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Abstract
A growing literature finds that parents invest in their children unequally. However, evidence is contradictory, showing that parents both reinforce and compensate
child ability in different contexts. Few studies provide convincing causal evidence
of the effect of child ability on parental investment in a developing country. We
examine how parents respond to differing abilities of primary school age Ethiopian
siblings, combining instrumental variable methods and household fixed-effects to
address endogeneity concerns. We use rainfall shocks during the critical developmental period to isolate exogenous variation in child ability within the household,
which is observed at a later stage than birth. We investigate whether these parental
responses vary by a family’s socioeconomic status (SES) in a low-resource setting.
Our results suggest that on average parents attempt to compensate disadvantaged
children within households through increased cognitive investment. The results are
significant, but small in magnitude: parents provide about 6.3% of a standard deviation (SD) more educational fees to the lower-ability child in the observed pair.
Further, we find that the compensating effects observed among relatively high-SES
families are substantially larger. Families with educated mothers, smaller household
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size, and higher wealth compensate with more cognitive resources for a lower ability
child, even though these households are relatively poor by international standards.
Keywords: Children, Human Capital Formation, Parental Investment, Intrahousehold Resource Allocation
JEL classification: D13 J1
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Introduction

An increasingly large body of evidence has developed during the past three decades
showing that in utero and early life conditions have a significant impact on children’s
early life ability, subsequent development and therefore on outcomes in adulthood (Currie
& Almond 2011, Almond et al. 2018). Most of these studies are reduced-form estimates
of the total effect of an early life shock or adverse event on final adult health. However,
ability in early life impacts on later human capital not only through the biological channel
(Heckman 2007), but also through the channel of parental involvement - in theory parents
can either reinforce or compensate for differences in early ability. It is then an empirical
question as to whether parental actions amplify or mute the ultimate effect of early life
shocks and circumstances on final human capital outcomes.
Our paper contributes to this latter research question, which is of direct policy relevance. The literature to date comprises a body of empirical evidence that appears
somewhat contradictory, containing studies that document both compensatory and reinforcing behaviour of parents. As we discuss below, attempting to cleanly identify such
effects given the econometric concerns is extremely difficult, and could be one reason
for the apparently conflicting results. Alternatively, there may be important differences
across country contexts (either cultural, or economic) that are leading to such different
conclusions.
We make a contribution to the current literature due to our data, estimation method
and country context. First, note that we examine the response of parents to differences
in child cognitive ability in early childhood, rather than using birthweight as a proxy for
ability. To date, only two studies that we are aware of have analysed parental responses
to cognitive ability beyond birthweight. Frijters et al. (2013) finds that parents reinforce
cognitive resources in response to differences in cognitive ability in the USA. Ayalew
(2005) also finds reinforcing effects, however these are based on estimates from only one
village in Ethiopia.1
Second, we use both sibling fixed-effects and a plausibly exogenous source instrument
for variation in cognitive ability to more convincingly identify parental responses, rather
than relying on within-twin estimation, since twins are not the ideal group on which to
study such effects (Bhalotra & Clarke 2016). Other instruments have been utilized in
the literature - Frijters et al. (2013) use handedness as instruments of a child’s ability.
However, the validity of their proposed instrument has been contested (Grätz & Torche
2016). Leight (2017) uses grain yields as a plausible instrument for differences in ability
proxied as height-for-age. We acknowledge an extremely careful literature that has analysed whether parents compensate or reinforce specific (plausibly exogenous) policies and
events experienced in childhood (Halla et al. 2014, Adhvaryu & Nyshadham 2016), which
are highly informative, but may only be generalisable to larger policy shocks, whereas
our use of variation in rainfall could be seen as “normal” shocks to childhood experienced
by all children (Maccini & Yang 2009).
Finally, we descriptively examine heterogeneity in parental responses across socio1

Other results on health are based on a much larger sample.
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economic status, in a very low-income setting. Such heterogeneity has been examined,
but only in country contexts that are more developed than Ethiopia (Cabrera-Hernandez
2016, Hsin 2012, Grätz & Torche 2016, Restrepo 2016). To preview our results, we find
that on average, parents provide more cognitive investment to the lower-ability child
to reduce intra-household inequality. The compensatory parental responses are concentrated in relatively higher-SES families. Specifically, we find that families with educated
mothers, smaller household size and higher wealth compensate through a higher level
of cognitive investment when there are differences in ability, while families with noneducated mothers, larger size and lower wealth exhibit only small and modest compensatory behaviours.
The paper proceeds as follows. In the next section we briefly review the relevant
literature, then present our data, including the cognitive ability measures, followed by
our econometric approach. Our results and robustness checks are presented and finally
a concluding discussion.

2

Literature Review

There are two competing theories on the direction of parental responses to observed
ability in their children, these originating from theoretical models which are by now more
than forty years old. Becker & Tomes (1976) predict that parents reinforce differences
in child ability by investing more in the high-ability child, under the assumption that
marginal return to investment is higher when the ability of the child is higher. In this case,
parents concern is for efficiency more than equity. On the contrary, Behrman et al. (1982)
suggest that parents will compensate for ability differences to achieve equality among
children when parents’ inequality aversion preferences outweigh efficiency concerns.
In response, a burgeoning empirical literature has examined the effect of child endowments on parental responses. However, the results of this literature are mixed, indicating
overall that there is either no clear direction of parental response on child endowment,
or that the response depends heavily on context. Some studies have found evidence
of reinforcing parental responses (Aizer & Cunha 2012, Adhvaryu & Nyshadham 2016,
Behrman et al. 1994, Datar et al. 2010, Frijters et al. 2013, Grätz & Torche 2016, Hsin
2012, Rosales-Rueda 2014); some have found compensating parental responses (Behrman
et al. 1982, Bharadwaj et al. 2018, Cabrera-Hernandez 2016, Del Bono et al. 2012, Frijters et al. 2009, Griliches 1979, Halla et al. 2014, Leight 2017); some have found mixed
responses (Ayalew 2005, Hsin 2012, Restrepo 2016, Yi et al. 2015); some have found no
effect at all (Abufhele et al. 2017, Almond & Currie 2011).
Many of the recent empirical studies have relied heavily on the variation in birth
weight to answer the question of parental responses, using a sibling fixed-effects (FE)
model (Abufhele et al. 2017, Bharadwaj et al. 2018, Del Bono et al. 2012, CabreraHernandez 2016, Datar et al. 2010, Hsin 2012, Restrepo 2016, Rosales-Rueda 2014).
However, some studies argue that birth weight might be associated with prenatal endogenous input, and hence, exploit a source of exogenous variation in the endowment at
birth. Halla et al. (2014) study the effect of an exogenous shock on the Austrian 1986
4

