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THE FORMATION AND EVOLUTION OF CHILDHOOD SKILL ACQUISITION: EVIDENCE FROM INDIA



Abstract

Building on recent advances in the literature and using a rich data set for two cohorts of
children aged between one and twelve for Andhra Pradesh, India, we investigate the
determinants of children's cognitive as well as non-cognitive skills. We find evidence of self-
productivity for cognitive skills and cross-productivity effects from cognitive on non-cognitive
skills. Moreover, we demonstrate that parental investment has contemporaneously powerful
positive effects on skill levels for all age groups. Investigating other determinants of these
skills, we find child health at age one to influence cognitive abilities at age five, whilst child
health at age one is influenced by parental care already during pregnancy and earliest
childhood. Understanding the determinants which account explicitly for the effects of a large
number of child, caregiver and household characteristics provides insights with regard to
possible policy interventions to improve the chances of children in poor environments of
developing cognitive and non-cognitive skills crucial for success in many spheres of life.
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1 Introduction

The investigation of the determinants of a child’s socio-economic success in later life
has traditionally focused on schooling. A large body of literature in psychology and
more recently also in economics, however, argues that the true determinants of a child’s
success in life are formed already during early childhood. Heckman et al. (2006) have
shown that for this reason, school quality and resources devoted to students are only
effective in as much as they remedy (to a limited extent) deficits in ability caused in
earlier childhood. In explaining school and professional success much emphasis has
been put on the analysis of the importance of cognitive skills (Heckman, 1995). The
psychometric literature (e.g., Heckman and Rubinstein, 2001; Cunha and Heckman,
2008), however, has shown that non-cognitive abilities, such as motivation, persever-
ance, risk aversion, self-control etc., also play an important role in setting the course

for a successful later life beyond childhood.

The early economic analysis of child development (Becker and Tomes, 1986) as-
sumed that childhood consisted of a single homogeneous phase. Psychological research
(e.g., Thompson and Nelson, 2001) demonstrated that child development is comprised
of multiple stages. A child develops cognitive and non-cognitive skills through differ-
ent stages during childhood. She acquires cognitive skills very early in life, beginning
already in the womb. The development of cognitive skills, for example IQ, is mostly
completed by age eight to ten. While the development of non-cognitive skills also starts
early in life and is equally affected by a child’s environment, these skills remain mal-
leable later in life (Carneiro, Cunha and Heckman, 2003). Importantly, these cognitive
and non-cognitive skills interact and reinforce each other, characteristics termed self-

and cross-productivity (Carneiro et al., 2003).

There are two main influences shaping a child’s abilities during this multistage de-
velopment process: a child’s genetic endowment as well as inputs received from the
outside world, including family and the wider environment children are born into.
Many studies highlight the importance of genetic variance in determining child devel-
opment. By examining behavioural patterns of adopted children vis-a-vis their siblings
(Scarr and Richard, 1983; Teasdale and Owen, 1985), as well as those between a pair of
monozygotic and dizygotic twins (Wilson, 1983), the research has focused on establish-
ing that siblings with uncorrelated genetic structure do not resemble each other in any
measured talents. Thus while family and home environment contexts may have com-
mon influences in fostering child development, these environments can be construed in
different ways by children based on their genome structure. Nonetheless, these studies

highlight how family and environment play a crucial role in child development over



the child’s early periods. Scarr and Weinberg (1983) find, from a sample of transra-
cial families, that young siblings (black/interracial adoptees compared to their natural
brothers/sisters) are intellectually similar, hence concluding that younger children are
more influenced by differences within their family environment.! While the genetic en-
dowment is given, a child’s genetic expression is nevertheless influenced by the child’s
environment (Turkheimer et al., 2003). Emerging research by geneticists show that
environmental factors may cause genes to express themselves differently. This effect,
traditionally termed as ‘epigentics’, reveals that many behaviour patterns of genes can
be altered by life cycle experiences (Hunter, 2008). Regarding inputs from outside,
Carneiro and Heckman (2003) have shown that the principal source of influence are a
child’s parents. Hence, a child’s abilities can be produced and modified through outside
influences over the different stages of childhood and even to some extent in later adult
life. This implies that inputs and environmental factors have different effects during
these different development stages. In addition, inputs are cumulative in nature, a
characteristic labeled dynamic complementarity (Carneiro et al., 2003). This, in turn,
implies that early investments must be followed up by investments during later stages
in life to render early investments more effective (Currie and Thomas, 1995). It also
means that deficiencies, above all in cognitive skills, caused early in life are hard to
remedy and the later remediation occurs, the less effective it is (O’Conner et al., 2004).
Hence, while for some skills late remediation is nevertheless possible, it would be more
efficient to avoid the emergence of these deficiencies early in life (Cunha and Heckman,
2006).

These findings about the development process of a child’s abilities are important
as Cunha et al. (2006) have found that children diverge very quickly in terms of their
development of cognitive as well as non-cognitive skills according to the input received
during the sensitive phases of early childhood. This has substantial and far-reaching
implications for a child’s later life given the large evidence on ability as a predictor
for school success, wages, crime involvement and other spheres of life (Heckman, 1995;
Heckman et al., 2006). We also know that returns to schooling and job training are
lower for individuals with lower skill levels (Carneiro and Heckman, 2003), which jus-
tifies early intervention on efficiency grounds as high returns may be expected from

remediation for disadvantaged children (Blau and Currie, 2006).

So far, the bulk of this research has been undertaken in industrialised countries.

Little is known about the potentially enormous implications of these findings in the

‘A major reason for the greater resemblance [...] is that families have greater effects on their
younger than older children’ (Scarr, p. 11: 1992).



developing country context (Grantham-McGregor et al., 2007). In most developing
countries school quality is despicably low, and while demand for schooling from house-
holds may be reflected as quite high in terms of school enrolments, it has been well
documented that the achievement levels of children especially in rural schools still con-
tinues to lag (Gonzalez et al., 2004). In order to improve school performance and a
child’s chances of succeeding in later life, the literature discussed gives strong reason
to shift focus from schooling towards other factors influencing a child’s development
of cognitive and non-cognitive traits during early childhood. Whether a child is ready
for and achieves progress in school depends to a large extent on the child’s cognitive
attainment level, but also hinges to a non-negligible extent on her social and emotional
development, a component mostly forgotten in the developing country context. In a
recent study, Grantham-McGregor et al. (2007) find that both poverty and bad home
environment condition result in child stuntedness hampering early child development.
The authors go on to show how these early childhood disadvantages affect later period
skill development: children who are stunted at early stages tend to perform poorly later
on at school. Taking this analysis further, Walker et al. (2007) chart out channels that
are most likely to affect early childhood development, leading to child stuntedness. Im-
portant factors, include what the authors term ‘Psycho-social Risk Factors’ (PRF) and
childhood poverty. The authors describe PRF as a combination of parenting factors
(child-learning opportunities, caregiver sensitivity), and contextual factors (maternal
depression and exposure to violence). Hence, high PRF and childhood poverty can
lead to childhood stuntedness which subsequently leads to adverse cognitive and non-
cognitive skill acquisition outcomes. A previous analysis using the first round of data of
the “Young Lives’ survey in India’s state of Andhra Pradesh for eight-year-old children
by Galab et. al. (2006) found that girls lagged in achievement compared to boys, chil-
dren of uneducated parents are at a disadvantage, and more importantly, that there is a
clear interplay between school and home. The authors assert that while it may be that
child learning is determined at school, home environment remains crucial in fostering
child achievement. They argue that children tend to perform better on literacy and
numeracy tasks if parents place high value on schooling (therefore investing more in

their child’s education) and actively support/help their children at home.

