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Abstract: In Indonesia, more than $0of children under the age of 5 years suffer from chronic mal-
nourishment. The long-term consequences of childhood malnutrition drest@blished in the literature.
Yet, little is known about the extent to which these children are able to reé@rarsome of the long-term
deficits in health outcomes caused by childhood undernourishment. Toe#aptuassociation between nu-
tritional deficiency at young ages and subsequent health status,lalptmis constructed using observations
on children between the age of 3 and 59 months in 1993 who are followadtinthe 1997 and 2000 waves
of the Indonesian Family Life Survey. A dynamic conditional health demandtion is estimated, where
the coefficient on the one-period lagged health status captures the @xtecdvery, if any, from childhood
malnutrition. This coefficient is also known as the ‘catch-up’ term. Variahth® [V/GMM estimation
strategy are used here to obtain an unbiased and consistent coefistiemite on the lagged dependent
variable. While the OLS coefficient estimate on the one-period lagged héatitis & 0.53, it is only 0.23 in
a first-difference GMM framework, indicating an upward bias in the OL&upeeter estimate. A coefficient
of 0.23 on the one-period lagged health status indicates that poor nutrityoniiag ages will cause some,
but not severe, retardation in the growth of future height indicating padtah-up effects. In the absence
of any catch-up, by adolescence, a malnourished child will grow to becfnlghorter than a well-nourished
child. However, a coefficient of 0.23 estimated here indicates that bysmriee, a malnourished child will
grow to be only 0.95 cm shorter than a well-nourished child. The firstrdifflee GMM estimation strategy
used here is especially attractive as it relies on much weaker stochasticpd®ss than earlier papers and
addresses both omitted variables bias and measurement error bias in data.

Keywords: Child health, Lagged dependent variable, First-difference, Indanes

JEL Classification: 1 10,012, R 20, D 10

*Acknowledgments: | would like to thank John Ham, Duncan Thomas, and seminaicgaants at Bureau for
Research in Economic Analysis and Development (BREAD) sansohool 2005, Asia Pacific Rim University 2006,
University of Melbourne 2007, Monash University 2007, M@aast Universities Development Consortium (NEUDC)
2007, and University of Southern California for helpful ameents and suggestions. | am thankful to John Hoddinott
and Jeffrey B. Nugent for their comments, advice, and supploam especially indebted to John Strauss for his
guidance, continuous encouragement, and support. Fadawgbport was provided by United Nations University-
World Institute for Development Economics Research (UNUP&R) and College of Letters, Arts, and Sciences,
University of Southern California. All remaining erroreanine.

fContact details: Department of Economics, University afitBern California; smani@usc.edu; 323-252-3670

1



1 Introduction

Social scientists from diverse fields such as Economicsyitiut, and Epidemiology have
come to agree that childhood malnutrition affects futurd-lweing by decreasing the total human
capital accumulated over an individual’s life coursEor example: Alderman et. al (2006) show
using data from Zimbabwe that undernourishment at young byeers both attained height and
completed grades of schooling measured in adolescencedyiofiwhe decline in educational out-
comes is estimated to translate into &lreduction in lifetime earnings However, if individuals
are able to recover from some of the deficits in health outsocaeised by nutritional deficien-
cies at young ages, then some of the negative consequesoesadsd with poor nutrition can be
mitigated.

The main objective of this paper is to identify the extent taah individuals are subsequently
able to compensate for some of the poor nutritional outcdnoes the past. This paper finds that
malnutrition during childhood will cause only some perm@ngrowth retardation in an individ-
ual’s physical well-being as measured by height attainmertis implies that at least some of the
negative consequences associated with childhood malontdan be mitigated at an early age.

In this paper, height-for-age z-scotéblAZ) and height in cm are used as indicators of nutri-
tional status. These measures are particularly advantagesthey have been identified as indica-
tors of chronic malnutrition and long-run physical wellihg?. In addition, these measures are not

confounded by systematic measurement error indata

1See Glewwe and Miguel (2008) for review on the role playedHilddiealth in determining schooling outcomes.
See Strauss and Thomas (2008) for a most recent review orsgieeiation between child health and future health
status.

2Poor nutrition during childhood affects future health ssathereby affecting future earnings. See Thomas and
Strauss (1997) for the role played by adult height attainsgndetermining wage earnings using data from Brazil.

SHeight-for-age z-sores are standardized height's catedilasing the 1977 NCHS (National Center for Health
Services) tables drawn from the United States populatiowlitional upon age (in months) and sex.

4Waterlow (1988); Tanner (1981); Strauss and Thomas (1995jtorell (1999); Martorell and Habicht (1986)
have all discussed that height related measures captundativae investments in child health. Height related meesur
are affected by only long-term health shocks and nutritideéiciencies such as vitamin A deficiency and not short-
term ilinesses such as diarrhea that lasts 2-3 days.

5An example of systematic measurement error, Thomas ané&inharg (2002) point out that men in general tend
to self-report themselves as being taller than they agta@a#t and women tend to report themselves as being lighter
than they are.



The existing literature classifies children with HAZ2 as undernourished and or stunted [Wa-
terlow (1988); Onis et. al (2000)]. Stunting in young chddrremains a serious source of concern
in several developing countries, including Indonesia, @s mutrition during childhood has long
lasting impact on an individual’s overall well-being. Tall in the appendix indicates that, in
2000, 34.8; of children from Indonesia under the age of 5 years were ifiedss stuntetl This
number is large and comparable to many poor countries of grdwOnis et. al, 2000). The
degree to which this stunting actually causes severe @dtardin the future physical well-being of
these children from Indonesia is an empirical question ok to policy makers and researchers
in the field.

There exists a vast literatUrthat estimates the extent to which undernourishment atyagas
affects subsequent health status [Adair (1999); FedoradvSahn (2005); Hoddinott and Kinsey
(2001); Alderman et. al (2006)]. The major difficulty in estting such a relationship arises due to
the presence of unobservables such as child’s innateyatoilfight diseases, parental preferences,
and community connections; all of which are likely to be etated with an individual’'s past
nutritional status. In addition, random measurement arr@nthropometric outcomes makes it
difficult to obtain an unbiased estimate on the child’s pasilth status. Hoddinott and Kinsey
(2001), Alderman et. al (2006), and Fedorov and Sahn (20@5s@ame exceptions who have
successfully addressed some of the aforementioned ecomoouncerns.

The main contribution of this paper is to ascertain the exttewhich children in Indonesia are
able to recover from some of the long-run deficits in healtttomes caused by childhood mal-
nutrition. The innovation comes in the use of time-varyimgnenunity level characteristics from
1993 to identify the changes in lagged health status betd86i and 1993 in a first-difference
framework. This paper also attempts to isolate the impasbaie of the key socioeconomic de-
terminants of nutritional status among children.

A panel data set is constructed using observations on ehildetween the age of 3 and 59

months in 1993, who are followed through the 1997 and 200@wafthe Indonesian Family Life

6Source: Indonesian Family Life Survey (IFLS).
Section 2 of this paper and Strauss and Thomas (2008) for @ detailed review.
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Survey (IFLS). This paper first, estimates a static conaiidnealth demand function to capture the
impact of current socioeconomic factors in determiningenir health status. Second, a dynamic
conditional health demand function is estimated whichwagstthe extent of recovery, if any, from
childhood malnutrition. The extent of recovery from pootrition is determined by the coefficient
on the one-period lagged health status, also known as theh-cg’ term. A coefficient of zero
on the one-period lagged nutritional status in the dynaomction indicates ‘complete catch-up’.
A coefficient of one on the one-period lagged health statdgsates ‘no catch-up’. A coefficient
between zero and one on the one-period lagged health stdioates ‘partial catch-up’ (Hoddinott
and Kinsey, 2001). Finally the paper introduces an inteaderm between the one-period lagged
health status and lagged age in months in the dynamic sgimficto determine if and to what
extent recovery from poor nutritional outcomes varies bg.ag

The parameter estimates obtained from the static conditibealth demand regression in-
dicates parental schooling, parental height, househaldniie, and community infrastructure as
some important determinants of child health. In the dynaspecification, a first-difference GMM
estimation strategy is used which yields a coefficient estitnof 0.23 on the one-period lagged
health status. A coefficient of 0.23 suggests partial cafcleffects; that is, malnutrition during
childhood will cause only some, permanent retardation awn in height. Using the same first-
difference GMM strategy, we find that younger children hawagmally larger catch-up potential
than older children.

The above findings suggests that by adolescence, a malnedrihild in the absence of any
catch-up, that is, a coefficient of 1 on the lagged healtlustatould grow to be 4.15 cm shorter
than a well-nourished child. However, in the presence ofiglazatch-up effects, such as, a co-
efficient of 0.23 estimated here, indicates that a malnbad<child will grow to be only 0.95 cm
shorter than a well-nourished child.