cohort, who experience a prenatal exposure to radioactive fallout from the Chernobyl
accident. The shock decreases the birth weight and live births while it increases premature births, the days for maternity leave and Apgar score. They find robust empirical
evidence that parents compensate the children for experiencing input shocks. Adhvaryu
& Nyshadham (2016) exploit variation in a plausible random in utero exposure to an iodine supplementation programme in Tanzania, and show that parents choose reinforcing
investment in higher quality children.
Meanwhile, other studies tackle this problem by using within-twins differences as a
exogenous source of variation in endowment since prenatal parental investment is impossible to vary (Abufhele et al. 2017, Bharadwaj et al. 2018, Yi et al. 2015, Grätz &
Torche 2016). For example, Abufhele et al. (2017) find that parents are neutral to the
difference in birth weight of twins in Chile and support the existing evidence that parents
do not invest differentially between twins. Using the same data, Bharadwaj et al. (2018)
find similar result that parents do not invest differentially within twins, while, using a
sample of parents with singleton siblings, compensatory behaviour is found. The reason
could be, as Almond & Mazumder (2013) has noted, that it might be especially costly
for parents to implement differential treatment between twins.
Importantly, concerns about using twins as an instrument have been raised. Using
individual data in 72 countries, Bhalotra & Clarke (2016) find that the distribution of
twins is not random in the population and that indicators of the mother’s health and
health-related behaviours and exposures are systematically positively associated with the
probability of a twin birth. Certainly, twins are not a large proportion of the population,
and may be seen more as a special case.
We build on two recent studies that examine the effect of child endowment on parental
investment, and rather than relying on twins data, use instrumental variables to alleviate
concerns of endogeneity bias resulting from both unobserved household heterogeneity and
child-specific heterogeneity. Using sibling differences in handedness as an instrument for
cognitive ability differences, Frijters et al. (2013) find reinforcing behaviours of parents
who are more likely to allocate more cognitive resources on advantaged child in the USA.
Grätz & Torche (2016), however, argue that handedness might vary over time so that it
might not be an adequate instrument for child’s early ability. Using the same technique
but exploiting sibling differences in grain yield in their early life as an instrument for
physical health, Leight (2017) shows that Chinese parents invest more cognitive resources
to the less-healthy child (as proxied by height-for-age) in Gansu province.
We combine a sibling-difference approach with instrumental variables, using the quasiexogenous rainfall shocks occurring during the critical developmental period of a child
to instrument for differences in child ability between siblings.2 Due to the fact that
studies find that rainfall shocks have a substantial impact on children development in
pro-agricultural contexts (see Almond et al. (2018) for a review), we exploit differences
between siblings by looking at rainfall shocks from in utero to the first three years of
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their life3 as a source of exogenous variation in nutritional inputs experienced by the
siblings.4
To our knowledge there are two other studies examining the pattern of parental
investment in the context of Ethiopia. Ayalew (2005) examines catchup growth of children
in the dimensions of health and cognitive ability, using the first three rounds of the
Ethiopia Rural Household Survey from 1994-1995. He finds compensating behaviour
in health (weight for age and an index of physical strength), but reinforcing behaviour
in cognitive skills. We believe that the results on cognitive skills are less persuasive,
since they use information on only one village in the survey, and the outcome measure is
Ravens’s Progressive Matrices scores, which did not work successfully in the Ethiopian
context during the Young Lives survey (Cueto & Leon 2012) as children were unable to
understand the task. Second, using the Young Lives Older Cohort data and relying on
OLS and FE estimations, Dendir (2014) find reinforcing behaviours, proxying parental
investment with enrolment and child time allocation, and measuring ability using raw
PPVT scores5 . Although the fixed-effects estimation successfully deals with endogeneity
issue in ability caused by unobserved household characteristics, there is a potential high
degree of correlation between child ability and unobserved child heterogeneity, such as
parental preferences over one particular child which is an individual effect. In Dendir
(2014)’s study, the PPVT scores are measured at adolescence (age 12 and 15), which
increases the probability that this measure of ability is contaminated by unobserved child
characteristics and consequently biases the results, and therefore an exogenous variation
in cognitive ability is necessary.
Applying a sibling-FE model combined with a instrumental variable to the Young
Lives (YL) Younger Cohort Ethiopia Survey, we examine how parental cognitive investment responds to cognitive ability observed in childhood when children are currently
in primary school.6 Specifically, we examine the effect of cognitive ability on parental
cognitive investment: We use Peabody Picture Vocabulary Test (PPVT) scores as the
proxy of cognitive ability measured in childhood; We use the total educational fees (i.e.,
school fees plus any private tuition fees) as the cognitive investment when children are
in primary school. By exploiting quasi-random rainfall during the critical developmental
period as a “normal” shock to child nutritional input, we isolate the exogenous variation
in cognitive ability.
While most of the existing literature reveals how parents respond to the difference in
health within siblings, to the best of our knowledge, only the two studies discussed above
(Ayalew 2005, Frijters et al. 2013) have examined differences in cognitive ability, and
both have limitations. As it is of interest to show the specific parental response to one
3

The first 1000 days of life is widely recognised as the critical developmental period of child development (Grantham-McGregor et al. 2007).
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Hill & Porter (2017) find that the droughts cause a reduction in consumption of households in
both rural and urban areas in Ethiopia. So the households are vulnerable in the occurrence of droughts,
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inputs in the production of early childhood human capital.
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dimension of human capital, one would ideally like to disentangle the effect of investment
in that particular dimension of human capital. However, constrained by data, only a few
empirical studies have specific measures of investment in different dimensions, while
most of the existing studies use a general measure of parental investment, such as time
spent with the child. (Yi et al. 2015)’s theory predicts that given the same early health
shock, parents response differently along different dimensions of human capital. The
data they use contains detailed information on investment in family health and education
respectively. The result is a mixed one-while parents compensate for the harmful effect
of an early health shock by devoting more health resources in the worse-health child,
they reinforce the worse health condition by allocating fewer educational resources to the
disadvantaged child. Restrepo (2016) and Rosales-Rueda (2014) use the same dataset
which gives information of inputs of time and goods in either cognitive or socioemotional
development. They suggest that parents tend to simultaneously reinforce the effect of
low birth weight by providing more cognitive stimulation and emotional support to the
low-birth-weight child. In our study, we are able to measure a direct cognitive investment
using the total educational fees.
While the existing research attempts to examine parental responses to child endowments at an aggregate level, some sociological studies point out that socioeconomic
heterogeneity should be taken into account. Specifically, the degree and direction in
parental responses might vary by family socioeconomic status (SES) (Lareau 2011, Lynch
& Brooks 2013). Some believe that lower-class parents have difficulty in affording costly
and risky investment in disadvantaged children so that they would be more likely to
reinforce the differences in ability. Higher-class parents tend to be adverse to inequity
so as to compensate for a low ability outcome (Conley 2008). To the contrary, some
suggest that high-SES family would reinforce gaps in child ability by providing more
educational investment in the advantaged child, while offering direct transfers, such as
gifts or bequests, to the disadvantaged child (Becker & Tomes 1976, Becker 1991).
To date, a small number of studies have looked at variation in parental responses
by SES, though these are all in a developed country context. Grätz & Torche (2016)
find out that advantaged parents allocate more cognitive stimulation to higher-ability
children, while disadvantaged parents behave indifferently to ability gaps. Yet, Halla
et al. (2014) show that families with low socioeconomic status choose to give birth to fewer
children if their children experience the Chernobyl accident; similarly, families with high
socioeconomic status compensate their low-endowed children by supplying less maternal
labor. Hsin (2012) use the maternal educational level to measure family socioeconomic
status. At an aggregated level, no compensating or reinforcing investment is found for
low birth weight outcomes. However, the evidence shows that low-educated mothers
prefer reinforcing investment by spending more time with heavier-birth-weight children,
while high-educated mothers compensate the low-birth-weight children by spending more
time with them. Restrepo (2016) finds a reinforcing behaviour on average, while lowSES families reinforce the differences in birth weight in a greater amount of investment
compared to high-SES families. None of these studies provide evidence in the context of
developing countries, except Cabrera-Hernandez (2016) which finds that high-educated
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mothers compensate for the low-birth-weight outcome by offering more expenditure in
school to the disadvantaged child.