Despite these recent advances in the literature, little is known as to how a child’s
cognitive and non-cognitive skills interact and how a child’s environment, including
family, affects cognitive as well as non-cognitive development in a developing country
context. Moreover, while the economic literature on child development advanced by
Heckman, Cunha and co-authors has emphasised the interplay between cognitive and

non-cognitive skills and inputs stemming from a child’s environment, the impact of so-



cial networks has been largely neglected so far. However, the literature on developing
countries has shown the importance of social networks for poor households in coping

with common adversities (Fafchamps and Gubert, 2006).

The objective of our analysis is therefore to investigate determinants of a child’s
development of cognitive and non-cognitive skills over various phases of childhood,
paying particular attention to self- and cross-productivity effects within a developing
country context. Self-productivity refers to any effect of past periods’ cognitive/non-
cognitive skills on the current period’s cognitive/non-cognitive skills respectively, while
cross-productivity refers to any effect of past periods’ cognitive/non-cognitive skills on
current period non-cognitive/cognitive skills. For this purpose, we estimate a Linear
Structural Relations (LISREL) model which allows us to estimate latent cognitive and
non-cognitive skill levels as well as parental investment and to link these variables
to observed child, parental and household characteristics. Building on Cunha and
Heckman (2007), we specifically examine the dynamics of both cognitive and non-
cognitive skills as well as their interplay over time. In Section 2, we discuss in detail
our methodology for the skill acquisition model. Section 3 describes the data used for
our empirical investigation, while Section 4 lays out its estimation procedure. Section

5 presents our results and findings. Section 6 concludes.

2 Methodology

Our main interest lies in investigating the various determinants of skill formation with
a particular focus on the effects of a child’s past cognitive and non-cognitive skill levels
in determining current levels of the same. This includes self-productivity as well as
cross-productivity effects. In order to achieve this, we follow Cunha and Heckman
(2008) in writing a child’s skill level at age ¢ as a function of the child’s past level
of skills, current parental investment, and other contemporaneous variables including

child, caregiver, and household characteristics.

ek = f(ef—lv etI’Xt) (1)

where 6F denotes a child’s skill level of skill k for age ¢, with & € {C,N} and t €
{0,...,T}. 6 denotes parental investment at age ¢, and X; denotes a vector of child,
caregiver and household characteristics. Importantly, function (1) allows for self-
productivity, i.e., ¥ ; and GtC_ ; having an effect on 6 and 6 respectively, and cross-
productivity, i.e., 8 ;| and Gtc_ 1 having an effect on 6¢ and O respectively. In order to

take account of the genetic endowment with which a child is born, we assume that each



child is born with an individual initial set 6, = (05,60X). Tt is this initial set of skills
which introduces - in principle unobserved - heterogeneity across children.? Todd and
Wolpin (2006) propose to capture genetic endowment through a functional relationship

such as

H’ft = f(ezl?ﬁfl?&i[taXihﬂ’i) (2)

where i denotes individuals. Todd and Wolpin (2006) propose to take first differences
of a linear specification of (2) to eliminate p; where first differences of skill levels are in-
terpreted as value-added. Purging a linear specification of (2) through first-differences
relies on the fact that the expression of unobserved genetic endowment is constant
over time - which appears a rather strong assumption. The problem with value-added
specifications, as pointed out by Andrabi et. al. (2008), is that it fails to account
for the dynamic nature of achievement gains, wherein individual level heterogeneity
entering in each period interacts with the achievement level in the past period. Using
data from Pakistan, the authors find that value-added specification perform worse than
cross-sectional comparisons. But even if we could reasonably assume that the expres-
sion of child-specific genetic characteristics can be captured through a time-invariant
fixed effect, estimating first differences implies we would not be able to estimate the
effect of cumulative self-productivity and cross-productivity as we have data only for
two time periods for each cohort of children, ¢ and ¢ — 1. The approach proposed by
Cunha, Heckman and Navarro (2005) and Cunha and Heckman (2008) allows us to take
account of fixed effects through measurement equations estimating the latent variables.
In particular, parental investment, which is a choice variable and would be contempora-
neously correlated with the presence of p;, is treated as a latent variable and estimated
in the measurement model. Our control variables discussed above can all be regarded
as state variables and should therefore not be contemporaneously correlated with the
fixed effect. Also some controls serve, to an extent, as a proxy for unobserved child
heterogeneity with reference to the older cohort.? However, apart from children having

unobserved genetic characteristics, there also exist problems with unobservability of

2Note that there is an important distinction between heterogeneity and uncertainty caused by unob-
served genetic endowment. Heterogeneity refers to individuals making choices based on their knowledge
about their specific type whereas uncertainty refers to a situation where the type is unknown (Browning
and Carro, 2006). It appears, therefore, more appropriate to regard a child’s genetic endowment for
the one-year-old children in our data as causing uncertainty rather than heterogeneity.

3We use child anthropometries, specifically child height as one such control. In a recent study,
Weedon et al. (2007) establish that height is a typical ‘polygenic trait’. The study finds that common
variants in the HMGA2 oncogene were associated with height. As far as associations, the research
highlights that ‘up to 90% of the variation in height among most human populations can be attributed
to DNA’ (Weedon et. al., p. 2: 2007). Our variable representing a child’s own perception of her home
environment may also serve as a control for a child’s unobserved genetic expression as it is likely to be
correlated with parents’ response to child-specific characteristics.



important features of observed inputs. Probably most importantly, quality of parental
investment is unobserved. As noted by Waldfogel, ‘maternal sensitivity is the most im-
portant predictor of child social and emotional development’ (Waldfogel, p. 62: 2006),
which is unobserved.* To the extent that our observed measures for the latent variables

capture such unobservables, the measurement model mitigates this problem.

Given that we only have data for two moments in time for each cohort, our analysis
simplifies compared to that of Cunha and Heckman (2008). We are only able to estimate
a single transition, for initially one-year- and eight-year-old children to age five and

twelve respectively.” We therefore estimate a simple recursive system of equations:

o I 2
N =110, + Vi1 X1 + N (3a)
‘9t—1 Ct—l

of 0, ! tC
N =By N + Ftet + T Xy + N (Sb)
et et—l Ct

We make the assumptions that E(B) = 0, E(I') = 0, E(Y) = 0, Cov(B,T") = 0,
Cov(B,T) =0and Cou(Y,I') = 0. While system (3) is relatively straightforward to es-
timate under these assumptions due to its recursive structure, the main problem arises
from the fact that skills and parental investment are latent variables and have to be
estimated given available indicators through confirmatory factor analysis. More specif-
ically, given our objective to estimate (3), we are only interested in a single measure
for the respective latent variable and therefore employ a one-factor model. In general

terms, the one-factor model assumes the following form

»’Uﬁt = bfo,t + b?l,tef + u?,t (4)

where 2 represents observed measures of the latent variable with i = 1,...,m¥ denoting
the different available indicators for the specific latent variable; 6 is the factor for the
latent variable k with k¥ € {C, N, I} and u is an error term where 6 and u are unob-
served. b;; represents factor loadings and bfmt is a measure-specific intercept. In order
to estimate the model, we have to make several distributional assumptions. First, the

factor and the error term are uncorrelated and have an expected value of zero. Second,

4To some extent, as described in the data section later, our PRF variable captures such sensitivity as
the indicators used include variables proxying parental care exerted on the child, such as breast-feeding
or intensity of antenatal care. Unfortunately, we do not possess similar measures for five-, eight-, and
twelve-year-old children.

5We also have to assume that initial conditions are the same across children of the older cohort as
we do not have any information on their early childhood characteristics.

7



the errors are independent over time and across children. Thirdly, we assume that the
relationship between the factor and the observed variables is linear.® Finally, the scale
of the common factor is fixed by setting the first factor loading equal to one.” Equation
(4) is estimated using Maximum Likelihood. The factor score is then predicted as the

conditional mean of the latent variable given the observed variables.

