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Are sibling models a suitable tool in analyses of how reproductive
factors affect child mortality?

Øystein Kravdal1

Abstract

BACKGROUND
Several studies of how reproductive factors affect child mortality or other child
outcomes have been based on sibling comparisons. With such models one controls for
unobserved determinants of the outcome that are shared by the siblings and linked to
the reproductive process. However, it has been shown mathematically that estimates
from sibling models are biased when the outcome for one sibling affects the exposure
for another, and this is precisely the situation when the outcome is child mortality and
the exposure is aspects of the mother’s reproductive behaviour. The goal of this analysis
was to find out, by means of simulation, whether the bias really matters in practice.

RESULTS
All simulation experiments showed that, when there was an effect of infant mortality on
subsequent fertility, the estimated effect of higher maternal age was considerably more
adverse than the true effect, while the effects of higher birth order and very short or
very long birth interval were biased in the opposite direction.

CONTRIBUTION
Although it is possible that the bias is unimportant in other situations than those
examined here, a reasonable conclusion is that one should have serious doubts about
sibling model estimates of effects of reproductive factors on infant or child mortality.
Stated differently, we may know less about these effects than we tend to think and need
other alternatives to a ‘naïve’ regression model than the sibling approach. Obviously,
there may be problems also when analysing other child outcomes that affect subsequent
fertility, through mortality or otherwise.
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1. Introduction

There has been much interest in the importance of reproductive factors for child
outcomes. For example, strong concerns have been voiced in developing countries
about the health implications of being born to very young mothers or shortly after the
previous birth (Kravdal 2018), and the possible effects of high parental age on
children’s well-being have attracted increasing attention in low-fertility settings
(Barclay and Myrskylä 2016). A key problem when analysing such effects is that
several factors that are hard to measure affect both the mother’s reproductive behaviour
and the child outcomes under study. Many researchers have therefore estimated sibling
models, and thus controlled for unobserved parental and environmental characteristics
that are shared by the siblings, although it is a disadvantage that one-child families and
families where all children have had the same outcomes do not contribute in the
estimation. For example, sibling models have been used in several recent studies of the
importance of birth intervals for the chance of preterm birth or low birth weight (Ball et
al. 2014; Shachar et al. 2016; Hanley et al. 2017; Class et al. 2017; Regan et al. 2018),
child mortality (Molitoris 2018; Molitoris, Barclay, and Kolk 2019), or socioeconomic
outcomes (Barclay and Kolk 2017).

However, it has been explained mathematically (see elaboration below) that
estimates from sibling models are biased if the outcome for one sibling affects the
‘exposure’ for another (Sjölander et al. 2016). This is apparently not well known to
demographers and epidemiologists who analyse effects of reproductive factors on
various child outcomes, but is highly relevant if infant or child mortality is the outcome,
because the death of a child is widely believed to affect subsequent fertility (and
therefore the reproductive factors of potential relevance for the next child). Indeed,
several studies from contemporary poor settings have shown strongly elevated fertility
after a child death, which probably reflects higher fecundity because of terminated
breastfeeding and that many parents want to ‘replace’ their dead child (e.g., Bousmah
2017; van Soest and Saha 2018; Ewemade, Akinyemi, and DeWet 2019). A strong
relationship between child death and subsequent fertility appears in Norwegian data as
well (see below). Other outcomes very early in life may also affect subsequent fertility,
via the probability of child death or otherwise.

The key issue is, of course, whether the bias really matters or is so small that it can
be ignored. Purely mathematical arguments do not provide sufficient guidance, as the
analytical expression for the bias can be complex even in quite simple situations
(Sjölander et al. 2016). The goal of this study was to show by means of a simulation
experiment how much the effects of reproductive factors on infant mortality may
actually be distorted in different realistic situations. Maternal age, length of previous
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birth interval, and birth order were considered, as researchers may be interested in the
separate effects of all of these (strongly correlated) variables.2

Constant unobserved determinants of infant mortality were assumed to be linked to
the reproductive factors, which is a structure that typically would motivate a sibling
analysis. More specifically, the simulation model included equations for first and
higher-order birth rates (which, so to speak, generate the three reproductive variables)
and an equation for infant mortality. An indicator of infant death of the most recently
born child was included in the equation for higher-order births3, and the reproductive
factors were included in the equation for infant mortality. The equations also included
fertility and mortality random terms representing time-invariant unobserved
characteristics of the mother and her environment, and these were allowed to be
correlated. Sibling models were then estimated from the simulated population, and the
estimated effects of the reproductive variables were compared with the assumptions
made about these effects in the simulation.

The parameters used in most of the simulations were derived from models
estimated from Norwegian register data, and thus reflect the situation in a low-
fertility/low-mortality setting. However, a variety of alternative assumptions were made
– about the overall infant mortality level (which in some simulations was as in poor
regions of the world), the effects of the reproductive factors on infant mortality, and
other aspects of the fertility and mortality processes. The conclusions were always the
same.