3

Data and Measures

Young Lives is an international longitudinal study of 12,000 children growing up in
four developing countries (Ethiopia, India, Peru and Vietnam) over 15 years (Barnett
et al. 2012). The main cohort (2,000 children in each country) were born within twelve
months of each other in 2001, and an older cohort seven years earlier, is used as a
comparison group. The study examines the causes and consequences of growing up in
childhood poverty. This paper uses data from four rounds of the Ethiopia survey, focusing
on the younger cohort and their siblings. Round 1 was conducted in 2002 (when index
children are, on average, 1 year old), Round 2 in 2006 (approximately age 5), Round 3
in 2009 (approximately age 8) and Round 4 in 2013 (approximately age 12). In Round 3
and Round 4, one sibling, closest in age to the index child (either younger or older), was
interviewed. This brings variation in that index children could be either born earlier or
later in our analysis. 7
To reduce heterogeneity in child activities and parental investment, we confine the
sample of index children and their siblings to be aged from 7 to 14 in Round 4, being
old enough to enter in primary school and young enough to stay in the primary school in
Ethiopia. The sample is reduced to 588 sibling pairs (1176 observations) in the siblingdifference specification, born in the cohorts of 1999 to 2006.
Round 1 and Round 2 are mainly used for gathering information on birthplace in
order to merge survey data with rainfall data to generate instrumental variables. We use
standardized rainfall in utero to the first two years of life in the birthplace of the child
as instrumental variables, following the literature arguing from in utero to the first two
years of life is the critical developmental period (Almond et al. 2018). We calculated
mean and standard deviation of rainfall at the birth community level using rainfall from
1985 to 2008.

3.1

PPVT scores as a measure of cognitive ability

To analyse the effect of children’s cognitive ability on within-household allocation
cognitive resources, our main independent variable of interest is the child’s cognitive
ability in 2009, which parents observe and response to in 2013. The Peabody Picture
Vocabulary Test (PPVT) by Dunn & Dunn (1997) is the best available cognition test for
both index children and siblings in the YL study, therefore we measure child’s cognitive
ability using this metric.8 The PPVT is a widely used test to measure verbal ability and
general cognitive development in a number of different literatures (see Crookston et al.
7

There are 496 index children older than their surveyed siblings, while 92 index children are younger
than the siblings.
8
In the YL study, there are two other cognitive tests, the Early Grade Reading Assessment (EGRA)
and a maths test. However, they are only available for index children, not for the siblings.
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(2013); Paxson & Schady (2007)). It is shown that the PPVT test score is positively correlated with other common measures of intelligence such as the Wechsler and McCarthy
Scales (Campbell 1998). Given that Round 3 is the first round that has information on
siblings, our analysis only makes use of the latter two available rounds of the YL data.
Given the difficulty of using raw PPVT scores across different rounds of data collection,
we employ Item Response Theory (IRT) to achieve standardised cognitive measures, following Leon & Singh (2017) which recognises that the percentage correct from the raw
PPVT scores would not serve as an accurate measure of cognitive ability. It is due to the
reason that since the original PPVT was written and developed in English, when it was
translated into three Ethiopia official languages (i.e., Amarigna, Oromifa, and Tigrigna),
the difficulties of items differ across languages. As Leon & Singh (2017, p. 6) note, “it
became evident that some items did not keep the same cognitive equivalence (or level of
difficulty) as in the original tests.” However, the YL did not begin to select a subsample
of the original items for each country and language until in Round 4; in Round 3, it administered the full set of items without discriminating the items. Therefore, we exploit
the item parameters for each language calculated by (Leon & Singh 2017) to generate
IRT scores of children in Round 3.9
Figure 1 shows the IRT PPVT scores increase along with the age, yet the means of
IRT PPVT scores vary by languages, consistent with findings of (Leon & Singh 2017)
(Tigrigna is the highest, followed by Amarigna and Oramifa). To ease the interpretation
of subsequent estimation results, the IRT scores have been standardised by language as
our measure of cognitive ability, with a mean of 0 and a standard deviation of 1. In the
robustness check section, we also include an analysis using PPVT scores standardised by
age across language as a comparison.

9
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9

Figure 1: IRT PPVT scores by languages, 2009

3.2

Total educational fees as a measure of cognitive resources

Our dependent variable is the allocation of parental cognitive resources in the later
stage, measured by the total education fees paid in Round 4 per child. An advantage of
our panel data is that it leaves parents a period of time (4 years between Round 3 and
Round 4) to respond after their children being assessed by PPVT in Round 3, while prior
research mostly relies on the parental involvement measured shortly after their children
are assessed. The total educational fees is the sum of school fees and private tuition fees,
serving as a direct measurement of cognitive investment.
To alleviate the concern that public educational investment and private tuition investment are substitute goods, we use Pearson’s Correlation to test the strength and
direction of the association between these two continuous variables. Whilst the Pearson
correlation coefficient between the raw school fees and tuition fees, r = 0.740 at 95%
confidence level, suggests that in the pooled sample higher the school fees are related to
higher tuition fees, the correlation coefficient estimating the association between school
fees and tuition fees within-family (r = −0.003) is statistically non-significant at 95%
confidence level. This lack of correlation leads us to use total educational fees as the
dependent variable of our main analysis.10
Figure 2 shows how total educational fees are reported. In the pooled sample, shown
by chart on the left hand side, 73% report zero total educational fees in Ethiopia, while
27% report non-zero educational fees.11 Looking at the allocation between siblings,
10
11

We provide the analysis using private tuition fess as the dependent variable in the robustness check.
The high percentage of zero educational fees exists due to the abolished school fees in public schools
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indicated by the chart on the right, 16% of parents differentiate their financial educational
resources among their children, while 15% of parents allocate financial resources in child
education and adopt no differentiating strategy in investing their children. Our interest
is to find out whether the parental investing strategy of those who put financial resources
in their children is responsive to the difference in cognitive ability, and in which direction.

Figure 2: Total educational fees
Different from Dendir (2014)’s analysis in which parental investment is measured by
child’s enrolment in school and work hours using the YL Older Cohort data, our study
does not take child’s time use into account as it is a less direct measure of parental
investment. Furthermore, our study focuses on a sample of primary school children aged
from 7 to 14, who are all enrolled in school and mostly do not supply paid labour. So we
only consider taking school fees and private tuition fees as a proxy of cognitive resources,
which are specifically documented in parents’ answers to the questions like “how much
you spend on school (private tuition) fees per year.”We could approximately refer it to
the recent educational expenditure after Round 3. For the sake of interpretation, we
standardize the total educational fees for the analysis.
To understand whether parents report a higher level of investment for the index
children, we perform a t test on the total educational fees between index children and
siblings. The t statistics (= 0.174) shows that the difference in investment between two
children is not statistically different, suggesting that parents don’t deliberately report a
higher investment for the index children.
Figure 3 shows the raw correlation between mean cognitive ability and mean cognitive resources for each 5 percentile. Despite the flat relationship on the left tail of the
distribution, the aggregate correlation between ability and parental investment is positive in the cross-section OLS estimation. Our interest is to find out when we apply our
empirical methods accounting for child observable and unobservable factors, whether this
plausible positive relationship continues to hold.
for grades 1 to 10 in Ethiopia since 1994. However, hidden costs remained (Oumer 2009). UNICEF et al.
(2009) find that there were still payments in various forms in government schools after this policy of
abolishing the school fees. According to the Policy and Human Resource Development (PHRD) study,
on average, a government school was levying about Br 10 to Br 15 per year per student.
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Figure 3: Mean cognitive resources and cognitive ability for each five percentile of the
cognitive ability distribution
Therefore we include a series of child observable characteristics as confounding factors.
First, to alleviate the concern that the cognitive investments are age-related, we control
for several age-related factors in the regression analysis. We make use of age in month,
together with square and cube of age in month and dummies of birth year. Then,
since evidence suggests that children born earlier receive the greater investment (Price
2008, Buckles & Kolka 2014), we control for birth order. Other child level differences
which might contribute to investment variation are also controlled for in the regression
analysis. Specifically, maternal age at birth, type of school (private or public)12 , and type
of siblings13 (e.g., born as an older brother with a younger sister, born as an older sister
12

There are only 38 (3.23%) children in private school. Therefore we create a dummy variable for
attending a public school as a control variable, instead of as an outcome variable.
13
There are eight factor variables to denote the type of siblings, including born as an older brother
with a younger sister, born as younger sister with a older brother, born as an older sister with a younger
brother, born as a younger brother with a older sister, born as an older brother with a younger brother,
born as younger brother with a older brother, born as an older sister with a younger sister, born as a
younger sister with a older sister. However of course when we use our fixed-effects strategy, many are
dropped due to their multicollinear relationship when the information of index children is deducted by
their siblings’.
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with a younger brother) are taken into account. See Table 1 for summary statistics.