The factor models for the latent skill variables are written in vector notation as

follows

Xi,ct—l = Aoip—1 + A%,t—19tc—1 + flcz‘,t—l (5a)
Xij,\z{,—l = Aoip—1 + A%,t—19tl\i1 + Eé\zf',t—l (5b)
Xft = Aoz + A%}tﬁtc + Eg;’t (5¢)
XN = Noig + A0 + by, (5d)

The factor models for the latent parental investment variables are

Xil,t—l = Aoig—1+ A{i,t—let[—l + 5il,t—1 (6a)
X/ = Noig + A 00 + 6], (6b)

We allow latent cognitive and non-cognitive skill variables for the same age of a
child to covary, and for parental investment indicators also across age. The covariance

matrix for 0 is therefore

o1
P21 P22
& — 0 0 ¢as (7)
0 0 a3 ou
0 0 0 0 ¢
0 0 0 0 96 966

In contrast, we set all off-diagonal elements of the variance-covariance matrix for

5Cunha, Heckman, and Schennach (2006) analyse the more general case of non-linear systems.

7 Alternatively, we could set the factor variance equal to one, which would result in an equivalent
model as restricting the first factor loading to one. However, the latter restriction appears to be
preferable from the point of view of factorial invariance (Rabe-Hesketh and Skrondal, 2004).



the errors of the factor models to zero, i.e., Cov(el,e)) = 0, Cov(ef,él ;) = 0 and
Cov(ef,ef_1) =0 for q,p € {C, N, I}, which leaves us with two diagonal matrices.

—_ =V =l =N

e _dzag(‘—‘t 1 =t—1s=¢ 7‘—'t ) (8)

=5 = diag(E] ;,=)) (9)

While the assumption of diagonal error matrices for the factor models helps achiev-
ing identification of the model, it may appear restrictive - in particular with regard to
parental investment. Finally, we allow for the possibility that the variance-covariance
matrix 3 for the system (3) has off-diagonal elements not equal to zero for cognitive
and non-cognitive skill levels at age eight (Equation 3a) and twelve (Equation 3b). By

Choleski factorisation, we can estimate the following sample error covariance matrix:

o11
5 021 022 (10)
0 0 o33

0 0 o043 oyg

Before proceeding to the estimation of the model, we have to ensure that it is iden-
tified. As suggested by Joreskog and Sérbom (1978), an estimation-based check for
identification of the model is to look at the information matrix obtained from the max-
imum likelihood estimation. If the matrix is positive definite, Joreskog and Sérbom
suggest that the model is highly likely to be identified. It is preferable, however, to
ensure identification before we proceed with the estimation step of the analysis. To
prove identification, we have to identify the joint distributions of {Qct 1) ZJ\Q -1,
{«9%,9%]%, {0/ t—1tt-1, {ezt}t7 {ezt ot {Ezt}w {o] t— 1H1e {6] t}t for k,1 € {C,N}
and the factor loadings {\{, iy and {Nf t}t for ¢ € {C,N,I}. In order to achieve
this, we have to identify the variances and covariances of the latent variables by showing
that all latent variables can be solved for in terms of the variances and covariances of
the observed indicators. Once we have demonstrated that the parameters of the mea-
surement model are identified in this way, the parameters of the recursive model can

be identified by solving them in terms of the covariances among the factors (Long, 1983).

We have assumed above that covariances for the latent variables are set to zero for
all off-diagonal elements of ® except for latent variables for the same age, and parental
investment latent variables also across age. Together with the assumption that =, and
=s are diagonal matrices, this implies that most covariances are set to zero. We only

have to ensure identification of the non-zero off-diagonal elements. In order to see



that they are identified, we first show that the factor loadings are identified by dividing
(11b) by (11a) and (12b) by (12a) which express covariances of latent variables in terms
of covariances of observed variables where k,l € {C, N}. We assume without loss of
generality two observed indicators m{ = m{ | = 2 with ¢ € {C, N, I} for each latent

variable (subscripts for factor loadings omit m? for ease of presentation).

COU<X{€¢—17X§¢—1> COU(Ht 1:955—1) (11a)
Cov(XT;_1, X5_1) = N_1Cov(0}_1,0,_1) (11b)
COU(Xft leé,t—l)

Cov(X lt le{,t—l)

= Ai_1 (1Lc)
and similarly

Cov(Xf7t,X{7t) = C’ov(@f ) (12a)
COU(Xﬁthé,t) = )\fC’ov(ﬂt 79t) (12b)
COU(X{C,tath) o
)

_— )\k 12¢
C’ov(Xft,X{t (12c)

Given the factor loadings in (11c) and (12c), the covariances across latent skills
for the same age are identified, as they can be written as the ratio of the observed

covariance of observed indicators and the identified factor loading.

COU(Xf,tflv Xé,tfl)

Cov(Gf_l, 9@—1) = \E
t—1

(13)

and

CO“(X{C,thé,t)

Cov(6F,60) = v
t

(14)

where k #£ [. In case k = [, we proceed in a slightly modified way. First we note that

VC””(Xf,tthf,tq) =Var(0f_,) + e, (15a)
COU(Xf,tqa Xéﬁ,tfl) = )‘z]‘ilvar(effl) (15b)

and

10



Var(Xft, Xft) = Var(@f) + ef (16a)
Cov(Xﬁt,Xé“’t) = )\fVar(Gf) (16b)

Var(0F) and Var(0F |) are identified as they are given by

)\5—1‘/@7“(‘9?—1)

Var(0F ) = F (17)
t—1
and
k k
Var(6F) = W (18)
t

which implies that also ef_l and e are identified. Finally, for the case of parental
investment, where we allow latent variables to be correlated across age, identification

is shown by

COU(X{,tﬂleI,t) = COU(GLM Htl) (19a)
COU(X2I,t—17X1[,t) = )\z{—lcov(etl—h etj) (19b)
COU(XZI,tflan,t) RV

T T\ >‘t—1 (19C)

COU(Xl,t—l’Xl,t)

and similarly

COU(X{,tﬂaX{,t) = COU(GLD 91{) (20a)
COU(X{,tthzI,t) = )‘tICOU(GtIAa QtI) (20b)

Cov(X!, ,, X1
( 1,t—1 2,t) _ )\t[ (200)

COU(Xll,tfl’ Xll,t)

and following the same logic as above,

(21)

and

11



COU(Xll,t—lv Xé,t)

Cov(0_,,00) = 22
ov(0;_1,0;) )\t] (22)
and then to identify the variances and error terms
VaT(Xll,t—leI,t—l) = Va?“(etl—l) el (23a)
COU(X{,t—laXQI,t—l) = Az{—lvar(etf—l) (23b)
M Var(o!
Vm“(HtI,l) — #T(t—l) (23¢)
A1
and
Var(X{’t, X{’t) = Var(@t]) + 6{ (24a)
Cov(Xll’t,XQ{t) = )\tIVar(GtI) (24b)
MVar(66)
Var(6l) = t}\i}{t (24c¢)

where again errors are identified given that we have identified variances and covariances
in (23c) and (24c). Hence, given that we have shown that the model is identified, we

proceed with estimation.

3 Data

We use data from the India part of the Young Lives (YL) project. YL is a long-term
study of childhood poverty being carried out in Ethiopia, India (in the state of Andhra
Pradesh), Peru and Vietnam. The survey consists of tracking two cohorts of children
over a 15-year period. Currently we are able to use information from two rounds of
data collection. In Round 1, 2,000 children aged around one (the ‘younger’ cohort) and
1,000 children aged around eight (the ‘older’ cohort) were surveyed in 2002. Following
up, Round 2 involved tracking the same children and surveying them in 2006 at age

five and twelve respectively.

