0.268) (0.072)

8 − 1.672∗∗ − 0.3662 − 0.993∗∗∗ − 0.2590 0.515+ 0.1437
(0.645) (0.154) (0.211) (0.099) (0.297) (0.062)

9 or more − 3.518∗∗∗− 0.7702 − 0.806∗∗ − 0.2102 0.158 0.0442
(0.833) (0.323) (0.285) (0.081) (0.317) (0.019)

State dependence
Fertility status
last year

− 1.291∗∗∗− 0.2828 − 1.357∗∗∗ − 0.3538 − 1.573∗∗∗− 0.4389
(0.029) (0.119) (0.032) (0.136) (0.106) (0.190)

Constant 31.093 18.184 − 0.800∗∗

(32.413) (51.800) (0.259)

σ̂a 0.708∗∗∗ 0..444∗∗∗ 0.002∗∗∗

(0.038) (0.033) (0.033)
Rho 0.334 0.165 0.000
Log likelihood − 12754.635 − 8808.423 − 782.676
Wald test p-value 0.0000 0.0000 0.0000
No. of individuals 1,823 882 59
No. of time

periods per
individual

15 20 27

No. of
observations

27,345 17,640 1,593

Notes: + p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. Asymptotic standard errors in parentheses. Child
mortality indicators (cmi ) and a linear year trend are included but not shown in the table. The significance level of
the average partial effects corresponds to the one of the coefficient estimates.

NOTES

1 Reviewing the psychological literature, Montgomery (1998) argue that there might be a large gap
between actual and perceived mortality change. Also, Lloyd and Ivanov (1988) stress the importance
of the cause of mortality decline. A mortality decline attributable to exogenous medical improvements
and interventions is less likely to initiate fertility decline if it does not directly involves families and
communities.

2 The behavioral component of replacement may be confounded with a biological component that
can arise from the truncation of lactational amenorrhea following the death of breastfeeding infants.
See, for instance, Taylor et al. (1976) for a detailed discussion about the insurance and replacement
hypotheses. Note that these two mechanisms are not necessarily substitutes.

3 See, for instance, the works of Taylor et al. (1976), Balakrishnan (1978), Olsen (1980), Olsen
and Wolpin (1983), Rosenzweig and Schultz (1983), Schultz (1997), Al-Qudsi (1998), Eckstein et al.
(1999), Handa (2000), Hossain et al. (2007), Angeles (2010), or McCord et al. (2010).
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4 Discrete choice dynamic programming models of fertility can also be used to estimate replace-
ment rates [see, for instance, Wolpin (1984) or Mira (2007)]. However, existing dynamic programming
techniques require a high computational burden as well as strong assumptions on the decision-making
process.

5 Niakhar HDSS has originally been set up and is still maintained by the Institut de recherche pour
le développement (IRD).

6 Verbal autopsy is a system of death registration which is often employed in rural areas – where
most deaths occur at home – and where an efficient national death registration system is lacking. As
defined in Baiden et al. (2007), it consists in ascertaining probable causes of a death based on a post-
mortem interview conducted by primary caregivers about the signs, symptoms, and circumstances
preceding the death. Within Niakhar HDSS, verbal autopsy is conducted with the relatives of the
deceased via a standardized questionnaire, which is reviewed independently by two clinicians [Etard
et al. (2004)]. Cases of discordant diagnoses lead to a discussion between all clinicians to reach a
consensus diagnosis.

7 Longitudinal data on economic conditions are not available within Niakhar HDSS. Depending
on the observation period, the index assigned to each woman is the one computed from the more recent
survey available for her household.

8 The large majority of births in the study area occur to women in early adulthood. In addition, the
methodology employed in this study calls for the selection of a balanced panel with a large number
of cross-sectional units [Wooldridge (2005)]. Hence, a trade-off has to be made between the number
of cross-sectional units in the panel and the number of observation periods during which each cross-
sectional unit is observed. However, the external validity of the results is not limited by the number of
observation periods (from 15 to 25 years of age) chosen in the analysis. This is shown in the discussion
of the results (Section 5.1).

9 See Bulatao and Lee (1983) for an extensive review of the determinants of fertility in developing
countries, and Bongaarts et al. (1984) for a focus on SSA countries.

10 Recall that each woman is observer from her 15th to her 25th birthday.
11 The analysis does not consider the cases of permanent out-migration, as women who left

permanently the area are not included in the sample. Niakhar HDSS considers individuals as residents
if they come back to their village for at least 1 month per year [Delaunay et al. (2013)].

12 Diagnosis of malaria was based on clinical signs – and not parasitologically confirmed –
because health centers lacked laboratory facilities and rapid diagnostic tools. Due to the method of
morbidity data collection, there is a potential overestimation of actual malaria morbidity. However,
as noted in Munier et al. (2009a), such overestimation, if any, is expected to be constant over the
period considered. The data on malaria mortality is based on verbal autopsies performed by trained
fieldworkers and examined by physicians who identified the probable cause of death. Also note that,
as the period of observation is shortened in this set of analyses, I distinguish between two different
birth cohorts of 3-year intervals (1975–1977 and 1978–1980), and no longer 6-year intervals.

13 Niakhar is located in the continental Sudano–Sahelian climatic zone, with mesoendemic and
seasonal malaria transmission [Munier et al. (2009a), Delaunay et al. (2013)]. Epidemiological studies
showed that malaria transmission is very unstable in the area [Robert et al. (1998), Ndiaye et al. (2001)].
Malaria case fatality decreased due to improvements in curative treatment, with greater reductions
corresponding to parallel drops in rainfall [Munier et al. (2009b)]. Analyzing both morbidity and
mortality attributable to malaria in the area (at all ages), Munier et al. (2009b) note that “parallel trends
were observed for both indicators from 1992 to 1998, and a discrepancy occurred from 1999 to 2001,
with an increase in morbidity concomitant with a decrease in mortality”. However, it seems that there
is no clear explanation for the variation of malaria incidence.

14 Heckman’s (1981)) reduced-form approximation is an alternative method for estimating dy-
namic non-linear panel data random-effects models. However, Akay (2012) shows that this method
is best suited for short panels (shorter than five periods), while Wooldridge’s (2005)) method works
better for panels of moderately long duration (longer than 5–8 periods), in terms of both finite-sample
performance and robustness.
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15 For each woman, the first of the 11 consecutive years of observation automatically drops out
of the estimation, since lagged values of the dependent and some of the independent variables are
included in the model. The econometric analysis is thus based on 10 consecutive years per woman.

16 Since each woman is observed from her 15th to her 25th birthday, the age effect is unlikely to
be non-linear, so that the use of a quadratic age polynomial is unnecessary.

17 Although data on contraceptive use is not available within Niakhar HDSS, we know that the
prevalence of modern contraceptive use was still very low at the end of the 1990s, yet increasing among
young couples [Ndiaye et al. (2003)].

18 Recall that the volitional fertility response is likely to act jointly with a purely biological effect
which occurs when a child dies during the breastfeeding period. Disentangling the volitional and
biological components of the replacement effect has been a major challenge of the empirical literature
on the effect of child mortality on fertility.
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