3.3

Socio-economic-status (SES)

To understand whether educational investment varies by socio-economic-status (SES),
we carry out several exploratory t tests and find that families investing in education are
indeed the high-SES families. The families who invest in education are significantly richer
(t= -10.772), with a significantly better educated mother (t= -9.311) and smaller size
(t=-3.001). In order to further investigate whether these better-off families who invest in
education differentiate their investment based on the ability gap between their children,
we stratify our analysis on parental responses. Specifically, we employ several household
characteristics (maternal education, family wealth, and household size) as indicators of
family SES, while we dichotomize each indicator generating a high-SES group and a
low-SES group following Grätz & Torche (2016). With regard to maternal education, in
fact, half of the mothers in our sample are not educated at all, so that we distinguish
between families by having an educated mother or a non-educated mother. In the case
of family wealth14 and household size, we dichotomize them using the median of wealth
index and size of the family.

Figure 4: Intra-household difference in total educational fees by SES
14

The wealth index is the average of housing quality index, consumer durable index and housing
service quality index.
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Table 1: Summary statistics:
Variable

Mean

SD

Cognitive resources
Total educational fees (standardised)

0.000

1.000

0.013

0.068

Cognitive ability
PPVT scores (standardised)

0.000

0.999

0.937

0.772

Child characteristics
Age in months
133.031 20.994
Maternal age in months at birth
27.275 6.057
Attend a public school (dv)
0.968 0.177
Birth order
3.443 1.862
Born as an older sister with a younger brother (dv)
0.119 0.324
Born as an older brother with a younger sister (dv)
0.131 0.337
Born as an older brother with a younger brother (dv)
0.125 0.331
Born as an older sister with a younger sister (dv)
0.125 0.331
Born as a younger brother with an older sister (dv)
0.119 0.324
Born as a younger sister with an older brother (dv)
0.131 0.337
Born as a younger brother with an older brother (dv)
0.125 0.331
Born as a younger sister with an older sister (dv)
0.125 0.331
Test in Oromifa (dv)
0.209 0.407
Test in Tigrigna (dv)
0.349 0.477
Test in Amarigna (dv)
0.442 0.497
Rainfall in utero (standardised)
0.059 0.901
Rainfall at birth (standardised)
-0.472 1.025
Rainfall in year 1 (standardised)
-0.158 0.807
Rainfall in year 2 (standardised)
-0.072 0.709

32.320
-2.675
0.000
-0.991
0.238
0.262
0.250
0.250
-0.238
-0.262
-0.250
-0.250
0.000
0.000
0.000
0.430
-0.747
-0.721
-0.517

11.286
0.997
0.083
0.149
0.426
0.440
0.433
0.433
0.426
0.440
0.433
0.433
0.000
0.000
0.000
1.275
1.701
1.173
0.848

0.000
0.000
0.000

0.000
0.000
0.000

Household characteristics
Wealth
Mother with education (dv)
Household size

0.366
0.493
6.485

N

1176

14

0.163
0.500
1.675

Mean
SD
(within) (within)

Figure 4 shows the intra-household difference in total educational fees by SES. The
distributions of within-sibling difference in educational fees are similar across three indicators. In general, the high-SES families have bigger differences in allocating educational
resources among their offspring. The mean of the difference in total educational fees in
low-SES families is small but non-zero.

4

Econometric Strategy

To identify the causal effect of cognitive ability on parental investment, the analysis is
based on IV-FE models, targeting three main endogeneity threats. First, this approach
relates within-sibling pair differences in ability in 2009 (Round 3) with within-sibling pair
differences in parental cognitive investment four years later in 2013 (Round 4) to address
the threat of reverse causality. Second, the sibling fixed-effects (FE) models control for
unobserved heterogeneity at the household level, following most existing empirical work.
Third, we use instrumental variables to isolate the exogenous variation in child ability,
addressing endogeneity resulting from unobserved child heterogeneity.
Formally, the sibling fixed-effects structural model can be written as follows:
∆Ih = β∆CAh + ∆Xh λ + ∆h

(1)

where ∆Ih is the difference of cognitive investment between siblings in family h in Round
4 (i.e., total educational fees), ∆CAh is the difference of ability between siblings in
Round 3, ∆Xh is the difference of other characteristics between siblings (e.g., child’s age,
maternal age at birth, child’s birth order, birth year, type of school, type of sibling pairs
- gender of older and younger child), and ∆h is the difference of idiosyncratic error term
between siblings. In this estimation, household observable characteristics and household
unobservable confounding factors are purged from the specification. .
As noted above we overcome endogeneity bias resulting from unobserved child heterogeneity, with an instrumental variables (IV) estimation procedure. The first stage
equation is as follows,
∆CAh = σ∆Rh + ∆Xh α + ∆µh

(2)

where ∆Rh is the differences of rainfall shock from in utero to the first three years
of child’s life between siblings as a source of exogenous variation in nutritional inputs
experienced by the siblings, and ∆µh is a random error term in the first stage.
IV approach is also helpful in the sense of overcoming attenuation bias related to
measurement error in cognitive ability. As our measure of cognitive ability is PPVT test
score, even if the best test score is the proxy for ability observed by parents, there would
likely be measurement error. For example, parents may have some other perception of
their children’s cognitive ability as well as the PPVT score. This potential problem of
measurement error could be solved by our IV approach if it is classical. Especially, in our
sibling FE model, attenuation bias caused by measurement error is augmented if one’s
analysis moves from a cross-sectional setting to a FE setting (Bound & Solon 1999).
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The sibling FE model coupled with the IV strategy helps us to interpret β as the
change in parental cognitive investment caused by the variation in child cognitive ability,
which is driven by the exogenous variation in rainfall during the critical developmental
period of the child. If β > 0, it means parental investment increase as the ability is
higher. Parents reinforce the differences in ability by allocating more resources to the
high-ability child. If β < 0, it means parents compensate for the difference in ability,
allocating more resources to the low-ability child.
Under the assumption of higher marginal return in investment in higher-ability children, the case of β > 0 also implies that parents concern more with the efficiency of
investment and try to maximize their children’s total future wealth. The case of β < 0,
on the other hand, implies that when equity outweighs efficiency, parents forgo maximizing returns from educational investment, trying to achieve higher equity among children.
We report two types of standard errors, one robust to heteroskadasticity and the
other one robust to within community dependence.

5

Results

In order to test the relationship between cognitive ability and cognitive resources,
we regress cognitive resources in primary school on cognitive ability. The sign of the
estimates is positive if parents demonstrate reinforcing behaviours, whereas negative if
parents compensate for ability differences among their children. In all of the estimation
results, total educational fees paid per child is the proxy for cognitive resources, while
PPVT scores are the proxy for cognitive ability.
For each specification we use the sample of children who have a surveyed sibling
and the information for both siblings is available. Furthermore, we have restricted the
sibling-pairs to be currently in primary school, use the same language in PPVT test and
be born in the same birthplace. A set of child-level covariates are included in all models,
such as age in months, maternal age at birth, type of school, dummies of birth order,
type of sibling pairs and dummies of birth year.