The sample of children is representative of the three regions of Andhra Pradesh:
Rayalseema, Coastal Andhra and Telangana. The sampling process was fourfold. First,
six districts were selected based on the classification of poor/non-poor given by their
relative levels of development. In the second stage, twenty sentinel sites within these

districts were identified based on the same classification. Subsequently, one village was

12



randomly selected from approximately four to five villages that comprised a sentinel
site. Finally the questionnaires were administered to around 100 one-year-old and
50 eight-year-old children in these villages. Data was collected through household
questionnaires, child questionnaires and a community questionnaire. Our estimation
incorporates this survey design, wherein we use regions as our stratification variable

and the sentinel sites as our clustering variable.

We use data obtained from both cohorts of children available in the YL survey.
The two cohorts allow us to investigate two distinct periods of childhood. During the
early childhood years, the transition between age one and five, a child still depends
fully on her parents and family. The first few years of a child’s life are decisive for
the child’s later physical and psychological well-being. The child learns during these
years above all how to self-regulate, i.e., how to control her attention, emotions and
behaviours. At the same time, the child acquires crucial cognitive skills, above all in
terms of language acquisition. Therefore, the data on these early childhood years allow
us to analyse factors influencing the foundations of skill formation, paying particular
attention to a child’s physical condition and her home environment. The data on the
eight- to twelve-year-old cohort provides information on school-age children. Children
at that age are concerned with the development of reflection - both on their own and
others’ thinking - and begin to think ahead in time and make plans for their future
assuming responsibility for their actions. This goes along with increased social and
emotional awareness. It is an age at which children begin to realise that they live
in a society which sets challenges for them and they start figuring out how to find
their own position within it. Apart from increasing cognitive skills, it is important
for children to build confidence during this time, as it will be crucial later when they
become more independent. An important change in a child’s life during that period is
a shift in importance of interaction with parents to peer interaction. Yet, while peer
interaction becomes an essential part of a school-age child’s existence, parents remain at
the center of the child’s life. Their role now shifts towards regulating a child’s behaviour
through monitoring and discipline (Waldfogel, 2006). In particular, the data on older
children allows us to specifically analyse the dynamics of cognitive and non-cognitive

skill formation and influences exerted by the child’s immediate environment.

3.1 Latent variable indicators

Given that cognitive and non-cognitive skills and parental input are in principle unob-
served, we have to treat them as latent variables for which we need to find observed

indicators. Our data set provides us with multiple measures of child cognitive and
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non-cognitive skills as well as measures for parental investment, for both cohorts. We
note here that the survey questionnaires differed slightly between Round 1 and Round
2. Although there is significant overlap between questions asked, we find that some
indicators differ between the two rounds. However, as our interest lies in estimating
latent variables, i.e., cognitive/non-cognitive achievement and parental investment, we
are able to identify indicators for each of these in both rounds. As a result, these
indicators can be different for the same cohort between the two rounds, but essentially

lend to measurement in similar ways.

We rely on a range of observed indicators, for each cohort, to estimate our latent
variables of interest: cognitive ability, non-cognitive ability, parental investment, child
health, and PRF. Table (A) provides a comprehensive list and description of variables
that we use as indicators in the measurement model to measure the above-mentioned
items. As indicators of child health we use anthropometry z-scores, i.e., weight for age
and height for age and whether the child has suffered from serious illness.® For children
aged one, we do not observe any measures of cognitive and non-cognitive skills and

therefore rely on child stuntedness as our outcome of interest.

In construction of aggregate scores for cognitive outcomes, we make use of scores
calibrated using Item Response Theory (IRT) instead of raw aggregates of all sub-
items. Aggregation does not account for differences between the individual questions
on the test: the probability of giving a correct response to some questions depends on a
child’s ability, the level of difficulty of that particular item and its discriminating power
between high and low ability individuals. Using IRT, we specify a three parameter
logistic model for the probability of a correct response by an individual to the different
test questions. The three parameters are: item discrimination, item difficulty and the
lower asymptote for the probability function denoting random guessing on an item.
Using maximum likelihood we obtain the expected score on each section of the test as
our outcome variable. We significantly reduce measurement error in estimating latent

cognitive ability by this procedure.

3.2 Home environment and other input measures

Further, we have information on a range of home inputs, child characteristics and
caregiver characteristics for both cohorts for both survey rounds. We use, as measures
for home environment, various household level attributes: household size, location

(whether urban or rural), primary occupation (whether non-agricultural/salaried or

8For the older cohort we substitute child weight and height z-scores with body mass index z-scores.
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other), social networks (given by indicators such as number of groups a household
is affiliated to, community based participation of household, kinship ties within the
community of household), household mean educational attainment, caste, and asset
ownership.” We also classify households as poor/non-poor using monthly per-capita
expenditure information based on a poverty line of Rs. 292.95 and Rs 542.89 for rural
and urban areas respectively in the state of Andhra Pradesh (GOI, 2007).1 For child
characteristics, we use information on long-term health of a child (child weight and
height for the ‘younger’ cohort), number of siblings, gender, and number of years of
schooling attained. We include also child’s own perception of well-being at home. This
variable factors many questions pertaining to child overall happiness and satisfaction
with family and household. Additionally, we account for the type of school (public or
private) that the child is enrolled in. Finally, the YL questionnaires explicitly identify
and administer questionnaires to the caregiver of the child, which allows us to include
education of the caregiver as a variable of interest. In addition, we construct from the
information in the caregiver questionnaire a variable reflecting the degree of parental
altruism towards the child. A common assumption in the existing literature is that the
only motivation for parents to raise a child is altruism (Cunha and Heckman, 2007).
Yet, it is a well-known fact that this assumption is unlikely to hold in an economically
deprived environment such as Andhra Pradesh where children serve both as a source
of current income and means of providing income when parents are too old to work.
Nevertheless, we believe that also parents in deprived environments ideally want to
see their children grow to become healthy and happy individuals. In order to reflect
this tension between parental interests and control for effects from varying degrees of
altruism across the sample, we constructed a variable reflecting parents’ motivation to

have the YL child. This information is only available for Round 2 data.

4 Estimation

Beginning with the younger cohort, we note that, better child health or lack of child
stuntedness is known to be associated with later period skill accumulation (Grantham-
McGregor et al., 2007; Walker et al., 2007). Here, our objective is to establish links
between childhood poverty, PRF and early child health, where PRF is treated as a latent
variable which is predicted by the indicators described in Table (A). Subsequently we

9The household questionnaire, recorded the ownership of each asset (about 20 different types) present
in the household of the child. We were able to combine this information into an asset index by the
method of principal components.

19Household consumption expenditure comprises the expenditure on food, non-food items and con-
sumer durables. Expenditure per capita calculations take into account the age/sex specific equivalence
factors.
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test whether early childhood health impacts cognitive/non-cognitive outcomes at age
five. Hence, for the ‘younger’ cohort, our structural model (3) simplifies as (3a) contains
only observed child health as the dependent variable, which is the only period ¢t — 1
variable feeding into (3b). Instead of parental investment for one-year-old children in
(3a), latent PRF is used to reflect parental input. For the ‘older’ cohort, Table (A)
shows that we possess sufficient indicators to estimate the full measurement model
consisting of (5) and (6). The estimated factors are used in the estimation of the
complete structural model (3). It is therefore the ‘older’ cohort that allows us to

investigate the presence and importance of self- and cross-productivity of skill levels.