These results have further implications on schooling mtt@ints. For example: Maccini and
Yang (2005) have examined the impact of improvements inthesthtus as measured by height

in cm on schooling attainments using data from the IFLS. géireir predictions, | find that the



decline in stature by 0.95 cm here will result in individsaéiccumulating 0.60 less grades of
schooling. This estimate will be four times larger if therasano catch-up, that is, childhood
malnutrition would lower attained height in adolescencett®b cm and schooling attainment by
2.4 completed grades of schoolfng

This paper contributes to the extant literature in two walysst, the paper overall contributes
to the larger literature in economic development addrgssomcerns regarding child health out-
comes. It establishes the relationship between curretthhetatus and lagged health status bring-
ing out the permanent effects of childhood malnutrition maividual’s future physical well-being
which is further correlated with his/her overall economndaocial well-being. The paper also
identifies the key socioeconomic factors that must be apjatgty targeted towards improving
nutritional status among children.

Second, the paper addresses a number of methodologioas iggt in principle can be applied
to any dynamic model. The paper clearly identifies a rang®& MM estimation strategies that
can be used to address the endogeneity issues (omittellearéand or measurement error) and dis-
cusses how the estimation strategy adopted depends uporathesource of concern related to the
endogeneity problem. The first-difference GMM strategypadd here - (a) addresses biases aris-
ing from time-invariant child-specific (genetic ability)pusehold-specific (parental preferences),
and community-specific (political connections) unobsbkleathat are likely to affect both current
and lagged health status, (b) corrects for potential biassisg from random measurement error in
anthropometric data, (c) uses instruments that neithgorelack of serial correlation in the error
terms, nor on the lack of correlation between the instrusiant the time-invariant unobservables
(example: genetic endowments) from the empirical spetibieaThe paper also contributes to the
growing discussion in academia about instrument relevandeuses test statistics and hypothesis
tests to support the relevance of instruments used in thalfffsrence GMM framework. Finally,
the results obtained here are also robust to sample attraicommon problem that arises due to

the use of longitudinal data.

8The methodology used for calculating these predictionsasd from Alderman et. al (2006).
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The rest of the paper is organized as follows. Section 2 gesva brief review of the related lit-
erature. Section 3 outlines the theoretical model spedifiei@rive the dynamic conditional health
demand function. The empirical specification and identiicastrategy used here are described
in section 4. Survey instruments, sample composition, samrstatistics, and attrition rates are
provided in section 5. The main regression results are gészlin section 6. Concluding remarks

follow in section 7.

2 Literature review on catch-up effects

The definition of catch-up effedwaries significantly in the literature. Growth retardatamd
subsequent catching-up in health outcomes depends on evitethshocks that result in growth
retardation are transitory or permanent. Transitory facéoe likely to inhibit growth in short-run
indicators of health outcomes such as weight and hemogldbBirereas permanent shocks inhibit
growth retardation in height attainments. The focus of gaper is to investigate the extent of
catch-up potential in the more long-run determinants ofthesuch as height.

The term ‘catch-up’ here signifies the extent to which cloloth malnutrition causes perma-
nent retardation in the growth of future health status. ‘Clategpcatch-up’ implies that childhood
malnutrition will not permanently lower the child’s futuggowth potential and that the child can
potentially also follow a higher growth path compared tdhes genetically predetermined growth
path. ‘No catch-up’ implies that a child once classified adarmourished, will be permanently
locked into a lower growth trajectory. ‘Partial catch-upiplies that childhood malnutrition will
cause some, but not severe, retardation in the child’s pradaned growth path.

As noted earlier, growth retardation in height attainmgeptsticularly during childhood, if
not recuperated at an earlier age can significantly lowemndividual’s total human capital ac-
cumulated, affecting his/her overall well-being. Hencegial scientists have made an attempt

to examine the magnitude to which individual's can recovenmf some of the deficits in health

9See Boersma and Wit (1997) for a whole range of possible tiefisito define ‘catch-up’ growth in health
outcomes.



outcomes caused by childhood malnutrition.

Different lines of inquiry are used to examine the relatlopdetween health during childhood
and future health status. The review of this literature hegvith the discussion of the important
INCAP (Institute of Nutrition of Central America and Panamtidy, a nutrition supplementation
program started during the late 1960’s in rural Guatemakee fMain finding of the INCAP study
indicates that nutrition during pregnancy and the first fexarg of life improved health status
during childhood and reduced stunting at age 3 [Martor&9@); Martorell (1995); Habicht et. al
(1995)]. The experimental design followed in the INCAP study only shows that there exists
catch-up potential in health outcomes but also suggestsitiiational interventions at early ages
contributes towards the improvements in child health.

In the absence of an experimental design, Foster (1995) dsita from Bangladesh use prior
period exogenous changes in weather outcomes to idengfglianges in subsequent health, as
measured by weight. The study finds that it is the better-offsSeholds that were able to reduce
the impact of the weather shock (flood) on child health andsfitiéit access to credit is one of
the important factors that enabled children to overcomeesohthe adverse economic conditions
created by the flooéf’

Some of the other studies in the literature have used lodigiél data to estimate dynamic
models which are used to identify the extent to which chitwthanalnutrition affects subsequent
health status [Adair (1999); Hoddinott and Kinsey (200EBglérov and Sahn (2005); Alderman et.
al (2006); Johnston and Macvean (1995)]. Among these, Ad@B9) and Johnston and Macvean
(1995) fail to address attrition bias and omitted varialbies. In particular, lagged health status is
not treated as endogendtis

Three other closely related studies that are much more satmé&edorov and Sahn (2005);

10See more on this literature in Strauss and Thomas (1998)

Johnston and Macvean (1995) use type of fuel used and nunitedearical appliances as right hand side
covariates, both of which are likely to be correlated witlusshold’s socio-economic status. Adair (1999) use low
birth weight, early menarche, height in the baseline ydanfavhich are correlated with household and individual-
specific time-invariant unobservables. Almos&06f the observations are attrited over time [Johnston andvigkat
(1995)]. Selection problems are magnified by running regioes on stunted and non-stunted children as classified
from the baseline year [Johnston and Macvean (1995); Adan9)]
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Hoddinott and Kinsey (2001); Alderman et. al (2006). Theselies not only examine the ac-
tual extent to which catch-up growth exists but also empletyneation techniques that address
econometric concerns such as attrition bias and endogenfdihe lagged dependent. The three
aforementioned papers discussed here estimate a dynamdiitional health demand functions to
estimate the coefficient on the lagged dependent varidiade|d, the catch-up term.

Fedorov and Sahn (2005) specify a dynamic conditional dielalth demand function in lev-
els? and Hoddinott and Kinsey (2001) and Alderman et. al (200&)aushild growth specifica-
tion®3,

Fedorov and Sahn (2005) use an Arellano-Bond (1991) anchatteely an Arellano-Bover
(1995) type estimation strategy yielding coefficients df@and 0.21 on lagged height, respec-
tively. Their results indicate reasonable catch-up paénThe main limitation of their paper is
that the results rely on a very strong assumption, thatak,dhserial correlation in the error terms,
which is usually not satisfied in dynamic panel data modeksadn (1997); Blundell and Bond
(1998); Blundell et. al (20003t

Hoddinott and Kinsey (2001) use both two-stage least sgU@8LS) and maternal fixed-
effects estimation techniques. In a levels models, yigldircoefficient of 0.56 and 0.18 respec-
tively on the catch-up term reflecting partial catch-up @fe The 2SLS method adopted in Hod-
dinott and Kinsey (2001) addresses problems arising fraxdam measurement error but may not
address omitted variable bias arising from the potentiaktation between the instruments and the

individual and household-specific time-invariant unoliabtes®. The maternal fixed-effects esti-

2Fedorov and Sahn (2005) specify a levels specificatibp= 5 + 31 H;—1 + Zf‘:l @XXW, + Zle ﬁjZZji +
€ + en + €. + €. Whereg; is child specific time-invariant unobservablg, is household specific time-invariant
unobservable;.. is community specific time-invariant unobservable, apds the random time-varying i.i.d. term.

13Hit —Hyy_1 =00+ BcHj_1+ Zle ﬁ]XXﬂt + Zle ﬁJZZ” +€; +€n + € + €;¢. The coefficient o, from
a dynamic levels specification on footnote 12 is equal todk;#from the growth specification here. Whetds child
specific time-invariant unobservablg, is a household specific time-invariant unobservah)geis the mother specific
time-invariant unobservable, amg is the random time-varying i.i.d term.