5.1

Preliminary Results

Before presenting the main results, we show the preliminary results from OLS models
and FE model in Table 2. The inconsistency of the estimates from these models is evident,
the magnitudes and signs of which are not stable as we add additional controls, suggesting
severe endogeneity of the variable of interest. For example, the cross-sectional OLS
estimate reported in column 1 when only child-level controls are included in the model,
suggests a positive relationship between ability and total educational fees, although it is
statistically insignificant. When we include community fixed-effects into the model, the
estimate, shown in column 2, decreases from 0.036 to 0.009, indicating severe endogeneity
resulting from the correlation between ability and community, which is closely associated
with investment in education.
However, the OLS estimate is still likely to be biased due to unobserved characteristics
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within the family, such as genetically innate ability, parental taste for child’s quality and
budget constraints. Hence, we exploit the sibling-FE model, same as the ones used in
Bharadwaj et al. (2018), Datar et al. (2010) and Hsin (2012) studying parental responses
to birth-weight, where both the observed and unobserved household-level characteristics
are controlled. In column 3 of Table 2, different from the OLS estimates above, the
FE estimate suggests a negative association between ability and investment, although
the size is as small as zero. This result is similar with the one of Frijters et al. (2013),
whose FE estimate is much smaller than OLS estimate. This might be due to increased
attenuation bias, when the measurement error of ability is amplified when one removes
the cross-section information via FE estimation. Apart from this, endogeneity bias might
still persist since the cognitive ability is postnatal and time-varying, which allows afterbirth ability to embody a significant component of prior parental investment. If serial
correlation in parental behaviour exists, the high-ability child who benefits from high
prior parental investment tends to receive higher parental investment in the next stage
of life.
To address the bias, we isolate the exogenous variation in cognitive ability using quasiexogenous variation in rainfall during the critical developmental period. Thus we apply
instrumental variable methods to the sibling fixed-effects approach (IV-FE), following the
models of Frijters et al. (2013) by using sibling differences in handedness as an instrument
for cognitive ability differences, and of Leight (2017) by exploiting sibling differences in
grain yield in their life as an instrument for physical health.

5.2
5.2.1

Main Results
IV-FE Models: First-stage Results and Diagnostics

Before presenting our main IV-FE results, we first discuss the first-stage results, as
well as the underidentification and weak identification tests in Table 3. Specifically, in
the first-stage estimations endogenous cognitive ability is regressed on the exogenous
regressors and excluded instruments (i.e., the rainfall during critical developmental period). We find that children who experienced relatively good rainfall aged 0-24 months
have significantly higher test scores than their siblings in their childhood; rainfall during
infancy is relevant to cognitive ability as proxied by receptive vocabulary.
Shown in column 1 to 4 in Table 3, we regress ability in childhood on annual rainfall
from in utero to the first three years of child life respectively. We find that only the
annual rainfall during 0 to 12 months of life and 13 to 24 months of life are significant.
Therefore, we constructed an IV using the average rainfall during 0 to 24 months of life
and report the result in column 5. The estimate is positive and statistically significant,
with a t statistic of 5.50, suggesting that an increase of one standard deviation in rainfall
during the first two years of life is correlated with an increase of 15.1% of one standard
deviation in cognitive ability in early childhood. In column 5, when we include both the
rainfall during the first year and the second year of life as IVs into the IV-FE model,
both of the estimates are positive and statistically significant.
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With regards to the underidentification tests15 , the p-values for the specifications of 2,
3, 5, and 6 all rejects the hypothesis that the IV models are underidentified respectively,
while the p-values for specifications 1 and 4 could not reject hypothesis that the model
is underidentified, suggesting that the IV models are likely to be underidentified using
either rainfall in utero (column 1) or rainfall in the third year of life (column 4) as the
excluded instrument variable. Therefore, in the following, we focus on the four IV-FE
models: Three of them are single IV models using rainfall from 0 to 12 months, rainfall
from 12 to 24 months, and average rainfall from 0 to 24 month; The last one is a two-IV
model using both rainfall from 0 to 12 months and from 12 to 24 months.
We further examine the validity of the IVs by conducting a battery of weak identification tests. Noting that the traditional Cragg-Donald weak instrument test applies to
the case of i.i.d. data only, we report a robust weak instrument test by Olea & Pflueger
(2013) which gives valid test statistics- Montiel-Plueger (M-P) effective F statistics and
Montiel-Plueger critical values- in the existence of heteroskedasticity at 95% confidence
level.16 Although the robust M-P effective F statistics in the specifications 2 and 3, which
are 22.394 and 21.374, satisfy the “rule of thumb” recommended by Staiger et al. (1997),
when comparing them with the robust critical values given by M-P test, we notice that
there is a 5% chance that the bias in the IV estimator is 20% of the worst case possible.17
However, when we use average rainfall between the age of 0 to 24 months as the
excluded instrument, the robust weak instrument test suggests that this IV is reasonably
strong. In column 5 in Table 3, the robust M-P effective F statistic is 29.625, which is
above the robust M-P critical value for a maximum IV bias of 10%. Additionally, the
combined set of instruments in column 6 are also stronger than the ones in column 2 and
3, as its M-P F statistic is 15.005 which is higher than the critical value for a maximum
IV bias of 5%.
To conclude, the single instrument of average rainfall at the age from 0 to 24 months
and combined set of instruments of rainfall at the age from 0 to 24 months are respectively relevant, implying the second-stage inferences will be valid and point estimates
are only likely to include a relative bias lower than 10% at 95% confidence level. These
results could also serve as a supplement to the studies investigating whether some periods
during the critical developmental period are more important. We find that children are
particularly vulnerable at the age of 0 to 24 months in developing cognitive ability in
Ethiopia, which is consistent with the findings of Maccini & Yang (2009), though Dercon
& Porter (2014) find children exposed to famine at the age of 12 to 36 months are shorter
than their peers in Ethiopia. In Table A1, we show IV redundancy test of a specified
15

The underidentification test is an LM version of the Kleibergen & Paap (2006), which allows for
non-i.i.d. errors.
16
We use weakivtest programmed in Stata by Pflueger & Wang (2015). The Montiel-Plueger effective
F statistics are very close to the built-in Kleibergen-Paap rk Wald F statistics in the program xtivreg2
wrtten by Schaffer et al. (2015). However, the robust critical values of the latter are not provided. Thus
we use the Montiel-Plueger critical values as thresholds in order to report the bias.
17
This result is consistent with the recent paper of Kovandzic et al. (2016), which shows that a F
statistics satisfying “rule of thumb” (larger than 10) could not guarantee a valid instrument in the case
of non-i.i.d. data.
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IV, which supports the hypothesis that rainfall at the age from 0 to 24 months are not
redundant.
5.2.2

IV-FE Models: Second-stage Results

Our main estimation results are presented in Table 4, where the second-stage estimations using four IV models selected from above are presented. Across the four IV-FE
models, the point estimates18 are significantly negative, suggesting a compensating behaviour when parents observe their child to be under developed. Particularly, remembering that the preferred IVs used in specification 5 and 6 in Table 3, whose corresponding
results are shown in column 3 and 4 in Table 4, are relatively more relevant, the point
estimates of these two specifications are very close (-0.063 and -0.064). It suggests that
an increase in cognitive ability of one standard deviation decreases cognitive resources
by 6.3%-6.4% of a standard deviation.19
The confidence intervals given by a set of weak identification tests 20 are negative.
Specifically, the Anderson-Rubin test (AR) gives negative confidence sets of estimated β
that is robust to potential bias introduced by weak instruments gives negative confidence
intervals at 90% confidence level. Among all, the AR confidence intervals given by
specification 3 is the narrowest, which is [-0.114, -0.025] at 90% confidence level. In the
two-IV model, all of the AR, Moreira CLR, K, and K-J tests give negative confidence
sets. The J test rejection probability is low everywhere except perhaps for very high
values of β, suggesting that the instruments are exogenous. The graph of these weak IV
tests could be found in the Figure 5. Both the point estimates and confidence intervals
given by the weak identification tests suggest that parents compensate for the low-ability
children.
To erase the concern of our proposed IV being not exactly exogenous, we further
exploit a newly developed estimator by Conley et al. (2012), which is robust even if the
IV is imperfect, i.e., the excluded instrument is directly correlated with the dependent
variable.21 Specifically, one might worry that the rainfall in infancy might have a direct
and positive impact on parental investment, although we argue that the rainfall shock is
idiosyncratic and its impact on household income is only contemporaneous. To generate
a robust estimate under this prior, we allow departures from the assumption of strict
exogeneity of rainfall so that rainfall could have a positive and direct impact on parental
investment. However, the confidence set of estimated β, [-0.278, -0.013] 95% confidence
interval, still does not contain zero and is negative, under the assumption of a direct
positive impact of rainfall in infancy on parental investment in childhood.
We compare our results with others using the IV-FE approach to examine parental
responses. We noted some limitations of Frijters et al. (2013) handedness instrument
earlier. In addition, the traditional Cragg-Donald F statistic of 12.32 under the assump18