As discussed in the previous section, in estimating the factor models, we set )\lgi =1
with k € {C, N} and )\ﬁ’t = 1 to fix the scales of the measurement in the latent variables.
When including the exogenous covariates, there is one disadvantage in using LISREL,
which we employ for our estimation. The explanatory variables have to be introduced
into the model as artificial latent variables by setting their factor loadings equal to one
and zero for all other observed covariates. Moreover, the unique factor variance is set to
zero. This implies that the explanatory variables are treated as response variables for
which multivariate normality is assumed. We estimate (5) and (6) without intercepts as
we use mean centered observed indicators X i]‘jt with k € {C, N} and X ZI t.ll In principle,
the recursive model could be estimated using OLS if we assume that the latent variables
are independent of the error term (! for ¢ € {C, N,I}. More specifically, (3a) could
be consistently estimated applying OLS under the assumption that Cov(0] |,¢—1) =
0. Then also (3b) could be consistently estimated using OLS under the additional
assumption that not only Cov(8},¢;) = 0 but also Cov(0F |,¢) = 0 for k € {C,N}.
This is the case since we have assumed in (10) that Cov((;,(;—1) = 0. This means
that we can regard 6F | as statistically predetermined with regard to 6F. Obviously,
this requires us to assume that errors are serially uncorrelated, i.e., C’ov(ef_l, G) #0.12
Instead of using OLS, we estimate the system (3) using Full Information Maximum
Likelihood (FIML). FIML not only provides us with the most efficient estimators of
system (3), it also tackles the problem of missing data, a common occurrence with
perception based response questions. Using FIML, enabling listwise deletion, we are

able to integrate out the missing data from the sample likelihood.

Finally, an important contribution of the analysis of Cunha and Heckman (2008)
was to anchor scores of skills in a child’s adult earnings. We lack such information on a

child’s eventual success in life which impedes anchoring of cognitive and non-cognitive

" The results of estimating the factor models are reported in the Appendix but are not discussed in
Section 5.
12This assumption is also made by Cunha and Heckman (2008).
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scores in order to generate a cardinal measure of skills. Instead, we have to rely on
the ordinal measures our data generates. This implies that we can compare a child’s
performance only relative to the other children in the sample. In a cross-section, this is
unproblematic; however, ideally we would like to be able to verify whether a child has
advanced in terms of her skill levels over time. This is not possible in absolute terms;
we can only measure whether a child has moved up in the relative ranking vis-a-vis the

other children in the sample.

5 Results

Because we are mainly interested in investigating the presence of self-productivity and
cross-productivity, we focus in our graphical analysis on the ‘older’ cohort. Box-plots
1-4 show the dynamic relationships for the ‘older’ cohort between a child’s cognitive
and non-cognitive skills. More specifically, the plots for the ‘older’ cohort draw the
unconditional relationship between the distribution of children’s skill levels - cognitive
or non-cognitive - at age eight by decile against the distribution of skill scores at age
twelve. Using box-plots by decile is robust to children that have made extreme jumps
in terms of their skill development, either positively of negatively, and therefore reveals
the general pattern of skill formation during the periods of transition from age one to

five and eight to twelve.

Examining these plots for the ‘older’ cohort allows us to look for preliminary ev-
idence of self- and cross-productivity. Box-plot 1 demonstrates that children with a
lower score for cognitive skills at age eight also tend to have lower scores for cognitive
skills at age twelve. This represents pronounced evidence in favour of the presence
of self-productivity for the formation of cognitive skills. For non-cognitive skills, the
unconditional relationship between the non-cognitive skill level for eight-year-old and
twelve-year-old children also seems to be characterised by positive correlation, but self-
productivity appears to be less pronounced than for cognitive skills. Yet, this also
points to the presence of self-productivity for non-cognitive skills. Analysing the rela-
tion between the non-cognitive skill level at age eight and the cognitive skill level at
age twelve in box-plot 3 also shows clear evidence of the presence of cross-productivity.
Similarly, children with lower cognitive skill levels at age eight tend to have lower non-
cognitive skill levels at age twelve. Hence, the graphical analysis points to the presence

of self-productivity and cross-productivity for both cognitive and non-cognitive skills.

The box-plots only plot the unconditional relation between skill levels. Figures
5-8 in contrast, plot the conditional probability density of the skill level for a twelve-
year-old child on her skill level at age eight f(6F|0F |) with k € {C, N}. The density
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is estimated nonparametrically using the simple ‘1.066n /%’ rule-of-thumb bandwidth
based on a Gaussian Kernel with & being the sample standard deviation and n the num-
ber of observations (Li and Racine, 2007).'® Figure 5 confirms the impression obtained
from the corresponding box-plot 1. With the probability density mass concentrated
along the diagonal, there is strong evidence that a child has a higher cognitive skill
level at age twelve conditional on her having achieved a high cognitive skill level at age
eight. Moreover, the relationship appears to be linear, providing support to our linear
specification of the system in (3). In contrast, the conditional probability density plot
6 for non-cognitive skills is less clear-cut. The probability density mass appears to be
larger for lower values of non-cognitive skills for children aged eight as well as twelve.
This suggests that a child has lower non-cognitive skills at age twelve conditional on
having had a lower non-cognitive achievement score at age eight. Yet, this kind of rela-
tionship is less evident for children with higher non-cognitive achievement. The density
plots examining cross-productivity 7 and 8 have a similar shape as the non-cognitive
skill plot 6. Plotting the density of cognitive skill levels at age twelve conditional on
non-cognitive skill levels at age eight 7, shows that lower non-cognitive achievement
at age eight is associated with a relatively large range of cognitive skill levels at age
twelve. This points to a possibly weak relationship between non-cognitive skill levels
at age eight and cognitive achievement at age twelve, a finding which we will confirm
below. Moreover, the plot suggests a possible non-linear relation between non-cognitive
skills at age eight and cognitive skills at age twelve. Plot 8 of non-cognitive skills at age
twelve conditional on cognitive skills at age eight points more clearly to the presence of
cross-productivity with a probability mass more closely aligned along the diagonal. In
brief, the conditional probability density plots confirm the overall associations drawn

by the unconditional distribution box-plots.

Table 5 shows the pairwise Spearman rank correlation matrix of the predicted latent
variables.!* For the ‘younger’ cohort, the correlation matrix contains correlations for
cognitive, non-cognitive skills, parental investment at age five, a child’s health condition
and a measure of psycho-social risk factors. This measure of psycho-social risk factors
is negatively correlated with a child’s health condition. It is also negatively correlated
with cognitive and non-cognitive skill levels as well as parental investment at age five.
Child health at age one itself is strongly positively correlated with cognitive and non-
cognitive abilities, suggesting early-age health has important implications for later skill
formation. Finally, the table also shows that higher levels of parental investment are

associated with higher levels of both cognitive and non-cognitive skills. For the ‘older’

13We use the np package in R to estimate the conditional density (Hayfield and Racine, 2008).
14Rank correlation coefficients are more robust to the presence of outliers and therefore appear in
our setting preferable over Pearson’s product-moment correlation coefficient.
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cohort, the matrix shows correlations of the skill variables and parental investment for
both age eight and twelve. The matrix confirms our graphical findings that there exists
a positive association between a child’s skill level at age eight and her eventual skill
level at age twelve, both within the same skill and across skills. The extremely high cor-
relation coefficient for cognitive skills at age eight and twelve is particularly interesting
as it suggests a very close relation between a child’s cognitive ability level at age eight
and age twelve. Similar to the younger cohort, we find the parental investment variable
for eight- as well as twelve-year-old children to be positively correlation with skill levels
contemporaneously and over time. Therefore, the correlation matrix provides further

evidence in favour of the presence of both self- and cross-productivity.

Before we proceed with a discussion of the results of estimating the structural model
(3), Tables 1 and 2 contain summary statistics for all the variables used in the struc-
tural model. While many variables, such as gender or the number of siblings, have a
straightforward and intuitive meaning, interpreting variables that we have constructed
is much less straightforward. For example our variable proxying social networks, HH
Social Connectedness, has no direct intuitive interpretation, apart from a purely direc-
tional interpretation that ‘more is better’. The same applies for the wealth index that
we have created to capture the entirety of a household’s wealth. Tables 3 and 4 provide

summary statistics of the indicator variables used in the measurement models (5) and

(6).