Mt is shown later in the paper using a Hausman (1978) typefigation test that the assumption of zero first-order
and second-order serial correlation in the error terms fadhnot valid for the data in hand and may not necessarily
be valid for other papers with a short time dimension (say tean 5 periods) as well.

SFor example: birth weight (instrument used in Hoddinott &masey, 2001) itself can also be endogenous on
two accounts - One, children with higher birth weight refleicther unobserved healthiness/innate ability and hence
potentially correlated with other child specific unobsétea in the model. Two, birth weight is usually known for
births taken in a health facility reflecting household’'siseconomic status (Strauss and Thomas, 2008). This makes

8



mation strategy adopted by Hoddinott and Kinsey (2001) estdrs omitted variable bias problem
but cannot address measurement error bias.

Alderman et. al (2006) use a maternal fixed-effects instniaievariable (MFE-1V) estima-
tion strategy which results in a catch-up coefficient of Grt8evels, reflecting partial catch-up
effects. Their paper addresses biases coming from measaotemor in data and other household
and community specific time-invariant unobservables, @sking almost all sources of omitted
variables bias and measurement error bias in data. Howedandual-specific time-invariant un-
observables such as the child’s innate ability to fight diesas treated as random. The individual-
specific time-invariant unobservables such as the chilefegc ability to fight diseases and absorb
nutrients could potentially be correlated with the insteums used in the first-stage regressions (no.
of days the child was living prior to August 1980). The estiima strategy adopted by Alderman
et. al (2006) though addresses biases coming from the atorelbetween household-specific
unobservables and child’s lagged health status, individpecific time-invariant unobservables
remain a potential source of concern.

In addition, both Hoddinott and Kinsey (2001) and Aldermanad (2006) estimate a growth
specification that is likely to magnify the measurement remmcheight attainments and bias the
estimated coefficient on the lagged dependent variablerttsxa which is equivalent to 0 in levels
specification.

As discussed above, the following three papers - FedorovSatuh (2005), Hoddinott and
Kinsey (2001), and Alderman et. al (2006) cannot compledelgress for both omitted variable
bias and measurement error bias in data. It is the abilithefitst-difference GMM strategy used

in this paper that makes it especially attractive.

birth weight correlated with other household-specific isehables in the model as well.
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3 Model

Parents make investments in their children’s health wighaim of improving the child’s overall
well-being. Following Fedorov and Sahn (2005), StraussTmmas (1998, 2008), health status
in period t can be specified as a function of health inputsirenmental factors, individual demo-
graphic characteristics, household background charsiits; genetic endowments, time-varying

health shocks, and time-invariant health endowments.

Ht :h(Mt,Mt_l,....7M0,It,]t_1,....,Io,Da—,eco,ec,/,th,/,Lh7G) 020,17...t (1)

H, is current health status measured by height-for-age zsmaneight in cm.\/; is health input
at time t which includes food and non-food consumption gags#si towards the maintenance and
or improvement of child health. It is assumed that househd@dnot derive any direct utility from
the consumption of health inputs except from its indire@ unsthe accumulation of child health
output. /; characterizes the environment where the child lives cagunfrastructure availability
and disease environment in the community, reflects all time-varying demographic character-
istics such as the child’s agé.,, includes all time-varying health shocks like fever and whaa.
0. summarizes information about all time-invariant charasties such as the child’s gender and
time-invariant health endowments like the child’s innabdity to absorb nutrients and fight dis-
eases.uy, andu, capture household specific time-varying and time-invartlamographics and
background characteristics such as parents rearing aimgyqaactices. G summarizes informa-
tion about all genetic endowments capturing genotypad phenotyp€ influences that affect
child health.

Following Strauss and Thomas (1992, 1995), the one-peaiggEld health status is assumed to

be a sufficient statistic that captures the impact of alltheaputs, environmental factors, and other

18Genotype influences include genetic endowments that ase@diom the parents to the child via their DNA.
"Phenotype influences capture all observable charactsristian individual, such as shape, size, color, and be-
havior that result from the interaction of genotype influeshwith the environment.
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time-varying characteristics starting from birth up uthié last observed period in the sample. By
making this assumption we can substitute for all past p&rideterminants of child health by the
one-period lagged health status in equatiot(Bedefining equation (1), the dynamic child health

production function can be re-written as:

Ht = f(Ht—17 Mtajta Dt7ectaeca,uht7/-1'h7 G) (2)

Where, health status in the current period is a function ofathe-period lagged health status,
current period health inputs, environmental factors, dgnayohics, genetic endowments, health
shocks, and household characteristics. The optimal cladibealth inputs is determined by the
household’s utility maximization problem described below

The household maximizes expected lifetime utility - U (3)bject to a lifetime budget con-
straint (4) where assets at end of period T must be equal iffieeence between lifetime earnings

and lifetime expenditure, and a period specific dynamiadmgalth production function (5).

T
Maz : U = EtZﬁtut[CtaHtaLt;ept] (3)
t=0
T T T
Ar = (JTA+r)) A0+ > (T]Q + ro)(wi(Ty = Ly) + m — PFCy — P M) (4)
t=0 t=0 7=t
Ht == f(Ht—laMtaItaDt7ectaeca,uht7/~1'h7G) (5)

The sub-utility function(u,) in each period depends upon consumption goods that inchat® f
and non-food consumption commoditi€s, leisure,L;, health status of the child/;, and certain
unobserved preference shocks, [ is the subjective discount factor which captures household

preferences for higher utility todayis-a-visthe future. P is a vector of prices of food and non-

Bwe acknowledge that this assumption is strong but testiisgagsumption is beyond the scope of this paper.

11



food consumption goodsP” is a vector of price of health inputsw, is the wage rate (price of
leisure).T; is parents total time endowment adgd is assets the households owns at the beginning
of period 0. Profit income from farm and non-farm activitieglall other sources of non-labor
income is captured by;.

The solution for the above optimization problem relies om fibllowing assumptions: (1) the
household’s lifetime utility function is assumed to be dstdly separable over time [Deaton and
Meullbauer (1980); Fedorov and Sahn (2005); Strauss anthabd2008)]. (2) The sub-utility
functions are quasi-concave and twice differentiable. T{3 one-period lagged health status is
a sufficient statistic capturing the impact of all past Heatiputs and resources in determining
current health status. (4) The household can potentialfyolaoand or lend against its future in
each period tF. Combining all the above assumptions, usingrdic programming, the optimal

dynamic conditional health input demand functidi;)*® can be written as:

Mt* = m(Ht—h Ptc7 -Ptm7 W, It7 A7 Dt7 96t7 067 Mhts HUh, G7 Et<Mt*—|—1)) (6)

M is a function of the one-period lagged health status, cupenod prices of consumption
goods, prices of other health inputs, wage rates, enviratehéactors,)\, a set of time-varying
and time-invariant child level and household level charastics, andz, (M}, ;). Where) is the
marginal utility of wealth in period 0)/; today is not only a function of past and current period
factors but is also affected by the household’s expecta@bdate t about all future period’s prices,
incomes, environmental characteristics, and other fasthiich entef\/; throughE; (M, ;).

The dynamic conditional health demand function (7) can lieinkd by replacind/; in equa-

tion (5) by A" in equation (6):

H: = h(Ht—la Ptca Ptm> W, Ita )‘7 Dt> Hctv eca Khty Hoh, G> Et(Mt*+1)) (7)

195ee Strauss and Thomas (2008) for a similar, yet even moexajenodel with clear exposition of the solution
method and assumptions needed to derive such a dynamic.model
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A lot of the assumptions outlined earlier in this section ac&nowledged to be strong, but
testing these assumptions is not the aim or contributiohiefgaper. In addition, it is shown later

how relaxing some of these very strong assumptions doesmgitieally change our results.

4 Empirical specification and identification

The main aim of this paper is to establish using a dynamic tritbde=xtent to which childhood
malnutrition can permanently alter height attainmentshim future. In addition, this paper also
characterizes the determinants of child health outcomessiatic environmeft. The static (8)

and dynamic (9) conditional health demand functions esggchan this paper can be written as

follows:
R s
Hy = By + Z@XXM + Zﬁjzzjz‘ + €+ Vit Uit = €+ €p + € (8)
=1 =1
R s
Hy = Bo + B1Hij—1 + Z ﬁjXint + Z @ZZJ‘@' + € +€ep+ €+ € 9)
j=1 j=1

H;; and H;_, are the child’s height-for-age z-score or height measunecentimeters at time
t and t-1 respectively, where subscript i refers to the iial. X’s are time-varying regressors
which include child’s age, household income, and commuthigracteristics such as prices of food
consumption goods, prices of health inputs, and communitastructure variables. Z's include
time-invariant regressors such as parental schoolingbi®s and parental height.