The IV-FE point estimates are given by xtivreg2 programmed by Schaffer et al. (2015).
The mean of the total educational fees is 142.61 Birr.
20
The AR, Moreira CLR, K, J and K-J confidence intervals are given by weakiv, programmed by
Finlay et al. (2016).
21
We use plausexog programmed in Stata by Clarke et al. (2017).
19
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Table 2: Preliminary regression models:

OLS

OLS

FE

(1)

(2)

(3)

0.036

0.009

-0.000

(0.024)

(0.021)

(0.004)

Observations

1176

1176

1176

Child-level controls

Yes

Yes

Yes

Community fixed-effects

-

Yes

Yes

Sibling fixed-effects

-

-

Yes

Dependent Variable:
Total educational fees
Cognitive Ability

Note: Robust standard errors are in parentheses. ∗ p < 0.10, ∗∗
p < 0.05, ∗∗∗ p < 0.01. The dependent variable is total educational
fees. Children controls are age, maternal age at birth, the type of
school, birth order, birth year, and the type of sibling (such as born
as an older sister and paired with a younger brother).

tion of an i.i.d. error, only satisfies the “rule of thumb” marginally, and arguably fails to
provide strong evidence that handedness is a valid instrument to identify child’s ability.
On the contrary, Leight (2017)’s grain yield instrument is robust to the existence of weak
instrument using p value from an AR test.
More generally, our finding of a strong negative relationship between cognitive ability
and cognitive resources is consistent with a number of studies finding that parents prefer
inequality aversion (Behrman 1988, Bharadwaj et al. 2018, Rosenzweig & Wolpin 1988,
Del Bono et al. 2012, Frijters et al. 2009, Halla et al. 2014, Leight 2017, Yi et al. 2015).
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Table 3: First stage regressions: Results and tests of underidentification and weak identification
Cognitive Ability

(1)

Rainfall in Utero

-0.044
(0.028)
[0.029]

Rainfall at Birth

(2)

(3)

(4)

(5)

0.099
(0.021)***
[0.026]***

Rainfall in Year 1

0.070
(0.024)***
[0.029]**
0.085
(0.033)***
[0.050]*

0.135
(0.029)***
[0.043]***

Rainfall in Year 2

(6)

0.042
(0.037)
[0.028]
0.151
(0.027)***
[0.034]***
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Average Rain at Birth and Year 1

Underidentification test:
χ(1)2 = 2.406 χ(1)2 = 21.584 χ(1)2 = 21.050 χ(1)2 = 1.271 χ(1)2 = 27.511 χ(2)2 = 27.748
p value
0.121
0.000
0.000
0.260
0.000
0.000
Weak instrument test:
Montiel-Pflueger effective F stat
2.326
22.392
21.374
1.228
29.625
15.005
Montiel-Pflueger critical values:
5% of worst case bias
37.418
37.418
37.418
37.418
37.418
5.963
10% of worst case bias
23.109
23.109
23.109
23.109
23.109
4.639
20% of worst case bias
15.062
15.062
15.062
15.062
15.062
3.878
Observations

1176

1176

1176

1176

1176

1176

Note: These are within-household fixed effects estimates. Robust standard errors are in parentheses. Clustered standard errors by community
are in brackets. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Children controls are included in the regression analysis, such as age, maternal age at
birth, the type of school, birth order, birth year, and the type of sibling. Both the underidentification test and weak instrument test are robust to
heteroskedasticity. The Montiel-Pflueger (MP) F statistics are very similar to Kleibergen-Paap rk Wald F statistics in weak instrument test. The
MP weak instrument test offers valid critical values and tests’ statistics at the absence of assumption of the i.i.d. data.

Table 4: IV-FE Regression models of cognitive ability and total educational fees:
IV-FE

Dependent Variable:
Total educational fees

Cognitive ability

Instruments:
Rainfall
at birth
(1)
-0.057
(0.028)**
[0.032]*

Instruments:
Instruments:
Instruments:
Rainfall
Average rainfall
Rainfall at birth &
in year 1
in first two years of life rainfall in year 1
(2)
-0.073
(0.028)***
[0.036]**
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Anderson-Rubin (AR) test [-0.114, -0.016] [-0.131, -0.033]
Moreira CLR test
K test
J test
K-J test
Observations
Nr. Excluded Instruments
Child-level controls
Siblings fixed-effects

1176
1
Yes
Yes

1176
1
Yes
Yes

(3)
-0.063
(0.026)**
[0.031]**

(4)
-0.064
(0.025)**
[0.031]**

[-0.114, -0.025]
-

[-0.135, -0.023]
[-0.119, -0.031]
[-0.118, -0.031]
entire grid
[-0.122, -0.029]

1176
1
Yes
Yes

1176
2
Yes
Yes

Note: Robust standard errors are in parentheses, followed by the clustered by community standard errors which are in
the brackets. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. The dependent variable is the standardised total educational fees.
Children controls are age, maternal age at birth, the type of school, birth order, birth year, and the type of sibling (such
as born as an older sister and paired with a younger brother). The AR test, CLR test, K test, J test and K-J test are
all robust to heteroskedasticity. All the tests give confidence intervals at 90% confidence level. The AR test and K-J
test are a joint test of the structural parameter β and the exogeneity of the instruments. It corrects size in cases where
instruments are weak. Moreira CLR test is a more powerful test when the model is over-identified and weak exogeneity
of excluded instrument is satisfied. The J test is like the Hansen J test of weak exogeneity, giving a confidence set where
all values of β that are consistent with the assumption of weak exogeneity of instrument variables.

Figure 5: Weak identification robust inference

5.3

Heterogeneity of parental responses to children’s early ability

After studying the parental response at an aggregate level, we now explore heterogeneities in responses by stratifying the sample using maternal education, household
size and wealth, following the existing literature on this topic for more developed countries than Ethiopia (Cabrera-Hernandez 2016, Hsin 2012, Grätz & Torche 2016, Restrepo
2016).
Splitting the sample according to endogeneous characteristics is not an ideal solution,
and we therefore interpret our results with some cautions. However, Christian & Barrett
(2017) recently provided convincing evidence that the obvious alternative – interaction of
exogenous IV with endogenous covariate – is also not a viable solution. This method has
a high likelihood of providing spurious results due to endogeneity concerns. In particular,
they question the assumption (using the example of food aid and conflict) that conditional
on the controls, the error term is independent of the interaction of the instrument and
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Table 5: IV-FE model of the effects of cognitive ability on total educational fees:
potential heterogeneity effect by SES
Maternal Education

Cognitive Ability
Observations
MP effective F stat

All
(1)
-0.063∗∗
(0.026)
1176
29.625

No
(2)
-0.020 ∗∗
(0.008)
596
14.286

Note: Robust standard errors in parentheses.

∗

Yes
(3)
-0.097∗∗
(0.047)
580
15.135
p < 0.10,

∗∗

Household Size
Large
(4)
-0.083
(0.051)
534
12.190

p < 0.05,

∗∗∗

Small
(5)
-0.067∗∗
(0.030)
642
12.929

Family Wealth
Low
(6)
-0.024 ∗∗
(0.012)
610
12.516

High
(7)
-0.116∗∗
(0.055)
566
16.293

p < 0.01.