We first report results for the younger cohort. From Table 6 we see that, both
household poverty and psycho-social risk factors exert a statistically significant influence
on child health at age one. Both household poverty and high psycho-social risk factors
adversely affect child health, causing child stuntedness. Given this, we go on to establish
the effect of child health on learning outcomes for the child aged five. We find that
child health positively affects child cognitive skills. Its effect on child non-cognitive
skills is not significant. These results are consistent with the literature discussed in the
Introduction that link early child stuntedness with later period skill development and
attribute the lack of development in the child’s early stages to certain home environment
factors, i.e., PRF and poverty. We also find a positive effect of household education
on child learning. Well-educated parents produce well-educated offspring, a fact well
established in many previous studies: ‘one of the important roles that parents play
in their child’s development has to do with the stimulation of cognitive and language
growth in the first few years of life’ (Waldfogel, p. 49: 2006). Also, our measure of a

household’s social network shows a positive statistically significant effect on cognitive
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skills levels, while the effect is negative for non-cognitive skills.!?

Next, we discuss the results for the ‘older’ cohort. For children of age eight, we
see from Table 7, that parental investment has a significant positive effect on cognitive
skill accumulation but an insignificant effect on non-cognitive skill accumulation, while
the sign is still positive. Apart from this, we find additionally that child health and
the number of siblings affect child cognitive outcomes positively. Social networks exert
a positive effect on cognitive skills, similar to our findings for five-year-old children.
This is consistent with other findings that social capital both within the family, and
even more so within the community, has a positive effect on children’s educational
achievements (Croll, 2004). We find that children attending private elementary schools
perform much better on achievement tests compared to their public school counter-
parts, a result well-established for India in previous research studies (Kingdon, 1996;
Muralidharan and Kremer, 2006). For non-cognitive skills, we find significant positive
effects from households asset ownership and belonging to a household located in an
urban area and negative effects from larger households, possibly reflecting a lack of

parental attention to the child.

Finally, we examine self- and cross-productivity effects. Table 8 reports results of
the ‘older’ cohort at age twelve. The results show that cognitive skills acquired at age
eight, affect positively both cognitive and non-cognitive skills at age twelve. Thus we
find evidence for the dynamic persistence of cognitive skills as also of its contribution
towards developing non-cognitive skills at a later stage (as cross-productivity effects).
In contrast, we find no such evidence for non-cognitive skills acquired at age eight. Its
effect on both cognitive and non-cognitive skills at age twelve is insignificant. We find
however substantial evidence in favour of parental investment, which exerts a strong
significant and positive effect on cognitive and non-cognitive skill acquisition at this
age. This effect is much larger in magnitude for cognitive achievement as compared to
non-cognitive achievement. Interestingly, at this age we find that children attending
a public secondary school have higher cognitive and non-cognitive achievement scores.
This is in sharp contrast to the results for eight-year-old children, who perform better
when attending a private primary school. One reason, perhaps, is that the growth and
spread of private schools is confined to primary schooling, its presence remaining re-

markably scarce within the secondary schooling sector. Moreover government subsidies

5 The latter effect is quite counterintuitive. This is perhaps because, we use as one of ours indicator
for non-cognitive skills, how well the child fares at pre-school (if we believe that children usually learn
important social skills at pre-school rather than academic lessons). A child who does not enroll in
pre-school, misses out on social interaction amongst peers and thus is given a value 0. As a result, it
may be that parents who have a strong kinship network, choose to not send their children to preschool
and instead rely on their social capital networks to raise their child.
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are abundant in better quality public secondary schools (Kingdon, 1996). Much of the
research on private schooling in India and other developing countries has focused on
elementary schools. Further research into the nature and effects of private schooling for
secondary schools is required to understand its implications. Next, we find that chil-
dren belonging to wealthier households and households engaging in non-agricultural
occupations show higher cognitive and non-cognitive skills, but belonging to a house-
hold engaged in a non-wage/agricultutral occupation lowers cognitive and non-cognitive
achievements. Social connectedness is statistically significantly positive for cognitive
skills, inline with our findings for children aged five and eight. Of special interest is that
we find child self-reported well-being to contribute to better non-cognitive outcomes,

reflecting the importance of a ‘happy home’ for successful non-cognitive development.

One of the contributions of Cunha and Heckman (2007) is to carve out sensitive
and critical periods for skill formation during childhood. In our case, we have data
only for a single transition for each cohort, from age one to five, and from age eight to
twelve, which does not allow us to compare transitions over time for a single cohort.
This is a disadvantage with regard to determining sensitive periods for skill formation.
The concept of critical periods, however, does not seem to be uncontroversial, if we
understand critical in the sense that a child must be exposed to a certain experience
during a specific period of early childhood in order to fully acquire a certain skill.
Waldvogel (2006) argues that this is generally not the case for skill formation in children.
Only for very few competencies relating to some aspects of language acquisition require
specific input during a well-determined period of early childhood. Hence, we regard

our inability to determine critical periods as less important.

6 Insights

Recent research in economics has demonstrated the importance of early childhood for
the development of the crucial skill set necessary for socio-economic success in later
life. This research has shown that the acquisition of cognitive and non-cognitive skills
begins from the very nascent stages of childhood and that these skills interact through-
out a child’s development process. These insights motivate the investigation of the
determinants of these skills beyond formal schooling focusing in particular on self- and
cross-productivity effects. So far, this research has been almost exclusively focused on

children in industrialised countries.

Extending this research to the developing country context promises important in-
sights with regard to finding answers to the question as to what constitutes an ‘enabling’

environment for a child’s successful development. To this purpose, there are valuable
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lessons to be learnt from firstly exploring and ascertaining the link between cognitive
and non-cognitive achievement and analysing this linkage in the context of a child’s (im-
mediate) environment in a developing country. Yet, conducting this kind of research in
a developing country context is in many ways challenging as children face a drastically
different environment to their peers in industrialised countries. Nevertheless, building
on the recent contributions of Cunha and Heckman (2007, 2008) and exploiting a novel
rich data set covering different periods of childhood, we estimate a structural model
to investigate skill formation of children in Andhra Pradesh. Most importantly, for
our ‘older’ cohort, we find evidence for the presence of self-productivity for cognitive
skills and cross-productivity of cognitive on non-cognitive skills during the transition
from eight to twelve years. We also find statistically significant evidence for parental
investment, as measured by our latent variable, to contemporaneously exert an econom-
ically powerful positive influence on skill formation for five-, eight- and twelve-year-old
children. Our results also point to a large number of other important determinants
of skill formation including child, caregiver and household characteristics and notably
also school type. The data available for our ‘younger’ cohort allows us to investigate
the importance of earliest parental care and child health as well as the importance
of child health achieved at age one for skill levels at age five. We find that so called
psycho-social risk factors have a statistically significant effect on child health at age
one. These factors are reflected in parental care during pregnancy as well as during
the first few months of a child’s life. Considering that we also find child health as
measured for children at age one to represent a statistically significant determinant for
a child’s cognitive ability at age five, this provides powerful evidence to shift attention

to providing parents with support from the earliest days of pregnancy onward.
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Figure 1: Cognitive (Age 8) vs Cognitive (Age 12) Skill Levels
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Figure 2: Non-cognitive (Age 8) vs Non-cognitive (Age 12) Skill Levels
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Figure 3: Non-cognitive (Age 8) vs Cognitive (Age 12) Skill Levels
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Figure 5: Cognitive (Age 8) vs Cognitive (Age 12): Conditional Probability Density

Function

Figure 6: Non-cognitive (Age 8) vs Non-cognitive (Age 12) Skill Levels: Conditional

Probability Density Function
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Figure 7: Non-cognitive (Age 8) vs Cognitive (Age 12) Skill Levels: Conditional Prob-
ability Density Function
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Figure 8: Cognitive (Age 8) vs Non-cognitive (Age 12) Skill Levels: Conditional Prob-
ability Density Function