It is in general difficult to obtain a composite measure ofifdome which captures wage and
non-wage income from all sources. Along with the difficultyabtaining a composite measure
of household income, there also lies great deal of measumsgner in incomes reported. Hence,

similar to papers in the existing literature, this papersusg of real per capita household con-

20See Mani (2007) for the derivation of the static conditiomgdlth demand function.
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sumption expenditure [log(PCE)] as a proxy for householdssure of full income in the static
specification (8) [Thomas et. al (1990); Thomas and Stral832)].

In the dynamic model) is known as the marginal utility of wealth in period Bis a function
of both retrospective information (period 0 to period t-hiigprospective information (period t+1
to period T) on prices, incomes, child characteristics, lamasehold characteristics, that enter the
demand function through the lifetime budget constraint.pkiTally, treating marginal utility of
wealth as a constant would be a strong assumption sinceds reh the existence of complete
markets. However, households in most developing coundtiescredit constrained. Therefore,
the assumption of complete markets is empirically relaxeck tby using some sort of a proxy
for household’s access to credit. | use lagged measure afflogusehold’s real per capita con-
sumption expenditure in the right hand side to control fardehold’s access to credit. The lagged
measure of log(PCE) is assumed to capture the househol@ssat credit. The sequence of ex-
pected future household characteristics, prices, incoamksother factors affecting current health
through E; (M, ;) empirically enters either through the time-invariant rehusld specific unob-
servables ;) or the time-varying i.i.d terme(;) given in equation (9). Whether the sequence
of factors that affect current health status through/;, ;) enter the empirical specification via
(ex) and or €;;) depends upon whether the household assumes some of thesgations to be
time-invariant or not. No specific assumptions are needédiscase since it does not affect our
empirical work any differently. However, we do need to assutat the impact ofJ, (M}, ;) on
H; enters the demand for current health only additively.

There are four sources of unobservable in the dynamic spa&tiin (equation 9)e;, €, €., and
€. € captures the time-invariant individual-specific unobabétes reflecting the child’s inherent
healthiness.¢;, captures all time-invariant household-specific unobddegreflecting parental
preferences toward child health and parents time discaatet re. captures all time-invariant
community-specific unobservables like community timeamant endowments and political as-
sociations.¢;; includes child specific time-varying unobservables suchxggcted future health

shocks, current health shocks, and expected future pricesamsumption goods, health inputs,
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wage rates, and other household characteristics, someiolfiware unknown to the child and all
of which are unknown to the econometricians at date t. Intaddio the unobservables in the
dynamic specification, there are also two sources of uneabkss in the static specification;
ande, where v, in equation (8) is assumed to be a time-varying i.i.d fémmde. is time-invariant
community specific unobservable which is removed throughroanity fixed-effects.

The condition of zero correlation between the error termexplanatory variables may never
be satisfied with the inclusion of the lagged dependent bkrian the right hand side [Deaton
(1997); Blundell and Bond (1998); Wooldridge (2002)]. Hendthw{;;_; endogenous, standard
OLS estimate of3; is likely to be biased and inconsistent. The sources of emaeity in H;,
deserve careful explanation.

The one-period lagged health statiif; 1, is likely to be correlated with the time-invariant
individual-specific unobservables like the child’s alyilid fight diseases, which creates an upward
bias in the estimated coefficient on the one-period laggattthstatus #,. The one-period lagged
health status is also likely to be positively correlatedhwhie time-invariant household-specific
unobservables like parental preferences towards chilidhha&ad time discount rate, again creating
an upward bias in the estimated coefficient on the one-péaigged health status3,. Parents
could also invest more in children who had lower health statuhe last period making the coeffi-
cient ong; biased downwards. The time-invariant community-specifichservables like political
connections of a community are also likely to be positivadyrelated with the lagged dependent
variable creating an upward bias in the estimated coefti@ans;. At the same time, pro-poor
policies at the community level can bias the estimated aneffi of 3, downwards. In addition3;
is likely to be biased downwards, towards zero due to theemi@sof classical measurement error
in height attainments.

Given the different sources of the potential biaseddin 1, it is difficult to assign the net

2lIn the static specification, there are not enough obsenatidth at least two children from the same mother
or household to be able to separately control for housetp#dific time-invariant unobservables and hence we must
treat the time-invariant unobservables at the individual the household level as random. An alternate method would
be to estimate the static demand function in first-diffeesnto remove all time-invariant unobservables from the
specification. However, this comes at the great cost of ¢pie impact of all time-invariant parental charactersstic
in determining child health.
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direction of bias on the estimated coefficient on the onéegdagged health status* . However,
one can broadly classify the main sources of the endogeimettye estimated coefficient on the
one-period lagged health status as omitted variables arahdom measurement error in data.

It is empirically a difficult challenge to correct for both dted variable bias and measurement
error in data. This paper discusses variants of the IV/GMdegion strategies that can be used
to address either omitted variables bias and or random rmrexasat error in data.

The first IV strategy followed here is a simple two-stage tesamiare (2SLS) with province
fixed-effects, where the dynamic levels specification (9¢stimated using two-period lagged
(1993) community characteristics as instruments for ldggaEght under the assumption that the
community characteristics are exogenous, and that theitivagiant individual-specific, location-
specific, and household-specific unobservables are rantloe2SLS estimation strategy followed
here addresses random measurement error bi#s in as the lagged community characteristics
are likely to be uncorrelated with the time-varying indivad-specific time-varying unobservables
(eir). However, one cannot rule out for the correlation betwéentime-invariant unobservables
(&, €., andey,) and the instruments used due to the presence of potentiatamsiom program
placement effects, and hence the estimated coefficierf;on is likely to be biased upwards (if
€. captures political association) or downwards:(itaptures pro-poor policie®)

A simple solution for removing all sources of unobservecrmieneity ;, ¢., ande;,) would
be to estimate the dynamic specification (equation 9) in-@ifftrences. The advantage of first-
differencing is that it takes away all time-invariant unebh&bles from the estimation equation
there by taking care of one of the potential sources of enugigein 5;, omitted variable bias.
The disadvantage of first-differencing being that it alde@ssaway the impact of certain important

right hand side variables such as mother’s height, fatleight, mother’s schooling, and father’s

22Community level infrastructure variables are likely to lmerelated with community specific time-invariant un-
observables (see Rosenzweig and Wolpin, 1986). Ghumanl ¢20@5) also discusses how the community level
time-invariant unobservables could also be potentiallyetated with other household specific observables crgatin
an upward bias in the estimated coefficient on the houselt@tacteristics. In the two-stage least square estimates
applied to the dynamic specification, we include for proeifixed-effects and not location fixed-effects due to prob-
lems of multicollinearity that arise from little over-timariation in the location varying characteristics. Praén
fixed-effects address some of the concerns regarding endoggrogram placement effects, but not all.
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schooling that have an independent effectrhn A lot of the potential variation among the right
hand side variables is also lost due to first-differencingstfdifferencing alone cannot address
biases coming from the correlation betwegi#/;; 1) andd(e;) which stems from measurement
error in data, and is still to be addressed. A simple firded#hce method in the presence of
random measurement error will create an even larger dowhhias in the estimated coefficient
on the first-differenced lagged height (see Griliches andsrean, 1986).

The second estimation strategy adopted here follows anatweBond (1991) framework
where the first-differences in lagged height is instrumémtéh community characteristics from
1993, and height from 1993, maintaining the assumptiona¥ & serial correlation in the error
terms, and exogeneity of the community characteristias. dhown in the results section (section
6.4) that the assumption of lack of serial correlation in é¢ner terms is not satisfied here, and
hence an Arellano-Bond (1991) type estimator cannot be wselotiin an unbiased and consistent
parameter estimate on the catch-up term.

Certain other variants of the GMM estimation strategy like #rellano-Bover (1995) and
the System GMM (Blundell and Bond, 1998) estimators can piatigntddress both sources of
endogeneity - omitted variables and measurement error.eMemvthese two estimators also rely
on the lack of serial correlation in the error terms, whicmag satisfied in this paper, and hence
cannot be used to obtain an unbiased and consistent parastiteate on the catch-up tetin

Third, the preferred first-difference GMM strategy adopkesle uses only community char-
acteristics from 1993 and it’s interactions with child’seagnd mother’s schooling to identify the
changes in height between 1997 and 1993 (first-differenaggeld height). The first-difference
GMM strategy only relies on the assumption of exogeneityhef¢community characteristics and
provides us with an unbiased and consistent coefficiemhasti on the catch-up term. Two-period
lagged (1993) community characteristics like number ofthgaosts in a community and other
measures of community infrastructure are used to idert#gychanges in height between 1997 and

1993.