2 For example, for women making decisions about when to have their next child, the birth order of that child
is not a matter of choice, but by having the child after a shorter or longer interval – which will also have
implications for their age when the child is born – they can influence the probability that the child dies
(Kravdal 2018). For a woman aged A0 when the previous child was born, prediction of that probability
requires information about the effect of the birth interval D and the effect of her age A at next birth (which
will be A0+D). When estimating such effects one should control for birth order, as it is closely linked with
maternal age. (One might consider estimating a model for infant mortality for these women aged A0 at the
time of last birth and include only birth interval along with birth order. The effect of birth interval would then
pick up the sum of the effects of age and interval. However, if the age effect is not linear, this sum varies with
A0, which should therefore be an interacting variable if a model is estimated for all women. In that case, one
could just as well include both age and interval in the model and predict mortality from the estimated effects
of these two variables.)
3 For simplicity, the possibility that a child can die after the first year was ignored. This has no fundamental
implications for the arguments that are made, and actually also accords quite well with reality in Norway. For
example, a life table for 2018 shows that, among 100000 newborn, 230 die within the first year, 252 within
the first five years, and 291 within the first 10 years (Statistics Norway 2019).

http://www.demographic-research.org/
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2. A mathematical argument

A quite simple model was presented by Sjölander et al. (2016). They considered one
individual exposure variable, X, and an outcome, Y, and assumed that X and Y were
jointly influenced by an unobserved family-specific factor. More specifically, they
assumed that the exposure for sibling 1 in family i was

Xi1 = αi + εi1,

where αi is a family-level factor affecting both X and Y for all siblings and εi1 is an
error term, and that the outcome for sibling 1 was

Yi1 = αi + βXi1 + εi2.

For sibling 2, the exposure was supposed to be influenced by the outcome for
sibling 1, so

Xi2 = αi + γYi1 + εi3,

while the outcome was

Yi2 = αi + βXi2 + εi4.

The error terms and αi were assumed to be independent with mean 0 and
variance 1.

They then showed that the conditional likelihood estimator for β in this case
converged to

(‒γ+ 2(β ‒ β2γ + βγ2 + β2γ2 + β3γ2))/(2 (1‒ βγ + γ2 + βγ2 + β2γ2)),

which can be both larger and smaller than β.

3. Methods

3.1 Estimation of effect parameters to use in the simulation

Ideally, one should use realistic effects in the simulation, but what is actually realistic?
The very motivation for this analysis was a suspicion that earlier investigations, even

http://www.demographic-research.org/
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those using sibling models, may have given biased estimates. For simplicity, the
simulation was based on effects in rather simple models estimated from the Norwegian
Population Register for the years 1991–2015.

More specifically, discrete-time fertility hazard models were estimated for women
born in 1947‒1998, except that the few with twins were excluded for simplicity. For the
analysis of first births, a series of one-month observations was constructed for each
woman, starting in January 1991 or the month when she turned 17, whichever came
last. The last month of observation was the month of first birth, December 2015 (the
last month covered by the data), the month before she turned 45, or the month of death,
whichever came first. If the woman lived outside Norway at the beginning of a year, all
one-month observations for that year were excluded. Logistic regression models with
age as the only variable were estimated from all remaining one-month observations. See
estimates in the online appendix Table A-1.

A similar series of monthly observations was constructed to analyse higher-order
births, except that the first observation was no earlier than the month after the previous
birth, and the last observation was the month of the fifth birth (as larger families are
very uncommon in Norway), if this occurred before the other limits mentioned. The
model included age, time since last birth, parity, and a dummy indicating whether the
previously born child had died within a year after birth and within nine months before
the month under consideration. Note that the effect of the latter variable was 1.21,
which means that the monthly birth probabilities are more than tripled after a child
death.

Also a logistic model for the probability of infant death was estimated, for all
children born to the included women. Because of the quite small number of deaths, the
birth intervals could not be as finely categorized as in the fertility model. It was
controlled for whether the father of the child was another person than the father of the
mother’s first child (which produced less adverse effects of long intervals), although
this factor was disregarded in the simulation for simplicity. The estimates are shown in
online appendix Table A-2. It seems reasonable to assume that the relationships
between the reproductive variables and infant mortality are quite smooth in reality and
(1) nonpositive over the entire range, (2) nonnegative over the entire range, or (3) first
nonpositive and then nonnegative, or vice versa (i.e., something similar to U- or inverse
U-shape). For example, if infant mortality decreases with increasing maternal age up to
a certain age and then increases, it would be surprising to see a new decline at higher
ages. Therefore, the effect parameters used in the mortality equation in the simulation
(see e.g., Table 1, column 1) were not the estimated ones, but were a result of
interpolation and extrapolation of the estimated effects (because of the finer categories
in the simulation) followed by visual smoothing to obtain the mentioned patterns. This
‘cosmetic’ step had, of course, no implications for the conclusions.