Same model is used as the main model. The IV is the average rainfall in the first two years of life.

the exposure variable and show that this holds only if either the exposure variable is
uncorrelated with the error term or the correlation is constant across time or space. We
expect especially that the latter point may not be true for our sample.
Table 5 shows that the association between early ability and later cognitive resources
does vary by family socioeconomic standing (Models 2-7). Specifically, high-SES parents
provide more cognitive stimulation to their low-ability child, whereas low-SES parents
compensate less cognitive investment in ability between their children. This heterogeneous variation in parental responses across SES is consistent using three indicators of
socioeconomic standing (maternal education, household size and family wealth). We
therefore split the sample across the household characteristics, at the median for household size and family wealth, and by mother’s education (binary - any or none). We should
emphasise that the Young Lives sample are already a “pro-poor” sample from communities that are relatively poor, in a country that is poor by global standards (Outes-Leon
& Sanchez 2008).
Table 5 shows that among better-off parents (educated mothers, small household or
high family wealth), a one standard deviation increase in ability leads to 6.7% to 11.6%
of a standard deviation decrease in total educational fees, while worse-off parents only
compensate 2.0% to 2.4% of a standard deviation more educational investment to the
low-ability child. Using a sibling FE model, Hsin (2012), Restrepo (2016) suggesting
a compensating effect among high-educated mothers by providing more time and more
cognitive and emotional stimulations to the low-birth-weight children in the USA. Specifically, Hsin (2012) finds that the compensating effects observed among highly educated
mothers are substantially larger than the reinforcing effects among the least-educated
mothers. The result is also consistent with Cabrera-Hernandez (2016) which uses a sibling FE model and finds out higher-educated mothers compensate expenditure in school
for the low-birth-weight outcome in Mexican. However, Grätz & Torche (2016) uses a
twin FE model and finds that advantaged families provide more cognitive stimulation to
higher-ability children, and lower-class parents do not respond to ability differences in
the USA.
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An unanswered question based on the existing findings is that whether the heterogeneous result by maternal education is caused by the difference in wealth, in differential
preferences for compensation, or ability to observe a difference in the cognitive outcomes
of the siblings. Figure 6 shows that on average, mothers with education are generally
better off in terms of wealth, implying that educated mothers might have a higher ability to compensate disadvantaged children, simply because they have sufficient financial
resources. To examine this, we regress total educational fees on height-for-age z-scores
(HAZ). These are normally used for measuring child health, but also are arguably more
easy to observe, to show whether the results are consistent. Surprisingly, shown by Table A4 Model 6, non-educated mothers demonstrate a relatively strong compensating
behaviour, with an estimate of −0.024 at 95% confidence level, while the coefficient of
the model for educated mothers is smaller but statistically non-significant. This result,
combining the one in Table 5, is tentative evidence that the uneducated mothers are able
to better observe height differential than cognitive differential, and they could attempt
to compensate once they recognise their children are worse off, despite their lower wealth
level.

Figure 6: Household wealth index across maternal education, 2013

5.4

Robustness check

We now present some additional robustness tests. First, we restrict the sibling-pairs
to have an age gap larger than two years, i.e., the older sibling should be born at least
three years earlier than the younger one, in order to keep rainfall at age of 0 to 24
months completely separate. The restricted sample has 678 observations. In Row 1
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Table 6: Robustness regression models
First-stage:
Effect of average rainfall
from 0-24 months on ability

Second-stage:
Effect of ability
on resources
-0.043***
( 0.016)
[-0.081,-0.015]
-0.079**
(0.032)
[-0.167,-0.024]
-0.047**
(0.019)
[-0.093,-0.013]
-0.108***
(0.040)
[-0.187, -0.048]
-0.282***
(0.084)
[-0.456,-0.163]
-113.049**
( 51.846)
[ -283.780, -51.011]

Model Variations

Obs

(1) Restricted sample

678

0.184***
(0.033)

(2) Only control for age

1176

0.122***
(0.026)

(3) Cognitive ability standardised by age

1176

0 .206***
(0.035)

(4) Private tuition fees

1176

0.151***
(0.028)

(5) Having private tuition (dv)

1176

0.151***
(0.028)

(6) Add factor variables of grade as controls 1176

0.085***
(0.030)

(7) Rainfall on consumer index

-0.002
( 0.009)

1176

Note: Model 1, 2 , 3, 4, 5 and 6 use the same IV-FE model as the one for the main result in Table 4, while the IV
used is the average rainfall during the first two years of life. Model 7 uses cross-section OLS estimation. Robust
standard errors in parentheses. The weak IV robust AR confidence intervals are in the brackets. ∗ p < 0.10, ∗∗
p < 0.05, ∗∗∗ p < 0.01. Row 1 uses a sub-sample which contains the sibling-pairs which have an age gap larger
than 2 years. Row 2 removes all the covariates displayed in Table 4 apart from age. Row 3 uses cognitive ability
standardised by age as independent variable. Row 4 uses private tuition fees as dependent variable. Row 5 uses
whether the child receives private tuition as the outcome variable. Row 6 includes a series of factor variables of
grade as controls. Row 7 is the OLS estimation regressing consumer durable index on the average rainfall from 0
to 24 months.
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of Table 6, the first-stage estimate equals 0.184 (t=5.56), which is only slightly larger
than the one of full sample presented in Table 3. The full diagnostics of the first stage
using restricted sample is shown by Table A2. The second-stage estimate equals -0.043
(z=2.77), larger than the one in full sample which equals -0.063. However, it is consistent
with previous result that parents compensate for the disadvantaged children by offering
higher educational resources to them.
Next, we re-estimate our model without the covariates (i.e., maternal age, the type of
school, birth order, birth year and the type of sibling), only controlling for age. Row 2 in
Table 6 shows that we find a similar result: the IV-FE estimate equals -0.079 (z=2.47).
This result provides extra support for our assumption that rainfall is exogenously determined because it shows that our estimate is not conditional on the set of control variable
included in the model.
Then we investigate of the robustness of our results to our definition of cognitive
ability by replacing it with a standardised cognitive ability by age cohort. We standardise
the PPVT scores using the child’s age and get similar result: the IV-FE estimate equals
-0.047 (z=2.49), shown by Row 3. The full analysis is shown by Table A3.
In Row 4, we also provide the analysis using only the private tuition fees as the
dependent variable and find consistent results. When parents observe an increase of one
standard deviation in ability, they reduce private tuition fees by 10.8% of a standard
deviation.
Next we investigate whether the likelihood to take private tuition is contingent upon
cognitive ability, using a dummy variable of taking private tuition as the dependent
variable. Shown by Row 5, the result suggests a compensating behaviour of parents:
the probability of offering private tuition to a child will increase by 28.2% if the child is
under developed by one standard deviation in cognitive ability, where the standard error
is 51.846.
In the main model, we do not include grade levels as control variables in order to
avoid the issue of “bad controls ”, since the grade level is highly likely to be correlated
with the cognitive ability. However, recognising that the school fees vary by grade level
(UNICEF et al. 2009)22 , we provide a suggestive result from the model which adds a
series of factor variables of the grade level to see how the result changes accordingly.
Ceteris paribus, an increase of one standard deviation in ability will reduce 113 standard
deviations in total educational fees.
Last, we regress the consumer durable index in Round 4 on rainfall in early life and
find no significant effect (t=0.27), implying that rainfall shocks in early life do not have
persistent impact on consumption pattern of the household in the later life of children.
It supports our assumption that rainfall in early life does not affect parental investment
in later life through a direct mechanism.