23See Blundell et. al (2000) for an outline on the additionatrietions needed for obtaining unbiased and consis-
tent coefficient on the lagged dependent variable using teako-Bover (1995) and System GMM estimators.
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Health posts also locally known gmsyandusvhich are located in almost all communities
in Indonesia. These posyandus are community-sponsorediliade health posts which provide
basic maternal and child health care to neighborhood grotipsy are primarily targeted towards
meeting the health care needs of younger children in the &@eand 5 years - who are most
vulnerable to health shocks. Health posts provide immuiozgervices, oral rehydration solution
packets, and vitamin supplements on a monthly basis. Orsmog instances it also provides food
supplements to young children. Health posts in a commuiciiyely contribute towards meeting
the health care needs of children and hence the number dhhmadts present in a community
during 1993 can be used as a good identifying variable tca@xpthe subsequent changes in child
health between 1993 and 1997 Additionally, interactions between mother’s schoolingidahe
number of health posts in 1993; interactions between aédé in months in 1993 and the number
of health posts in 1993 capture for the age and mother speetficns to availability of health
post in the community. Electricity in the community refleatfrastructure availability and the
disease environment, both of which affect subsequent @samgchild height. Taken together,
these instruments capture access to preventive measufe=salbfi and to some extent curative
measures of health, both of which affect subsequent changédd height. Recall that under the
assumption that the community characteristics are exaged the above mentioned instruments
are valid for identifying the subsequent changes in heightranents among young childr&n

So far the potential pros and cons of following the differBMiGMM estimation strategies
have been discussed. The results section outlines thel acefficient estimates on the lagged
dependent variable and the direction of bias in the estidnatefficient on the catch-up term. This
paper attempts to choose the estimator that addressesrhiitbcvariables bias and measurement

error bias.

24The statistical relevance of these instruments used isised in section 6.3

251993 measures of all community characteristics can be paligrused as instruments to identify the changes
in health status between 1997 and 1993 (first-differencggeld height). However, there is a severe weak instrument
problem associated with using all the community charasties from 1993 to identify the changes in lagged health
status between 1997 and 1993
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5 Data and variables

5.1 Indonesian Family Life Survey

The data used in this paper comes from the 1993, 1997 and 2808svof the Indonesian
Family Life Survey (IFLS), a large-scale socio-economievey conducted in Indonesia. The
IFLS collects extensive information at the individual, theusehold, and the community level.
The survey includes modules on measures of health, howsebtoiposition, labor and non-labor
income, farm and non-farm assets, pregnancy, schoolimguroption expenditure, contraceptive
use, sibling information, and immunization [see Frankegle¢. al (1995, 2000) and Strauss et. al
(2004) for more details on sample selection and surveyunsnts].

The IFLS is an ongoing longitudinal survey, the first wave difieh was fielded during late
1993 and early 1994 (IFLS1). In IFLS1, 7224 households weterviewed. The first follow-
up wave was surveyed during the second half of 1997 (IFLS&)hefore the major economic
and financial crisis in Indonesia. In IFLS2, 7629 househaldse interviewed of which 6752
were original IFLS1 households and 877 were split-off hbos#s. The third wave (IFLS2+)
was a special follow-up survey fielded during the late 199825% sub-sample of the original
IFLS1 households were contacted in late 1998 with the aimnafyaing the immediate impact
of the 1997-98 economic and financial crisis. The fourth walvehe IFLS was fielded in 2000
(IFLS3). A total of 10435 households were interviewed in Q0@f these, 6661 were original
IFLS1 households and 3774 households were split-off haldehThe sample surveyed in 1993-
94 represented 83 of the Indonesian population living in 13 of Indonesia’s 2@yinces at the
time. The 13 provinces are spread across the islands ofBalakalimantan, Sumatra, West Nusa
Tenggara, and Sulawesi. Provinces were selected to maximpesentation of the population,
capture the cultural socio-economic diversity of Indoagand yet be cost-effective given the size
and the terrain of the country. A total of 321 enumeratiomarg&As)/communities were selected
from these 13 provinces for final survey purposes.

The IFLS is unique in a number of ways - (1) it links individuhbusehold and community
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level data bringing together an enormous amount of infolonahat enables us to better under-
stand the impact of household characteristics on indiviwal observables controlling for com-

munity infrastructure availability. (2) IFLS interviewsambers from different age groups (0-14
years interviewed by proxy, 15-49 years, and 50 years arat)atdpturing the overall demographic
composition in a household. (3) Few other surveys colleatthegelated measures, in particular,
height in centimeters is not commonly collected in all hdusdeé surveys. (4) The IFLS is partic-

ularly useful in estimating a dynamic panel data model asnesing such a model requires data
from atleast two time periods and a lot of exogenous vargatilat can be used as potential in-
struments to address the endogeneity issues in the laggetdient variable. (5) The IFLS data
guality is excellent as numerous checks were done at theléedd and at the data entry level.

For example: IFLS provides best guessed age in years, dbtelofear, date of birth month, and

date of birth day information for all panel and new resportsléom all three waves of the survey.
Numerous variables are double-checked across waves amssdmoks within the same wave to
provide correct information to the user.

Location/geographic information for all respondents igikable at four administrative unit
levels in Indonesia (from smallest to the largest): comnyykiecamatan (subdistrict), kabupatan
(municipality) and province. One would ideally like to useetcommunity level code as the lo-
cation variable to remove any location-specific time-iraatr unobservables from the model and
also control for community level time-varying charactgcs in the right hand side of the empiri-
cal specification. There are two challenges in using tharalgommunity codes as the location
variable in this study: First, community level data is omsadable for respondents residing in the
321 original IFLS communities. The IFLS does not provideadetl community level information
for mover households except for some communities in 200®ds¢ails in the mini-CFS question-
naire from Strauss et. al (2004)]. Second, to do any locatpetific fixed-effects, data must be
available on at least 2 children residing in the same comiypdirom each of the three waves of
the IFLS. In order to be able to match households with comtyuevel information in all three

waves of the survey, and estimate fixed-effects models tovertime-invariant community level
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unobservables, the following decision rule is used to eréla¢ “location” variable used in this
paper that is aimed at overcoming the two above mentionesticonts.

The “location” variable created here is assigned with themrmaoinity code if there are 5 or
more children residing in the same commuffityn cases where this criterion fails, the “location”
variable is assigned the code corresponding to the nextdéeggregation, i.e., the kecamatan
code following the same rules. Similarly the kabupatan astly the province codes are assigned
to the location variable in order to obtain at least 5 childrem each of the newly created location
variable. This new aggregation of the geographic units ek combine household level and
community level information and also allows the use of fiedid:cts estimation techniques at the
location level. It is this “location” variable which capeasg geographic information corresponding
to each household in all three waves of the IFLS. All commulaivel characteristics reported in

the tables vary at the location level created here and nbeatriginal community id level.

5.2 Attrition rates

Sample attrition primarily occurs at two levels - the indwal level and the household level.
Attrition at the individual level occurs when an individuabm the original wave either cannot
be followed in the subsequent waves or information on theedéent variable is missing due to
measurement error in data or due to other restrictions iggdy the author. Attrition can be
a problem only if, firstly, observable factors that resultaitrition are correlated with the error
term in the specification of interest (9), and secondly, Bhservables in the attrition equation are
correlated with the unobservables in the empirical spextitia of interest (Fitzgerald et. al, 1998).
This section provides details on household level and idd&i level attrition rates using the IFLS

and addresses concerns regarding attrition bias.

28t is usually the case that less than 5 children are found imntpmmunities which were not the original IFLS1
communities and are communities where mover householiteres

2"The kecamatan and kabupatan codes are based on BPS (Iratooesiral bureau of statistics) codification that
can be easily linked to other nationally representatiom tike the SUSENAS. The definition of a kecamatan and a
kabupatan continues to change over time. In order to useragsic codes of the kecamatan and kabupatans over time,
| use the 1999 BPS codes that define the kecamatan and kaloopsfor all IFLS communities from all three years
of the survey.
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In IFLS1, 7224 households were interviewed. In IFLS2, 94 all original IFLS1 house-
holds were re-contacted. In IFLS3, 9% %f all original IFLS1 households were interviewed
(Strauss et. al, 2004). The follow-up surveys were onlyglesil to target the original IFLS1
households. Household level attrition is at about/d ger year between 1993 and 1997 and at
about 1.3¢ per year between 1993 and 2000. The IFLS follows househbidstiove out of the
community in which they are interviewed in the baseline yeseping household level attrition
low [see Thomas et. al (2001) for more details on sampletiatirin IFLS]. In addition details
about attrition rates at the individual level are providedbiv.