http://www.demographic-research.org/
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Note that first-born children were assigned to the reference group for the birth
interval variable.4

3.2 Simulation

The ‘data generating model’ included the equations (1), (2), and (3) below. More
specifically, each simulation started with 100,000 women just turned 17. For each
woman, fertility and mortality random terms – assumed to affect her fertility throughout
her reproductive period and all her children’s infant mortality ‒ were drawn from a
bivariate normal distribution with zero mean. In what is referred to below as the ‘basic
simulation,’ both variances were 1 and the correlation 0.5. These values are close to
those estimated from a similar model in an earlier study, based on African data
(Kravdal 2018). At each month until the woman turned 45, first and higher-order birth
probabilities were predicted from the effect parameters multiplied by the relevant
demographic variables (updated monthly as the simulation ‘proceeded’), plus the
fertility random term. More precisely, the probabilities of first (f1) and higher-order (f2)
births were given by:

log (f1/(1-f1)) = α0 + α1 A + σ (1)

log (f2/(1-f2)) = β0 + β1 A + β2D + β3P + β4G + σ (2),

where A, D, and P represent age, time since last birth, and parity, respectively, and are
vectors of dummies corresponding to the same categories for these variables as used in
the estimation reported above. G indicates whether the previously born child died in
infancy and within nine months before the month under consideration, and σ is the
fertility random term. The effect of earlier infant death (β4) was set to 1 in the ‘basic
simulation.’ This is quite close to the effect of 1.21 that was estimated.5

For each month, a number was drawn from a uniform distribution over [0,1], and if
this number was smaller than the relevant predicted birth probability, a birth (up to a

4 Thus, the intercept is the log-odds of death for a first-born child with a mother aged 30. The corresponding
log-odds for, for example, a second-born child with a mother aged 30 and born after an interval of 28‒36
months is 0.11 lower (‒0.11 being the parameter for birth order 2). If the interval instead is 1‒18 months, the
figure is 0.57‒0.11 higher (where 0.57 is the parameter for that interval).
5 One might expect that the effect of the infant death of the previously born child varies with time since
previous birth. For example, a biological effect of disrupted breastfeeding because of infant death is only
relevant quite shortly after birth (and especially in settings with little contraceptive use). Furthermore, as time
goes those who have been particularly eager to ‘replace’ the dead child have already done so. Such variation
was indeed confirmed by supplementary estimation, but a constant effect was nevertheless assumed for
simplicity.
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fifth) was assigned to the woman that month. In that case, the probability that this child
died within 12 months was predicted from the relevant demographic variables
multiplied by – in the ‘basic simulation’ – the ‘smoothed’ estimates referred to above.
The mortality random term was also added. In mathematical terms, the prediction
equation was:

log (m/(1-m)) = γ0 + γ1 A’ + γ2D’ + γ3O + τ (3),

where A’ is the mother’s age (primed because of finer categories than for A in the
fertility equations), D’ is time between current and previous birth (as finely categorized
as in the fertility equation except that 0‒9 and 10‒18 months were pooled together, and
the reference category includes the first-born), O is birth order (i.e., the mother’s parity
(P) the month after the child was born), and τ is the mortality random term.

Again, a number was drawn from a uniform distribution over [0,1], and if this was
smaller than the predicted death probability, a death was assigned to the child. The
timing of the death within the 12 months was assigned stochastically by drawing a
number from another uniform distribution. 59% of the deaths were assumed to happen
within the month of birth, and 16%, 6%, 4%, 3%, 2%, 2% 2%, 2%, 2%, 1%, and 1% in
each of the subsequent months, in accordance with what was observed in the
Norwegian register data. Several simulations were done in addition to this basic one.
See details below.

The model is illustrated in Figure 1. The blue arrows symbolize the effects of the
random terms, the green symbolize the effects that the analysis is aimed at identifying,
and the red symbolize the potentially problematic effect of infant death on subsequent
fertility.

Figure 1: Illustration of the simulation model

http://www.demographic-research.org/
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3.3 Estimation of mortality models from the simulated population

Mortality models were estimated from the simulated population. The equation was as
equation (3) above, with the same finely categorized variables, except that the random
term was substituted by sibling fixed effects (ν):

log (m/(1-m)) = λ0 + λ1 A’ + λ2D’ + λ3O + ν (4).

Previous analysis has shown that, because of the strong correlations between the
reproductive variables, the estimated effects may be quite strongly biased if these
variables – and especially maternal age and birth order – are not finely categorized
(Kravdal 2019). In some models (referred to below as ‘naïve models’), the sibling fixed
effects were left out.