22

The school fees increase gradually along with the grade level, regardless of the abolition of the
school fees (UNICEF et al. 2009).
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6

Conclusion

We find that for a sample of poor Ethiopian households, on average parental investment compensates weakly for a low ability outcome. We use an instrumental variable
approach combined with panel data and a sibling fixed-effects model to provide robust
evidence. This is of policy relevance since the results suggest that detrimental effects
of early life shocks might be mediated or muted by parental responses and hence the
biological effects of early nutritional shocks might be larger than policy-makers observe.
In addition, it complements the literature studying reduced-form estimates of the total
effect of an early life shock or adverse event on final adult health in Ethiopia (e.g., Dercon
& Porter (2014)).
This finding is in line with results from some previous studies reporting compensating
parental behaviour (Behrman 1988, Bharadwaj et al. 2018, Rosenzweig & Wolpin 1988,
Del Bono et al. 2012, Frijters et al. 2009, Halla et al. 2014, Leight 2017, Yi et al. 2015). It
is also consistent with the intrafamily resource allocation model introduced by Behrman
et al. (1982), suggesting parents favour equity over efficiency.
However, we have indicative evidence that this effect varies across family SES. Relatively advantaged parents provide more cognitive investment to lower-ability children,
and lower-class families neither compensate nor reinforce a low-ability outcome. The
finding is consistent across all measures of parental socioeconomic advantage (maternal
education, household wealth and household size). Consistent with prior findings, mothers
with higher education compensate for lower-endowed children (Cabrera-Hernandez 2016,
Hsin 2012, Restrepo 2016).
Our results therefore complement the literature which studies whether the effect of
shocks to early ability can be eliminated or mitigated through investments, that themselves depend on family socioeconomic status. Most studies have found that compared
with the low-ability child born in higher-class families, the low-ability child born in lowerclass families has worse outcomes in adulthood. One hypothesis of the results in the literature is that parental involvement plays a role in reinforcing the poor ability outcome.
Specifically, higher-class parents compensate for the differences in ability, or at least are
not reinforcing the differences. Our results support the hypothesis that parental investment varies by family SES, even in a context of low-income by international standards.
What is difficult to disentangle, given the high correlation between SES as measured
by wealth, and by parental education, is to differentiate whether high-SES parents are
more able to observe the difference in ability; more able to compensate for the difference;
or both of these. Our suggestive evidence is that the former is a potentially important
channel, and more work on this issue is needed where suitable data can be collected.
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Table A1: Redundancy tests: Cognitive ability and cognitive resources
Dependent Variable:

IV-FE

Total educational fees

Cognitive ability
Anderson-Rubin (AR) test:
Confidence intervals at 95%:
Weak identification test:
Cragg-Donald Wald F stat
Moutiel-Pflueger effective F stat
Stock-Yogo weak ID test critical values:
10% maximal IV size
20% maximal IV size
Moutiel-Pflueger critical values:
5% of worst case bias
10% of worst case bias
20% of worst case bias
IV redundancy test:
Redundancy of rainfall in utero p-val
Redundancy of rainfall at birth p-val
Redundancy of rainfall in year 1 p-val
Redundancy of rainfall in year 2 p-val
Observations
Nr. Excluded Instruments
Siblings-difference
Child-level controls

Instruments:
Rainfall from in utero
to year 2

Instruments:
Rainfall at birth
& in year 1

-0.057**
(0.025)

-0.064**
(0.025)

[-0.169,-0.008]

[-0.150, -0.015]

7.907
8.680

14.411
14.985

10.27
6.71

19.93
11.59

21.399
12.909
8.274

20.091
12.645
8.479

0.6026
0.001
0.0155
0.0542

0.0033
0.0093
-

1176
4
Yes
Yes

1176
2
Yes
Yes

Note: Robust standard errors in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Children controls
are age, maternal age at birth, the type of school, birth order, birth year, and the type of sibling
(such as born as an older sister and paired with a younger brother). IV redundancy test is a LM test
of a specified instrument, asking whether this instrument provides useful information to identify the
equation. Rejecting the null suggests that the specified instrument does not capture information of
the endogenous variable.
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Table A2: Robustness check of first stage results using restricted sample
Cognitive Ability

(1)

Rainfall in Utero

0.019
(0.046)

Rainfall at Birth

(2)

(3)

(4)

0.125***
(0.026)

Rainfall in Year 1

-0.045
(0.052)

Average Rain at Birth and in Year 1

36

Siblings-difference
Child-level controls
Observations
R-squared

(6)

0.083**
(0.035)
0.109**
(0.053)

0.195***
(0.039)

Rainfall in Year 2

Underidentification test:
p value
Weak instrument test:
Cragg-Donald Wald F stat
Montiel-Pflueger effective F stat
Stock-Yogo critical values:
10% maximal IV size
15% maximal IV size
Montiel-Pflueger critical values:
5% of worst case bias
10% of worst case bias
20% of worst case bias

(5)

0.184***
(0.032)
χ(1)2 = 1.433
0.231

χ(1)2 = 25.818
0.000

χ(1)2 = 21.140
0.000

χ(1)2 = 0.296
0.587

χ(1)2 = 31.365
0.000

χ(2)2 = 31.378
0.000

1.156
1.381

26.713
27.319

20.962
21.959

0.254
0.285

33.071
34.292

16.508
17.130

16.38
8.96

16.38
8.96

16.38
8.96

16.38
8.96

16.38
8.96

19.93
11.59

37.418
23.109
15.062

37.418
23.109
15.062

37.418
23.109
15.062

37.418
23.109
15.062

37.418
23.109
15.062

5.963
4.639
3.878

Y
Y
678
0.770

Y
Y
678
0.785

Y
Y
678
0.784

Y
Y
678
0.770

Y
Y
678
0.788

Y
Y
678
0.788

Note: These are within-household fixed effects estimates. Robust standard errors in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. This sub-sample
contains the sibling-pairs which have an age gap larger than 2 years. Children controls are age, maternal age at birth, the type of school, birth order, birth
year, and the type of sibling (such as born as an older sister and paired with a younger brother).

Table A3: Robustness check: Regression models of cognitive ability standardised by age and total educational fees
Dependent Variable: Total educational fees
IV-FE
OLS

37

Cognitive ability
standardised by age
Anderson-Rubin (AR) test:
Observations
Nr. Excluded Instruments
Siblings-difference
Child-level controls

FE

(1)
(2)
0.037* -0.001
(0.020) (0.003)
-

-

1176
Yes

1176
Yes
Yes

Instruments: Instruments:
Instruments:
Instruments:
Rainfall
Rainfall
Average rainfall
Rainfall at birth &
at birth
in year 1
in first two years of life rainfall in year 1
(3)
-0.043**
(0.020)

(4)
-0.055**
(0.022)

[-0.092,-.007] [-0.115,-0.017]
1176
1
Yes
Yes

1176
1
Yes
Yes

(5)
-0.047**
(0.019)

(6)
-0.047**
(0.019)

[-0.093,-0.013]

[-0.108,-0.008]

1176
1
Yes
Yes

1176
2
Yes
Yes

Note: Robust standard errors in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. The interest variable is PPVT score standardised
by age. The dependent variable is total educational fees. Children controls are maternal age at birth, the type of school, birth order,
birth year, and the type of sibling (such as born as an older sister and paired with a younger brother).

Table A4: IV-FE model of the effects of height-for-age z-scores (HAZ) on total educational fees: potential heterogeneity effect by maternal education
Dependent Variable:
Total educational fees
HAZ
Child-level controls
Observations
Weak IV KP F statistics

All
(1)
-0.035**
(0.017)
1030
24.575

(2)
-0.097
(0.059)
Yes
1030
4.339

Educated mothers

Non-educated mothers

(3)
-0.041
(0.026)
526
14.517

(5)
-0.024**
(0.012)
504
10.21

(4)
-0.313
(0.493)
Yes
526
0.38

(6)
-0.031
(0.022)
Yes
504
2.977

Note: Robust standard errors in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. The interest variable
is HAZ. Same model is used as the main model. The IV is the average rainfall in the first two years of life.
Child-level controls are maternal age at birth, the type of school, birth order, birthyear, and the type of sibling
(such as born as an older sister and paired with a younger brother)
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