Table 1: Summary Statistics: Age 1 and 5

Table A: Age 1

Variable No. Obs. Median Mean St. Dev.
PRF? 1950 0.0164  0.245 3.04
Child Health? 1950 0.037 1.174 0.554
Poor 1914 0.692 0.698 0.092
CH Male 1950 0 0.463 0.499
CH Caste? 1950 0 0 .205 0.404
CH Birth Order 1936 1 1.638 0.956
HH Size 1950 5 5.425 2.369
HH Urban 1950 0 0.244 0.429
HH Non Ag. Occupation 1950 0 0.615 0.905
HH Mean Education 1950 8 7.018 5.004
HH Social Connectedness* 1950  -0.208 0.006 0.482
Table B: Age 5
Variable No. Obs. Median Mean St. Dev.
Cognitive Skills? 1950 -0.758 0.489 22.45
Non-cognitive Skills? 1950 -0.38 -0.018 1.29
Parental Investment? 1950 -0.009 -0.007 1.06
Parent Altruism? 1950 0 0.463 0.499
CH Siblings 1950 1 1.443 1.006
CG Education 1950 0 3.643 4.498
HH Size 1950 5 5.516 2.225
HH Social Connectedness® 1950 -.058 .0003 .654
HH Assets 1950 .361 .388 211

Notes:

1. CH: Child; CG: Caregiver; HH: Household.

2. Estimated latent variables.

3. Indicator of whether child belongs to a non-SC/ST and non-backward Castee

community.

4. Normalised on a scale of 0 to 1; is a combination of the responses to the questions
on why parents feel it is important to have children.
5. An index (based on factor analysis) of the household’s responses to questions
of its kinship support base in community, how active it is (membership in societies
etc.), level of trust within community.



Table 2: Summary Statistics: Age 8 and 12

Table A: Age 8

Variable Obs. Median  Mean Std. Dev.
Cognitive Skills? 994  0.085 0.042 1.408
Non-cognitive Skills? 994  0.055 0.004 0.196
Parental Investment? 994 0.007 -0.000 0.066
Child Health? 994  0.010 0.002 0.223
CH Well-being* 994  0.666 0.697 0.227
CH Siblings 994 2 1.813 1.184
CH Male 994 1 0.509 0.500
CH Caste® 994 0 0.216 0.412
Public School 994 1 0.767 0.423
CG Education 994  4.605 4.628 0.037
HH Size 994 5 5.548 2.039
HH Social Connectedness® 994  -0.033 0.0004 0.488
HH Assets 994  0.309 0.340 0.212
HH Urban 994 0 0.242 0.429
HH Wage 994 0 0.606 0.816
HH Mean Education 994 6 6.662 4.246
Table B: Age 12
Variable Obs. Median  Mean Std. Dev.
Cognitive Skills? 994  -0.633 0.117 8.03
Non-cognitive Skills? 994  -0.003 -0.000 0.064
Parental Investment? 994  -0.006 0.001 0.06
Child Health? 994  0.045 0.007 0.331
Parent Altruism? 994 0.701 0.702 0.092
CH Well-being* 994  0.791 0.783 0.125
CCH Height 985 141.2 140.845 11.61
CH Weight 985  30.75 32.33 10.65
CH Caste® 993 0 0.206 0.405
CH No. of Years of Schooling 980 6 5.601 1.263
CH School Starting Age 987 5 5.043 0.711
Public School 994 1 0.628 0.484
CG Educational Attainment 993 0 2.709 4.033
HH Size 994 5 5.197 1.832
HH Social Connectedness® 992  -0.024 0.002 0.669
HH Assets 994  0.378 0.395 0.214
HH Urban 994 0 0.251 0.434
HH Mean Education 994 9 9.958 5.707
HH Wage Recipient 994 0 0.569 0.809

Notes:

1. CH: Child; CG: Caregiver; HH: Household.

2. Estimated latent variables.

3. Normalised on a scale of 0 to 1; is a combination of the responses to the questions
on why parents feel it is important to have children.
4. Normalised on a scale of 0 to 1; refers to child’s own perception of well-being.
This is a combination of the responses to the questions on how loved/comfortable

child is at home.

5. Indicator of whether child belongs to a non-SC/ST and non-backward caste

community.

6. An index (based on factor analysis) of the household’s responses to questions
of its kinship support base in community, how active it is (membership in societies
etc.), level of trust within community.



Table 3: Summary Statistics: Indicators for Latent Variables, Age 1 and 5

Variable Obs. Median Mean Std. Dev.
Age 1

Ante-natal Care? 1896 1.00 1.06 1.07
No Doc. at Birth 1923 0.00 0.47 0.50
Breastfeeding Duration® 1923 0.00 1.30 3.86
Unwanted Pregnancy 1910 0.00 0.08 0.27
Freq. See Dad* 1930 0.00 0.04 0.20
CG Depressed 1840 0.00 0.30 0.46
CG Education® 1950  15.00 11.75 4.41
Weight Z-Score 1934  -1.84 -1.835 0.937
Height Z-Score 1934  -1.63  -1.611 1.00
Age 5

Peabody PVT Score 1950  34.05 44.22 29.03
CDA-Q Test Score 1950 10.00 9.51 2.68
Pre-School Status® 1950 0.00 1.74 1.83
CH Fluent in Native Lang 1950 1.00 0.90 0.30
CH Travels® 1950 3.00 2.46 0.87
Prop. Clothing Exp. 1925 0.50 0.62 0.34
Prop. Edu. Exp. 1925 0.20 0.24 0.25
Prop. Health Exp. 1950 0.13 0.13 0.17
Freq. See Dad 1913 2.00 1.91 0.31
Notes:

1. CH: Child; CG: Caregiver.

2. On a scale of 0-3; 0 indicates high level of AN care, 3 indicates no AN care.

3. Indicates number of months child was left without breastfeeding, from a recom-
mended period of 16 months.

4. These variables have been rescaled; higher values indicate high neglect (higher
freq of not seeing dad, and low level of caregiver education).

5. 0 indicates child doesn’t attend pre-school; how the child fares in preschool (con-
ditional on attendence) is given on a scale of 1-5, where 5 is excellent and 1 is poor.
6. Indicates whether child travels alone (1), with parents (2), with friends (3), or
does not travel at all (0).



Table 4: Summary Statistics: Indicators for Latent Variables, Age 8 and 12

Variable Obs. Median Mean Std. Dev.
Age 8

Raven’s Score 989  23.00 2297 5.30
Reading Level® 985  4.00 3.08 1.05
Writing Level® 964 2.00 2.09 0.68
Hyperactivity Score 993 2.00 1.73 0.59
Emotional Symptoms Score 993 2.00 1.34 0.86
Pro-Social Behaviour Score 994 2.00 1.70 0.64
Conduct Problems Score 994 2.00 1.24 0.91
Freq. See Dad* 965 2.00 1.87 0.41
Spend on Education 994 0.00 0.09 0.29
Does Child Work 994 1.00 0.67 0.47
Child Started School? 987 2.00 1.96 0.57
BMI Z-Score 994  -1.38 -1.39 0.993
Child Serious Illness 987 0.00 0.109 0.312
Age 12

Peabody PVT Score 994 10041 96.16 33.01
Math Test Score 994 6.00 5.91 2.64
Writing Level® 969 3.00 2.65 0.58
CH Friendliness Score 994 0.48 0.47 0.14
CH Group Membership 994 0.00 0.02 0.10
CH Self-Pride Score 994 0.64 0.64 0.13
CH Determination Score 994 0.72 0.71 0.12
CH Social Trust Score 994 0.95 0.88 0.20
Prop. Clothing Exp. 983 0.50 0.62 0.32
Prop. Edu. Exp. 983 0.30 0.31 0.22
Prop. Health. Exp. 994 0.13 0.13 0.17
Freq. See Dad* 913  2.00 1.84 0.40
BMI Z-Score 994  -1.51 -1.45 1.23
Child Serious Illness 987 0.00 0.24 0.43
Notes:

1. CH: Child.

2. On a scale of 1-4; 1 indicates cannot read at all, 4 indicates reads fluently.

3. On a scale of 1-3; 1 indicates cannot write at all, 4 indicates can write fluently.
4. Indicates whether child sees biological father, daily (2), monthly (1), once a year
or never (0).