3.4 Replications

Simulation followed by estimation was done 100 times, after which the averages over
the 100 sets of estimates were calculated. These averages are shown in the tables along
with the mortality effect parameters used in the simulation and the mean absolute bias
and the root of the mean of the squared bias. The ‘bias’ refers the difference between an
effect parameter used in the simulation and the average of the corresponding estimates,
and the mean is taken over all 41 parameters (27 for maternal age, 10 for birth interval,
and 4 for birth order). The CPU time for such a simulation-estimation experiment was
typically about 90 minutes. Obviously, one would get ‘smoother’ average estimates
with more replications, but that did not seem worthwhile given the goal of the study.

4. Results

4.1 Assuming that there is no effect of earlier infant death on fertility

It was first assumed in the simulation that infant deaths have no impact on subsequent
fertility, i.e., β4 = 0 in equation (2). The simulation was otherwise as described above.
In this case, the estimates from the sibling model (Table 1, column 2) were quite similar
to those assumed in the simulation (column 1), which indicates that the simulation and
estimation have been correctly done. To further strengthen that impression, note that
addition of, for example, log(25) to the intercept in the mortality equation – which led
to a much larger number of deaths – gave estimates even closer to the true values, as

http://www.demographic-research.org/
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judged from the mean absolute bias and root mean square bias (column 3).6 In contrast,
the estimates from a ‘naïve model’ (i.e., no sibling fixed effects) were, as one would
expect, far from the truth (column 4).7

Table 1: Estimated effects of reproductive factors on infant mortality when
there was no effect of infant death on subsequent fertility in the
simulation model

Effects in
simulation

Average of estimates from

sibling model sibling model, when 25
times higher overall
odds of infant death
were assumed in the
simulation

naïve model

Mother’s age

17 1.05 1.05 1.03 1.64

18 0.90 0.89 0.88 1.48

19 0.75 0.73 0.73 1.31

20 0.60 0.57 0.58 1.09

21 0.46 0.43 0.45 0.92

22 0.38 0.37 0.36 0.81

23 0.30 0.30 0.29 0.67

24 0.21 0.17 0.21 0.50

25 0.17 0.17 0.16 0.43

26 0.12 0.10 0.12 0.31

27 0.07 0.05 0.05 0.20

28 0.05 0.08 0.04 0.15

29 0.02 0.00 0.01 0.05

30 (ref) 0.00 0.00 0.00 0.00

31 0.01 0.03 0.01 –0.03

32 0.02 0.04 0.01 –0.05

33 0.04 0.06 0.04 –0.10

34 0.06 0.03 0.06 –0.13

35 0.08 0.16 0.09 –0.07

36 0.10 0.09 0.09 –0.13

37 0.12 0.15 0.12 –0.11

38 0.12 0.13 0.13 –0.15

39 0.12 0.10 0.08 –0.21

40 0.12 0.09 0.08 –0.21

6 Alternatively, one could have expanded the simulated population correspondingly, or increased the number
of replications, but that would have been more cumbersome.
7 However, when the correlation between the fertility and mortality random terms was instead set to 0, the
naïve model worked, of course, well (not shown).
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Table 1: (Continued)
Effects in
simulation

Average of estimates from

sibling model sibling model, when 25
times higher overall
odds of infant death
were assumed in the
simulation

naïve model

41 0.12 0.16 0.13 –0.21

42 0.12 0.20 0.12 –0.21

43 0.12 0.09 0.12 –0.41

44 0.12 0.17 0.10 –0.30

Months since previous birth

1‒18 0.57 0.56 0.57 0.64

10‒27 0.20 0.19 0.21 0.23

28‒36 (ref) 0.00 0.00 0.00 0.00

37‒48 –0.20 –0.23 –0.19 –0.24

49‒60 –0.14 –0.19 –0.14 –0.23

61‒72 –0.10 –0.17 –0.10 –0.18

73‒84 –0.08 –0.09 –0.07 –0.10

85‒96 –0.08 –0.08 –0.08 –0.09

97‒108 –0.08 –0.14 –0.10 –0.09

109‒120 –0.08 –0.09 –0.09 –0.04

121+ –0.08 –0.18 –0.09 –0.04

Birth order

1 (ref) 0.00 0.00 0.00 0.00

2 –0.11 –0.10 –0.11 0.08

3 0.14 0.14 0.13 0.57

4 0.50 0.50 0.49 1.17

5 0.50 0.50 0.49 1.34

Mean absolute bias 0.026 0.010 0.259

Root of mean square bias 0.036 0.013 0.333

Note: The reference category for birth interval length includes first-born children.