From IFLS1 complete information on age in months, sex, anghtén cm is available for
2203 children between the age of 3 and 59 months. Of these@fldiBen, 1966 were followed in
1997, and 2051 of the original sample was re-contacted i0.28Qotal of 1819 children between
the age of 3 and 59 months in 1993 can be followed through tB@ aa8d 2000 waves of the IFLS -
this sample excludes observations deleted due to measniremer in height attainments or age in
months. There was an overall rate of 1G4/attrition between 1993 and 1997 and 679between
1997 and 2000. Re-contact rates were much lower in 1997 asareohfp 20088, A simple mean
test on the difference in height attainments between dtiidn in 1993 and children who were lost
over time is -0.76 with standard error of 0.80. The mean diffiee in height attainments between
all children present in 1993 and a sub-sample of those whe wexsent in 1997 and 2000 is not
statistically different. This indicates that attritioni@a are not related to differences in initial period

health statu®, suggesting that attrition is more likely to be random.

28In analyzing household level attrition rates, Thomas e2@01) also find that attrition rates are higher between
1993 and 1997 as compared to 1997 and 1998. They attribatdehbiine in attrition rate to be associated with learning
by doing in running a large-scale household level survey.

29additionally a linear probability model on attrition is alsstimated where the dependent variable, attrition
is defined equal to 1 if the individual can be followed throupgk 1993, 1997 and 2000 waves of the IFLS, and
zero otherwise. The right hand side regressors includénhég-age z-score, mother’s schooling, father’s schapli
mother’s height, father’'s height, gender, age in monthsasuee of household income, mother’s age, father’s age,
rural dummy, and location indicators. All the right handesidgressors belong to the baseline survey year, 1993. The
coefficient on HAZ from 1993 is 0.002 with a standard error.0602, indicating an insignificant impact in determining
attrition. Among the other regressors mentioned abovs,dnly the rural dummy which has a significant impact on
attrition apart from the location indicators. Childrenidésg in rural areas are more likely to be followed as comgare
to children residing in urban areas in the baseline yeas iEtgimilar to the findings by Thomas et. al (2001), who find
that household level attrition rates are higher in urbaasoempared to rural areas. In summary, the liner probgbilit
model also verifies that attrition is unrelated to endogsruhservables like the child’s health status from 1993 and
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In addition, individual level attrition is not a real conoen this paper, given the estimation
strategy adopted here. First-differencing removes akmidl sources of unobservables like the
child’s genetic endowments which is likely to be correlatgth the observables or unobservables
that result in attrition, thereby creating attrition biaisthe presence of a first-difference estimation
strategy, the only possible remaining source of attritgthat arising from the presence of random
health shocks, such as infectious diseases that may a#atthtstatus in 1993. But, these health
shocks from 1993 are also likely to be uncorrelated with tbalth shocks in 1997 and/or 2000.
Hence, attrition arising from the existence of random, twaeying health shocks is not likely to

contaminate the parameter estimate on the lagged deperatetile.

5.3 Sample size, variables, and descriptives

Martorell and Habicht (1986) and Satyanarayana et. al (198t out that decline in growth
in height during the first few years of life largely deternsrtee small stature exhibited by adults
in developing countries. In addition height measured ahgaages is also strongly correlated with
attained body size as an adult [Spurr (1988), Martorell §)P9Hence, in this paper the initial
sample is restricted to children less than 5 years of age 93°19In addition, the sample in this
paper is restricted to include children who are less thaneisyof age in 2000 in order to keep
the child health production function time-invariant foetbomplete sample héfe This additional
restriction does not result in the loss of several obseymatbecause the initial sample includes
children who are between the age of 3 and 59 months in 1993emakhby 2000, over 99 of the

sample is still under 144 months of age. The final sample dedul819 children for whom there

measure of household income. Hence the parameter estineptased in this paper are not likely to be confounded
by selection issues. See table 10 in appendix for completétseof the attrition regression.

30Although some amount of catch-up growth occurs during aelece, it is not sufficient to overcome the ini-
tial loss in the growth in height (Martorell, 1999). Additially, the catch-up potential in adolescence is limited by
maturation. Early maturation also hinders catch-up pa@knAlmost all children mature somewhere between 11-14
years, thereby restricting growth potential. Hence, cafelyrowth estimated using the sample of children less than
12 years, reflects a possible lower bound on the extent oéBctog-run catch-up possible by the time the child is an
adult and stature becomes predetermined for life. Howe¢he same time maturation during adolescence suggests
that this catch-up coefficient is not likely to be a lot smetleat the true lifetime catch-up estimate.

31The child health production function varies between youhijdeen and teenagers going through pubescent
growth spurts (Waterlow, 1988).
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exist complete anthropometric details from all three wadfabe survey.

The outcome variables of interest in this paper are: hdigh&ge z-score (HAZ) and height in
centimeters. HAZ score is used as the dependent variabsimading the static conditional child
health demand function as specified by equation (8). Hefptgintimeters is used as the dependent
variable in estimating a dynamic conditional health demfamdtion as specified by equation (9).

Height-for-age z-score and height in cm are both well esthbt long-run indicators of in-
dividual health status. Figure 1 in the appendix shows tkeatazes flatten out by 48 months of
age. Also the majority of children in the dynamic specificatare older than 48 months, by which
z-scores flatten out leaving little scope for any dynafiiemwever, height attained in centimeters
is not only a long-run indicator of health status but alsotgggs the dynamic effects in health
outcomes. Figure 2 in the appendix highlights the strongalirrelationship between height in
centimeters and age in months, depicting continuous clsaindesight attainments.

The right hand side variables in the regression estimatdsda - age of the child, male dummy,
male dummy interacted with age in months, logarithm of realgapita household consumption
expenditure, mother’s height in centimeters, father'gghein centimeters, mother’s completed
grades of schooling, and father’s completed grades of dicigodn addition to the aforementioned
child level and household level characteristics, the =giom estimates also include a series of
location level time-varying characteristics such as amcatdr for whether the individual lives in
a rural area, log of real price of rice, log of real price of densed milk, log of real price of
cooking oil, distance to health center in km, dummy for pnegeof paved road, percentage of
households with electricity, log of real hourly male wagtesa log of real hourly female wage
rates, and number of health posts in a community. Informatio age of the child, gender, and
per capita consumption expenditure is obtained from theséloold questionnaires. Age and sex
variables were checked to be consistent over time acrodisraé waves of the survey. Informa-

tion on household residence is also obtained from the haldejuestionnaire. Prices of food

32t is growth faltering at young ages among children from depig countries that results in the decline in the
z-scores. Most of this growth faltering occurs due to podrition and diseases. See Shrimpton et. al (2001) for more
discussion on growth faltering in young children.
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consumption goods such as price of rice, price of cookingamitl price of condensed milk are
obtained from the community questionnaires. All pricesameverted in real terms and expressed
in logs. Hourly male and female wage rates are also convartexhl terms and expressed in logs.
Information on whether the community has a paved road omurhber of health posts located in
a community, distance to the health center in km, and pesgendf households with electricity in
a community are also obtained from the community questibena

Tables 1 and 2 show trends in mean height-for-age z-scoteparsentage of children classi-
fied as stunted over the three waves of the IFLS. There exgt#isant improvement in mean
height-for-age z-scores over time for children using batheated cross-sectiofaland panel
data*. The statistics indicate that mean height-for-age z-scar@rsen until 1997 and then im-
prove during 1997-2000. The percentage of children claskds stunted also increases between
1993 and 1997 and then declines between 1997 and 2000. Inaynirends in child health status
as measured by height-for-age z-scores have improved tkyetre2000.

Table 3 depicts the relationship between levels of stundimgng childhood (as measured in
1993) and height attained in centimeters during later stafdife (as measured in 2000). Male
children initially classified as stunted in 1993 grow to b@s4cm shorter than their counterparts in
2000, who did not suffer from any evidence of long-run matitioh during childhood. Similarly,
female children initially classified as stunted in 1993 gtovbe 3.81 cm shorter than their female
counterparts who did not suffer from any malnutrition dgrohildhood. There is no evidence of
gender-differences in height attainments among stuntdchan-stunted children. The pattern of
no gender-differentials is also found in another impor@sgect of human capital accumulation,
education as measured by primary school enroliment ratesl@likar, 1993). Also in examining
mortality rates, Kevane and Levine (2001) find no evidenc&s$sing girls”, i.e., daughters are
not likely to suffer from higher rates of mortality than sorisevine and Anes (2003) show that

even in the aftermath of the crisis, girls did not fare wotsntboys. Most of the literature from

33Cross-section data includes data for children betweenghs @ and 59 months in 1993, 1997, and 2000 waves
of the IFLS.