5. Indicates number of years since parents started school for child.
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Table 6: Results “Younger’ Cohort

(a): Child Health - Age 1

Dependent variable:

Child Health

(Age 1)
PRF (Age 0) -0.414**
(0.181)
Poor -0.236**
(0.072)
CH Male 0.211**
(0.045)
CH Caste 0.279**
(0.084)
CH Birth Order -0.092**
(0.028)
HH Size 0.004
(0.016)
HH Urban 0.219**
(0.097)
HH Non Ag. Occupation 0.001
(0.029)
HH Mean Education 0.024**
(0.010)
HH Social Connectedness 0.081
(0.060)
Observations 1950

(b): Skill Accumulation - Age 5

Dependent variable:

Cognitive Skills
(Age 5)

Non-cognitive Skills
(Age 5)

Child Health (Age 1) 2.448** -0.013
(0.527) (0.039)
Parental Investment 33.272** 1.854**
(8.627) (0.569)
Parent Altruism 25.686+ -0.684*
(15.778) (0.395)
CH Siblings 0.343 0.077*
(0.793) (0.049)
CG Educational Attainment 1.517** 0.047**
(0.229) (0.011)
HH Size -0.359 0.013
(0.432) (0.022)
HH Social Connectedness 3.464** -0.127F
(1.526) (0.067)
HH Assets 1.860 1.112**
(8.837) (0.395)
Observations 1950 1950
Notes:

1. Standard Errors in parentheses.
2. T indicates significance at 10%; * at 5%; ** at 1%.

3. CH: Child; CG: Caregiver; HH: Household.



Table 7: Results ‘Older’ Cohort

(a): Skill Accumulation - Age 8

Dependent variable: Cognitive Skills Non-cognitive Skills
(Age 8) (Age 8)
Parental Investment 10.877** 0.642
(3.406) (0.392)
CH Health 0.551* 0.023
(0.262) (0.059)
CH Well-being 0.695 -0.093
(0.701) (0.144)
CH Siblings 0.297** 0.001
(0.128) (0.030)
CH Male 0.513 0.056
(0.440) (0.060)
CH Caste -0.387 0.086
(0.312) (0.087)
Public School -1.455* -0.005
(0.630) (0.088)
CG Education -0.059 0.009
(0.062) (0.009)
HH Size -0.142°F -0.027F
(0.079) (0.014)
HH Social Connectedness 0.672F 0.054
(0.349) (0.087)
HH Assets 0.284 -0.078
(0.238) (0.045)
HH Urban -0.560** 0.282*
(0.797) (0.115)
HH Wage 0.251* 0.042
(0.121) (0.030)
HH Mean Education -0.007 -0.007
(0.039) (0.008)
Observations 994 994
Notes:

1. Standard Errors in parentheses.
2. T indicates significance at 10%; * at 5%; ** at 1%.
3. CH: Child; CG: Caregiver; HH: Household.



Table 8: Results ‘Older’ Cohort

(b): Skill Accumulation - Age 12

Dependent variable:

Cognitive Skills

Non-cognitive Skills

(Age 12) (Age 12)
Cognitive Skills (Age 8) 3.900** 0.011**
(1.509) (0.004)
Non-cognitive Skills (Age 8)  -0.534 -0.001
(1.045) (0.005)
Parental Investment 9.989** 0.196**
(3.823) (0.046)
CH Health 0.282 -0.003
(0.253) (0.002)
Parent Altruism 0.014 -0.013
(3.108) (0.017)
CH Well-being 1.354 0.077**
(1.998) (0.029)
CH Caste -1.237 0.003
(0.652) (0.004)
CH No. of Years of Schooling -0.365 0.002
(0.437) (0.003)
Public School 3.045** 0.061**
(1.137) (0.013)
CG Educational Attainment 0.004 0.001
(0.094) (0.001)
HH Size -0.033 0.000
(0.138) (0.001)
HH Social Connectedness 0.751F 0.002
(0.443) (0.003)
HH Assets 2.238F 0.047**
(1.903) (0.011)
HH Urban 0.827 0.004
(1.219) (0.008)
HH Wage Recipient -1.056* -0.008**
(0.474) (0.003)
HH Mean Education 0.111+ 0.000
(0.060) (0.001)
Observations 994 994
Notes:

1. Standard Errors in parentheses.
2. * indicates significance at 10%; * at 5%; ** at 1%.
3. CH: Child; CG: Caregiver; HH: Household.



APPENDIX: Factor Models

Table 9: Factor Loading: Explanatory Variables; ‘Younger’ Cohort

Dependent variable: Parental Investment  Psycho Risk Factors
(Age 5) (Age 0)
Unwanted Pregnancy - - 0.082 **
(0.026)
No. Doc. at Birth -- 0.729 **
(0.083)
Breastfeeding Duration - - -2.66**
(0.436)
Ante-natal Care - - 1.00
CG Education - - 16.190**
(1.582)
CG Depression - - 0.344**
(0.054)
Freq. See Dad - - -0.006
(0.018)
Prop. Clothing Exp. 1.00 --
Prop. Edu. Exp. 1.209** - -
(0.076)
Prop. Health Exp. 0.105** - -
(0.027)
Freq. See Dad -0.092* --

(0.052)




Table 10: Factor Loading: Outcome Variables; ‘Older’ Cohort

Dependent variable:

Cognitive Skills

Non-cognitive Skills  Cognitive Skills  Non-cognitive Skills

(Age 12) (Age 12) (Age 8) (Age 8)
Peabody PVT Score 1.00 - - - - - -
Math Test Score 0.282** - - - - -
(0.071)
Writing Level 0.059** -- - - .
(0.014)
CH Friendliness Score -- 1.00 - - - -
CH Group Membership - - 0.133** -- -
(0.053)
CH Self-Pride Score - - 1.3** - - o -
(0.178)
CH Determination Score - - 1.078** - - -
(0.17)
CH Social Trust Score - - 2.728** - - - -
(0.486)
Raven’s Score -- - - 1.00 - -
Reading Level -- -- 0.543 ** --
(0.144)
Writing Level - - - - 0.103** - -
(0.045)
Emotional Symptoms Score - - - - - - 1.00
Conduct Problems Score - - - - - - 0.518**
(0.134)
Hyperactivity Score - - - - - - 0.165**
(0.083)
Pro-Social Behaviour Score -- - - -- 0.253 **

(0.078)




Table 11: Factor Loading: Explanatory Variables; ‘Older’ Cohort

Dependent variable:

Parental Investment

Parental Investment

(Age 12) (Age 8)
Prop. Clothing Exp. 1.00 --
Prop. Edu. Exp. 2.76** --
(0.517)
Prop. Health. Exp. 0.098 ** - -
(0.039)
Freq. See Dad 0.314 - -
(0.185)
Spend on Education -- 1.00
Freq. See Dad -- -0.323
(0.493)
Child Started School -- -21.102
Does Child Work - - -1.189**
(0.48)

Table 12: Factor Loading: Outcome Variables; ‘Younger’ Cohort

Dependent variable:

Cognitive Skills

Non-cognitive Skills

Child Health

(Age 5) (Age 5) (Age 1)
CDA-Q Test Score 0.068 ** -- --
(0.005)
Peabody PVT Score 1.00 -- - -
Pre-School Status -- 1.00 - -
CH Travels -- -0.345** - -
(0.039)
CH Fluent in Native Lang. -- -0.007 - -
(0.011)
Weight Z-Score -- - - 1.00
Height Z-Score - - - - 1.187**

(0.085)
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