4.2 What happens if there ‘in reality’ is an effect of earlier infant death on
fertility?

With the ‘basic simulation,’ where it was assumed that the infant death of the
previously born child increases the log-odds of a subsequent birth by 1 (which is
realistic according to the fertility model estimated from Norwegian data), the sibling
analysis no longer gave correct estimates (Table 2, column 2). The estimates of the
effects of higher maternal age and higher birth order were particularly biased – the

http://www.demographic-research.org/
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former being much more positive than the true effects and the latter more negative.
However, the birth interval effects were also biased: The adverse effect of short interval
(compared to the 28–36 month reference category) was underestimated, and a long
interval appeared to be more advantageous than was actually the case.8

Table 2: Estimated effects of reproductive factors on infant mortality when
there was an effect of infant death on subsequent fertility in the
simulation

Effects in
simulation

Average of estimates from sibling model
when the effect of infant death on subsequent fertility in the simulation was

1.00
the ‘basic
simulation’

0.20 0.05 ‒0.05 ‒0.20

Mother’s age

17 1.05 –0.94 0.66 0.95 1.17 1.46

18 0.90 –0.89 0.54 0.81 0.98 1.26

19 0.75 –0.90 0.41 0.65 0.84 1.10

20 0.60 –0.91 0.27 0.50 0.66 0.90

21 0.46 –0.89 0.17 0.36 0.50 0.70

22 0.38 –0.78 0.14 0.32 0.44 0.62

23 0.30 –0.76 0.10 0.26 0.37 0.52

24 0.21 –0.67 0.01 0.14 0.22 0.36

25 0.17 –0.53 0.02 0.13 0.21 0.32

26 0.12 –0.45 0.00 0.08 0.13 0.21

27 0.07 –0.34 –0.04 0.03 0.06 0.12

28 0.05 –0.20 0.02 0.06 0.08 0.11

29 0.02 –0.12 –0.01 –0.01 0.00 0.02

30 (ref) 0.00 0.00 0.00 0.00 0.00 0.00

31 0.01 0.10 0.06 0.03 0.01 0.00

32 0.02 0.27 0.07 0.05 0.02 –0.02

33 0.04 0.35 0.14 0.08 0.03 0.00

34 0.06 0.43 0.08 0.03 –0.02 –0.05

35 0.07 0.62 0.25 0.19 0.11 0.03

36 0.10 0.62 0.19 0.12 0.05 0.00

37 0.12 0.76 0.25 0.12 0.10 0.01

38 0.12 0.82 0.27 0.17 0.08 0.02

8 The estimates were biased also if a simpler ‘reality’ was assumed by including only one reproductive factor
in the mortality equation in the simulation, and only this reproductive factor also in the model that was
estimated. However, some of these biases were not in the same direction as when all reproductive variables
were included (not shown). (If one of the variables was left out of the estimation in spite of being included in
the simulation, the estimates of the other effects were, of course, biased even if there was not an effect of
infant death on subsequent fertility.)
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Table 2: (Continued)
Effects in
simulation

Average of estimates from sibling model
when the effect of infant death on subsequent fertility in the simulation was

1.00
the ‘basic
simulation’

0.20 0.05 ‒0.05 ‒0.20

Mother’s age

39 0.12 0.80 0.21 0.12 0.06 –0.03

40 0.12 0.79 0.24 0.12 0.05 –0.06

41 0.12 0.76 0.17 0.20 0.09 –0.35

42 0.12 0.85 0.33 0.20 0.12 0.00

43 0.12 0.88 0.28 0.11 0.03 –0.15

44 0.12 0.96 0.11 0.19 –0.07 –0.14

Months since previous birth

1‒18 0.57 0.38 0.55 0.55 0.56 0.56

10‒27 0.20 0.09 0.19 0.19 0.20 0.20

28‒36 (ref) 0.00 0.00 0.00 0.00 0.00 0.00

37‒48 –0.20 –0.17 –0.22 –0.23 –0.22 –0.23

49‒60 –0.14 –0.12 –0.15 –0.19 –0.18 –0.18

61‒72 –0.10 –0.14 –0.16 –0.16 –0.16 –0.15

73‒84 –0.08 –0.18 –0.11 –0.10 –0.09 –0.06

85‒96 –0.08 –0.12 –0.06 –0.06 –0.08 –0.04

97‒108 –0.08 –0.36 –0.20 –0.16 –0.11 –0.10

109‒120 –0.08 –0.28 –0.14 –0.08 –0.07 –0.01

121+ –0.08 –0.66 –0.22 –0.19 –0.15 –0.05

Birth order

1 (ref) 0.00 0.00 0.00 0.00 0.00 0.00

2 –0.11 –0.47 –0.20 –0.13 –0.08 0.00

3 0.14 –0.72 –0.07 0.09 0.20 0.36

4 0.50 –0.82 0.19 0.43 0.60 0.82

5 0.50 –1.16 0.13 0.41 0.60 0.89

Mean absolute bias 0.659 0.138 0.049 0.045 0.146

Root of mean square bias 0.842 0.178 0.060 0.060 0.194

Notes: The reference category for birth interval length includes first-born children

As one would expect, the biases were smaller when the fertility effect of infant
death was weaker (Table 2, columns 3 and 4). Furthermore, if this effect instead was
assumed – very hypothetically ‒ to be negative, there were biases in the opposite
direction (columns 5 and 6).