34panel data includes data for children initially betweerees 3 and 59 months in 1993 who are followed through
the 1997, and 2000 waves of the IFLS.
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Indonesia, suggests that there is no evidence of gendeintd@agor of male children.

In this paper, pooling tests on gender in the first-diffeezhdynamic instrument variable spec-
ification gives an overall chi-square of 55.74 (0.00), whiaVors separating the sample for boys
from girls and then estimating the first-difference equatidowever, a chi-square test on all right
hand side variables except the age and gender interactétiends is 10.61 (0.64). This suggests
that the differences in height between boys and girls oconhg due to the age and sex specific
differences in growth of height attainments and not due tiemintial catch-up effects between
boys and girl®® or any other socioeconomic characteristics. Hence, inpyiser only coefficient
estimates from the pooled regressions are reported chmgy®br interactions between the male
dummy and age in months variables to capture the gendeffisgrowth patterns in height attain-
ments.

Table 4 gives information on the mean and standard deviati@ll variables used in the re-

gression specification.

6 Results

6.1 Results from estimating a static health demand function

Columns 1-4 in table 5, report coefficient estimates fromasging height-for-age z-score on
child characteristics, household characteristics, aodtion interacted time dummies. In column
5 of table 5 these location-interacted time dummies areoepl with actual location time-varying
characteristics. Columns 1-4 in table 5 capture the indep@nidhpact of household level and
child level characteristics in determining current healifitus after controlling for all community
level characteristics by using location/community intéea time dummies on the right hand side
of the empirical specification. The regression coefficieatsorted in table 5 follow an OLS/IV

estimation strategy with location fixed-effects. The stdderrors reported in table 5 are not only

35A chi-square on the interaction between the first-diffesghiagged height and the male dummy from the pooled
first-difference GMM specification is 1.00 (0.31) which iodtes that there are no gender differential catch-up sffect
in health outcomes.
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adjusted for clustering at the individual level, but areoaigbust to the presence of any arbitrary
form of heteroskedasticity.

The coefficient estimates obtained on the child and houdedt@racteristics from columns 4
and 5 of table 5 are not statistically different from eacheotimdicating that the choice of using
location interacted time dummies vs. location time-vagyaharacteristics is not likely to bias the
coefficient estimates on the household characteristicglaitdicharacteristics reported in columns
4 and 5 of table 5.

The coefficient on the male dummy from table 5 has a negatiyg suggesting that females
have better health than male children. This result is sigikvhen compared to other Asian coun-
tries like India and Bangladesh which exhibit comparablelewof stunting, where one finds large
significant gender differentials in favor of boys-a-visgirls. For Indonesia this is not very sur-
prising, since the country does not traditionally suffeanfr large gender differences in human
capital accumulation outcomes (see pg 25-26).

The relationship between height-for-age z-score and ag®iths is non-linear and the coeffi-
cient on the spline variables captures this non-lineairiyicating that z-scores decline till the age
of 24 months and then improve and remain steady and or unelafter 48 months. The interac-
tion terms between the spline variables and male dummy gpthe gender specific changes in
health outcomes. Overall, females have higher z-scoresrapared to their male counterparts.

Household characteristics included in the regressiomestis are parent’s completed grades
of schooling, parental height in centimeters, and meaduneusehold income. Parents schooling
variable captures for the efficiency with which health irgoarte transformed into health output. The
coefficient estimates on mother’'s completed grades of dictgpand father's completed grades of
schooling reported in table 5 shows an expected positiaioalship between parental schooling
and child health. Every additional year of mother’s schaglncreases z-scores by 0.015 (column
1, table 5) standard deviations. Father’'s schooling hassdiym though insignificant impact on
z-scores. The IV estimates reported in column 4, table 5 alsgpreferred estimates indicate

that neither of the parental characteristics have a statilst significant impact in determining

27



child health. The positive correlation between househeldgapita consumption expenditure and
mother’s schooling is likely to have biased the coefficiestineate on mother’s schooling upwards
in column 1, table 5. This is contrary to much of the evidentéhe literature (see Strauss and
Thomas, 1998 for review). However, Behrman and Rosenzweig2(2@d a separate treatment,
examining the impact of mother’s schooling on child schaoglianother measure of human capital)
show that mother’'s schooling has little role in determingfgld schooling once the regression
estimates are appropriately corrected for endogeneityamtother’s schooling variable.

Parental height variables capture the impact of genetiownunts in determining current
health. Mother’s height in centimeters and father’s heigldentimeters both capture the impact
of different genetic endowments in ascertaining the chitdirrent health statéls Every 1 cen-
timeter increase in mother’s height improves z-scores by @tandard deviations and every 1
centimeter increase in father’s height improves z-scoye8.03 standard deviations (column 4,
table 5). Mothers’ height is likely to have a higher impactietermining child health as compared
to fathers’ height. This is similar to the results found byuBtan et. al (2005) and Thomas and
Strauss (1992).

The final household characteristic included in the regossspecification is that of household
income. Logarithm of real per capita household consumpigrenditure is used to capture the
household’s complete resource availability. OLS estisaftéog(PCE) from column 1, table 5 can
be both biased upwards due to its correlation with time+iava household-specific unobservables
and biased downwards due to measurement error in data.sfase¢xogenously determined in a
static model and hence, log(PCE) is replaced with produetssets and total assets respectively
in columns 2 and 3 of table 5. The results indicate that chrldresiding in households with
higher income enjoy better health. IV estimates of log (PGE)raported in column 4 of table 5
where log(PCE) is instrumented with the sum of householdyxrtiee assets, unproductive assets,
and unearned income, which are assumed to be exogenous aticarsbdel. The coefficient

estimate on log(PCE) increases from 0.08 (column 1, table 6)24 (column 4, table 5) showing

36See Thomas and Strauss (1992) for discussion on the roledlay parent-specific genetic endowments in
explaining current health status.
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that IV estimates of income have much larger impact on ctinealth status. The increase in
the coefficient estimate of log(PCE) from OLS to IV regressiordicates that OLS estimates of
log(PCE) is likely to be biased downward due to measuremeaot and not biased upwards due
to omitted variable¥. The role of income is largely consistent with most relateatknexamining
the determinants of child heafth

The role of community/location time-varying charactecsts also important in determining
child health. In the light of endogenous program placeméstts, not accounting for the cor-
relation between community infrastructure variables ammunity level unobservables can bias
coefficient estimates on the community characteristics §Rpaeig and Wolpin (1986)]. To ad-
dress thisissue in its entirety, the original communityesoohust be used for estimating community
fixed-effects models. However, the data restrictions dised in section 5.1 of the paper suggest
that the smallest level of geographic aggregation must {oefi@ed to a ‘location’ in order to re-
move any geographic time-invariant unobservables fronmtbeel. The coefficient estimates from
an IV location fixed-effects model is reported in column Hléa5 which captures the impact of
the community/location level time-varying charactedstin determining child health, addressing
only some potential concerns related to endogenous progi@rement effects.

Among the community level time-varying characteristits paper controls for prices of con-
sumption goods, health inputs, wage rates, and commurirgstnucture variables. Prices of con-
sumption goods included are - price of rice, price of coolailgand price of condensed mitk
The increase in the price of rice is associated with impra@shin child health in both urban and
rural areas (column 5, table 5). A priori one would think timerease in the price of the staple food
consumption commodity must be associated with a declinbild bealth. However, a positive co-
efficient on rice prices in rural areas indicates that hookshin these areas are net producers of

rice and not net consumers of rice. As for urban areas, thiaysosoefficient on the price of rice is

37The F statistic on the excluded instruments and the Hanstatistis from the first-stage regression for the IV
estimates reported in table 5 are appended at the end of3alyld the complete first-stage regression estimates are
summarized in table 11 of the appendix.

38Thomas et. al (1991); Thomas and Strauss (1992); Haddat(2008); Glick and Shan (1998); all find a strong
positive effect of per capita consumption expenditure itedrining child health.

39prices are converted in real terms and expressed in logsghowt the paper
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still surprising as residents in urban areas are likely todteceonsumers of rice and not net produc-
ers of rice. Rice in itself has little nutritional componeihis only a source of carbohydrates for
the body which provides energy. In addition, if householdd Access to other food consumption
goods (excluding rice and including better substitutesife) like cassava, milk, vegetables and
meat; then the prices of those food consumption goods waellshdre important in determining
child health as compared to price of rice.