The bias that appeared when infant death was assumed to affect subsequent
fertility was, of course, not a result of the logit function in the mortality equation. There
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was a similar bias when a linear probability model was used for mortality both in the
simulation and estimation (online appendix Table A-3).9

4.3 Generally higher fertility or mortality

If generally higher infant mortality was assumed in the simulation, by adding log(25) to
the intercept in the mortality equation, the estimates were not only ’smoother’ (as when
there was assumed to be no fertility effect of infant death and the number of deaths was
increased; Table 1, column 3). The effects of higher maternal age and higher birth order
were also slightly more positive and negative, respectively (Table 3, compare columns
2 and 3). The birth interval effects, however, were almost the same. Thus, the mean bias
was somewhat larger.

Table 3: Estimated effects of reproductive factors on infant mortality when
there was an effect of infant death on subsequent fertility in the
simulation

Effects in
simulation

Average of estimates from sibling model when the following was assumed
in the simulation

‘basic simulation’ (as
Table 2 column 2)

25 times higher
overall odds of infant
death

25 times higher
overall odds of infant
death and 3 times
higher overall odds of
having a child

Mother’s age

17 1.05 –0.94 –0.87 –1.09

18 0.90 –0.89 –0.94 –1.10

19 0.75 –0.90 –0.97 –1.08

20 0.60 –0.91 –0.95 –1.03

21 0.46 –0.89 –0.93 –1.00

22 0.38 –0.78 –0.85 –0.89

23 0.30 –0.71 –0.76 –0.78

24 0.21 –0.67 –0.69 –0.70

25 0.17 –0.53 –0.57 –0.58

26 0.12 –0.45 –0.47 –0.46

27 0.07 –0.34 –0.37 –0.36

28 0.05 –0.20 –0.23 –0.23

29 0.02 –0.12 –0.11 –0.12

9 When it was assumed that infant death has no impact on subsequent fertility, the averages of the estimated
effects were not as close to the true effects as in the corresponding set-up with the logit function. The reasons
for this were not explored.
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Table 3: (Continued)
Effects in
simulation

Average of estimates from sibling model when the following was assumed
in the simulation

‘basic simulation’ (as
Table 2 column 2)

25 times higher
overall odds of infant
death

25 times higher
overall odds of infant
death and 3 times
higher overall odds of
having a child

30 (ref) 0.00 0.00 0.00 0.00

31 0.01 0.10 0.14 0.12

32 0.02 0.27 0.26 0.24

33 0.04 0.35 0.39 0.38

34 0.06 0.43 0.51 0.49

35 0.08 0.62 0.62 0.60

36 0.10 0.62 0.72 0.69

37 0.12 0.76 0.81 0.78

38 0.12 0.82 0.86 0.84

39 0.12 0.80 0.90 0.86

40 0.12 0.79 0.96 0.92

41 0.12 0.76 0.99 0.96

42 0.12 0.85 0.98 0.96

43 0.12 0.88 1.03 0.99

44 0.12 0.96 1.04 1.05

Months since previous birth
1‒18 0.57 0.38 0.42 0.40

10‒27 0.20 0.09 0.10 0.11

28‒36 (ref) 0.00 0.00 0.00 0.00

37‒48 –0.20 –0.17 –0.17 –0.18

49‒60 –0.14 –0.12 –0.12 –0.16

61‒72 –0.10 –0.14 –0.12 –0.17

73‒84 –0.08 –0.18 –0.15 –0.21

85‒96 –0.08 –0.12 –0.23 –0.28

97‒108 –0.08 –0.36 –0.28 –0.36

109‒120 –0.08 –0.28 –0.37 –0.38

121+ –0.08 –0.66 –0.60 –0.66

Birth order

1 (ref) 0.00 0.00 0.00 0.00

2 –0.11 –0.47 –0.51 –0.36

3 0.14 –0.72 –0.80 –0.58

4 0.50 –0.82 –0.94 –0.66

5 0.50 –1.16 –1.27 –0.98

Mean absolute bias 0.659 0.703 0.697
Root of mean square bias 0.842 0.888 0.889

Notes: The reference category for birth interval length includes first-born children.
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If the birth rates were also assumed to be higher, by adding log(3) to the intercept
in the fertility equations, while there was still a five-child limit, the average number of
children per woman was almost doubled. In this situation, the effects of maternal age
and birth interval were slightly more biased than when only a generally higher mortality
was assumed, while the effect of birth order was somewhat less biased (column 4). The
mean bias was almost the same.

These alternative assumptions, with 25 times higher death probabilities and almost
twice as high fertility, correspond to a situation found in poor regions of the world
today, except that fertility is often even higher in those settings. Thus, it can be
concluded that the bias discussed in this paper is relevant for studies of both rich and
poor countries.

4.4 Alternative assumptions about effects of maternal age, birth interval, and birth
order in the simulation

Because there is meager knowledge about the true effects of maternal age, birth interval
and birth order, simulations with a variety of assumptions about these effects were
carried out. First, a linear negative effect of maternal age was assumed (as opposed to
the decline and then modest upturn in the ‘basic simulation’). The two other effects
were as in the ‘basic simulation.’ Again, the effects of higher maternal age and higher
birth order were too positive and too negative, respectively, while the adverse effect of
short interval was underestimated and a long interval appeared as too much of an
advantage (online appendix Table A-4). The conclusion was the same when a linear
positive effect of maternal age was assumed instead.

Second, it was assumed that further lengthening of the birth interval beyond four
years had no impact on mortality (as opposed to a moderately adverse effect of further
lengthening in the ‘basic simulation’), or that it had a more sharply adverse linear
effect. In both cases the conclusion was the same as above (online appendix Table A-5).
Third, birth order was assumed to have a generally negative effect on mortality (as
opposed to the small decline and then stronger increase in the ‘basic simulation’), or a
general and more strongly positive effect. Again, both assumptions gave the same
conclusion as above (online appendix Table A-6).

In all these cases, the mean bias in the estimates was quite similar to that appearing
with the ‘basic simulation.’
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4.5 Alternative assumptions about other relationships

In the next step, the assumptions about the standard deviations of the fertility and
mortality random terms and the correlation between them were changed, while
everything else was as in the ‘basic simulation.’ The patterns were the same as above in
all four sets of assumptions (online appendix Table A-7): In fact, reducing the
correlation from 0.50 to 0.25 or increasing it to 0.75 did not change the bias much.
Changing the standard deviation of the mortality random term from 1 to 0.5 did not
have much impact either, but if also the standard deviation of the fertility random term
was reduced from 1 to 0.5, the effects of maternal age and birth order became stronger,
and the mean bias was larger.

The patterns in the estimates were actually quite similar also if the correlation was
set as low as 0.05 or even at exactly 0 (absolute bias 0.682 or 0.693, and root mean
square bias 0.882 or 0.894, respectively; not shown in tables). In such a situation, where
there are (essentially) no common unobserved determinants of fertility and mortality, a
naïve model would give correct estimates ‒ regardless of whether there is an effect of
child deaths on subsequent fertility. However, a researcher would typically not know
that there are no common unobserved determinants, and may therefore estimate sibling
models – which will give biased estimates.

It was then assumed in the simulation that infant death of the most recently born
sibling had a direct effect on the mortality of the index child: γ4G was added to equation
(3), with γ4 set to 0.5. Such an effect would not be unreasonable. For example, grief
because of the loss of an older child may make the parents less able to care for the
newborn. The biases in the effects of maternal age, birth interval, and birth order were
not changed as a result of this alternative assumption (online appendix Table A-8,
column 3).

As another alternative it was assumed in the simulation that the birth rate was
influence not only by whether the most recently born child had died, but also by
whether children born earlier had died – which makes good sense theoretically. More
specifically, it was assumed that the log-odds of higher-order births were raised by 0.2
if a child born before the most recently born child had died in infancy. As one would
expect, the bias was quite similar to that observed without this additional effect on
fertility (online appendix Table A-8, column 5).

In the last step, two different fertility random terms – one for first births and one
for higher-order births ‒ were included instead of only one. Both were assumed to have
a variance of 1, and the correlation between them was set to 0.5. The correlation
between the random term for first births and that for mortality was 0.50, and the
correlation between the random term for higher-order births and that for mortality was
0.25. Especially the effect of maternal age was then less biased than with the other
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assumptions, but the directions of the biases were the same (online appendix Table A-8,
column 6).10

4.6 Steps one might consider taking to solve the problem

It is possible that some researchers could be tempted to try to solve the problem by
controlling for the infant death of the most recently born sibling, i.e. adding a term λ4G
to the sibling model that is estimated (Equation 4). However, this does not work (online
appendix Table A-9, column 3). Nor does it work if a direct effect of the death of the
most recently born child is assumed in the simulation (online appendix Table A-8,
column 4).

Furthermore, one might consider including only every second child in the
estimation, because in that case the death of a child does not have such a direct effect on
the reproductive factors for the younger sibling included. This was examined in a
simple way by focusing on women with five children. In order to get a larger number of
women with five children in the simulated population and a larger number of child
deaths, log(25) was added to the intercept in the mortality equation in the simulation,
and log(3) was added to the intercepts in the fertility equations.

It was first assumed in the simulation, for comparison, that there was no effect of
infant deaths on subsequent fertility. As one would expect, correct estimates were then
obtained both when all the children of the five-child mothers were included, and when
only the first, third, and fifth child were included (online appendix Table A-10, columns
3 and 4). However, when the effect of infant death on subsequent fertility was set to 1
as usual, and when all the children of the five-child mothers were included, there were
biases such as in the other simulation experiments. When the second and fourth child
were then excluded, the estimates did, on the whole, not become more correct (columns
5 and 6): While the effect of maternal age was somewhat less biased, the effect of the
birth interval length was more biased, and the mean bias was essentially the same.

The results were similar if the five-child mothers’ second and fourth child were
included instead, or if every second child of mothers with fewer than five children were
included (not shown). Thus, the conclusion is that exclusion of every second child does
not solve the problem either.

One might also consider including only the families where the last child has died,
as there would then not be a younger sibling whose reproductive factors are influenced
by that death. However, those who do not respond to a child death by having another
child are not representative of the population. Furthermore, there may be deaths also

10 In the absence of an effect of infant death on subsequent fertility, a sibling model also works well, of
course, with such assumptions about the fertility and mortality random terms.
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among the older siblings, and if one tries to solve that problem by excluding these
families, further selectivity is introduced. More importantly, it would not be meaningful
– and in some situations not technically possible either – to estimate effects of birth
order and maternal age when the youngest sibling is bound to have died.

Sjölander et al. (2016) showed that one at least would be able to test the null-
hypothesis of zero effect of the exposure on the outcome ‒ but not get an estimate of the
effect ‒ by swapping exposure and outcome. However, their argument was based on a
linear model and, more importantly, there was only one exposure variable. In the
present study, there are three exposure variables (maternal age, birth interval length,
and birth order), which are even categorical, and the intention is to find out how they
affect infant mortality net of each other. Thus, although one could estimate a model for
a continuous version of each of these variables separately, with child death as a
regressor, that would not be very helpful.

5. Conclusion

A major problem when effects of reproductive factors on child mortality are analysed is
that many inadequately measured factors may affect both the mother’s reproduction and
the children’s mortality. Using sibling models, which means that one controls at least
for unobserved mortality determinants that are time-invariant (i.e., affecting the siblings
similarly) and somehow linked to the reproductive behaviour, would therefore appear to
be a good strategy. However, it has been argued mathematically that such models may
give biased estimates when the outcome for one sibling affects the exposure for another,
and this is precisely the situation when the exposure is reproductive factors and the
outcome is infant or child death.

By doing a series of simulation experiments one may get an idea of whether the
bias actually matters in practice. The conclusion from the experiments reported above is
that, given a variety of presumably quite realistic assumptions about fertility, mortality,
and their determinants – which should mimic the situation in both rich and poor settings
‒ the effects of maternal age, birth order, and birth intervals are substantially biased:
The estimated effects of higher maternal age were less negative (beneficial) or more
positive (adverse) than the true effects, while the effects of higher birth order and very
short or very long birth intervals were biased in the opposite direction. One cannot,
however, rule out the possibility that the biases would have been negligible or taken
another direction with certain other assumptions.

These results mean that one should be very careful to draw conclusions from
earlier studies were sibling models have been used, and estimates from more ‘naïve’
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analyses are, of course, no more trustworthy. In other words, we may know less about
the effects of reproductive factors on child mortality than we tend to believe.

In principle, analysis based on an exogenous variation in the reproductive factors –
for example a policy reform or intervention affecting birth interval lengths but
otherwise not mortality ‒ would have the potential to add considerably to our
knowledge (Baqui et al. 2018). However, in most settings it is difficult to find good
sources of such variation. One might also consider estimating a multilevel-multiprocess
model, and include an effect of child mortality in the fertility equation (Kravdal 2018),
but it is not obvious that the model can actually be correctly estimated when there are
effects of mortality on fertility in addition to the effects in the opposite direction (that
we are primarily interested in). That needs to be checked, for example, with the same
type of simulation experiments as here. Also, these models rest on certain assumptions
about the association between the unobserved mortality determinants and the
reproductive process that are not necessarily reasonable, while there are no such
assumptions behind the siblings models.

Although the problem discussed here is particularly large when the focus is on
mortality, since it strongly affects later fertility, it may also be relevant when the
attention is directed towards other child or pregnancy outcomes. The important message
to researchers doing sibling analysis to learn about effects of reproductive factors on
child outcomes is that, whenever there is a possibility that the outcome influences
subsequent fertility or pregnancy rates, conclusions should be drawn very cautiously.
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