Increase in the price of cooking oil is associated with aecln child health (column 5, table
5). Spending on cooking oil may not be a large proportion afsehold per capita consumption
expenditure but reflects spending on essential consumgbtods. One important consumption
good aimed only for children is condensed milk, also inctlidte the regression results. The
advantage of using condensed milk is that it does not nee@deedition, an important advantage in
a country where not all households own a refrigerator. Theemf condensed milk has a positive
but insignificant impact in determining child health. Dueatdot of the missing variables in the
price data for other consumption goods, this paper can amyral for the price of rice, price of
cooking oil, and price of condensed milk among our right hside variables. It is acknowledged
that ideally a range of consumption goods must be includedenight hand side. However data
constraints do not allow us to control for prices of more congtion goods.

Also included in the regressions are prices of health inpatsaptured by distance to health
center, and price of parents time as captured by male anddespacific hourly wage rates in a
community’®. None of these have a statistically significant impact otddigalth.

Measures of community infrastructure availability suchhamber of health posts (access to
health care), presence of paved road (access to bigges)caied availability of electricity (stor-
age facility) are used as additional control variables. Kanof health posts in a community is
also shown to have a negative impact on child health. Thismérary to economic intuition but,
similar to coefficient estimates found on the communityasfructure variables in the presence of

endogenous program placement effects (Rosenzweig andWags6¥:. Community infrastruc-

4OHourly wage rates are converted in real terms and expresseds
41Some of the biases associated with endogenous prograrmateffects are addressed by the use of location
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ture availability like presence of paved road in the comrtyuand availability of electricity in the
community are both positively associated with improvera@michild health. Children residing in
communities with a paved road have 0.10 standard deviatgirehz-scores as compared to their
counterparts from other communities. Similarly childresiding in communities with greater

prevalence of electricity have 0.0026 standard deviatighdr z-scores.

6.2 Catch-up effects - complete, partial, or none?

The results from estimating a dynamic conditional healtmaied function using variants of
the IV/IGMM estimation strategy are reported in table 6. Ols8neate on the one-period lagged
height is 0.53 (see column 1, table 6), this indicates leas gartial catch-up in attained height.
The OLS estimate is likely to be biased and inconsistent agfiers from omitted variable bias
and measurement error bias - as previously discussed inisdct

The coefficient estimate on the one-period lagged heighgussimple 2SLS estimation strat-
egy is 0.83 (column 2, table 6), which is even larger than th& @arameter estimate. The 2SLS
estimation strategy uses community characteristics fré@3hs instruments for the lagged depen-
dent variable, addressing the downward bias in the catdierap caused by random measurement
error. But cannot address biases arising from the correlagdween time-invariant unobservables
(e;, €., ande,) and lagged height due to endogenous program placementsféand hence, the
parameter estimate obtained on the catch-up term usingttiaitegy continues to be biased and
inconsistent.

The coefficient estimate on the catch-up term reported uronl3, table 6 is -0.18 and is biased
downwards as compared to the OLS estimate, 0.53 (columblg,@x An OLS method applied to
a first-difference specification creates an even larger d@mth bias compared to an OLS method

applied to a levels specification, magnifying the measurgreeror problem (see Griliches and

fixed-effects. However, the limitation of not being able tgeuhe actual community code for fixed-effects is still
likely to contaminate the parameter estimates on the contynimfrastructure variables. Especially the number of
health posts in a community is endogenously determined amélated with a lot of the time-invariant community
level unobservables. The presence of an imperfect measuegniove the community time-invariant unobservables
can continue to bias the estimated coefficient on the comminfrastructure variables.
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Hausman, 1986 for a discussion on this).

Parameter estimate from an Arellano-Bond (1991) type fifstreénce GMM strategy uses
community characteristics from 1993 and height in cm fror83L8s instruments for the first-
differenced one-period lagged height. The coefficientnestie on the first-differenced lagged
height for this specification is reported in column 4, tableléch produces a coefficient estimate
of -0.07 on the catch-up term. The Arellano-Bond (1991) sgwatdoes not address measurement
error bias due to the correlation between the time-varymgréerms and the two-period lagged
height in the instrument set. The Hausman (1978) type spatidn test reported in section 6.4
shows that the assumption of lack of serial correlation entitme-varying error terms is not valid
for this paper and hence the Arellno-Bond (1991) estimaticategy will also produce a biased
and inconsistent coefficient estimate on the catch-up term.

The first-differenced GMM specification uses community elegaristics from 1993 as instru-
ments for the first-differenced one-period lagged heiglitis Tesults in a coefficient estimate of
0.23 (column 5, table 6) on the catch-up term. The coeffictenthe catch-up term from the
first-difference GMM specification indicates larger catgh-effects compared to the coefficient
estimate reported in the OLS specification, suggesting amugpbias in the OLS parameter esti-
mate of the catch-up term. The catch-up term of 0.23 indsoauere than partial catch-up in height
attainments, that is, children with less than average hagtO93 will not continue to obtain less
than average height attainments in 2000. This indicatesménutrition during childhood is not
likely to lock these children into lower health status as suead by height in centimeters in the
future. The catch-up coefficient obtained from followingratfidifference GMM strategy provides
us with our preferred estimate on the catch-up term as itesdeis both omitted variables bias (via
first-differencing) and measurement error bias (via imagntal-variable techniques) in data.

In column 6, table 6, an alternate measure of householdg-tan resource availability is
used where one-period lagged assets (productive and molgive assets included) are used to
replace the one-period lagged log(PCE). This specificatioo verify the robustness of the catch-

up estimate, i.e., to see if the use of the two different meassof household resource availability
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alters the coefficient estimates on the catch-up t&rrihe coefficient estimate on the catch-up
term reported in column 6, table 6 is 0.23 and uses a firstrdiffce GMM strategy with the same
instruments as those used in column 5, table 6. The coeffiesimates reported on the first-
differenced lagged heightin columns 5 and 6 of table 6 atesstally different from both zero and
the ordinary least square parameter estifiiata addition, the coefficient estimate on the catch-up
term obtained from columns 5 and 6 of table 6 are not staai$fidifferent form each other which
suggests that coefficient estimates on the first-differérnagged height in columns 5 and 6 of
table 6 are robust to the variables used to capture househwig-run resource availability and or
household’s access to credit.

Even if we were to assume that there are complete marketssthuseholds can freely bor-
row and lend in each period. The assumption of complete rtwikeuld then imply that there
should be no measure of household resource availabilithenright hand side of the dynamic
empirical specification. Estimating the dynamic specifaausing a first-difference GMM esti-
mation strategy dropping lagged log(PCE) (our measure oéétoald’s access to credit) from the
RHS using the same instruments as in column 5, table 6, yietdeficient estimate of 0.24 on
the catch-up term which is statistically significant atZ0rhis result suggests that the coefficient
estimate on the catch-up term is robust to the assumptioaroptete markets made in the model
section of the paper.

Now comparing the coefficient estimate on the catch-up téstained in this paper to some of
the earlier literature. Hoddinott and Kinsey (2001) find &chaup coefficient of 0.56 using data
on children from Zimbabwe. Fedorov and Sahn (2005) repooedficient of 0.19 on the catch-up
term using data on children from Russia. Alderman et. al (2686mate a catch-up coefficient of
0.43 again using data on children from Zimbabwe. Childremffussia exhibit higher levels of

catch-up potential as compared to children from Zimbabwald€m from Indonesia too exhibit

42Even if we were to treat lagged log(PCE) as endogenous inrtedifference specification, then also the esti-
mated coefficient on the catch-up term remains unchanged.

43A simple chi-square on the coefficient on the first-diffel@i@MM being different from the OLS coefficient
estimate are 4.82 (0.02) for estimates reported in coluntatie 6 and 4.65 (0.03) for estimates reported in column 6,
table 6 with p-values in the bracket.
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higher levels of catch-up potential compared to childremfZimbabwe.

6.3 Atest of weak instruments in the dynamic panel specification

The preferred IV estimates reported here are also addilyorabust to an important econo-
metric concern - instrument validity. An instrument is definto be valid only if it satisfies the
following two conditions - (1) the excluded instruments mios strongly correlated with the en-
dogenous regressor and (2) the instrument must be undedeldth the error term in the second
stage regression. In the presence of weak correlation betthe instruments and the endogenous
regressors, the IV estimates reported here are likely terstrom a higher bias and inconsis-
tency compared to the bias obtained on the OLS parameterast(Blundell, 2005). It is hence
important to verify that the IV estimates reported heres$athe two above mentioned conditions.

Stock et. al (2002) and Staiger and Stock (1997) have disdussme test statistic that can
be used to test the relevance of the instrument used in antlvia®n framework. Stock et.
al. (2002) and Stock and Yogo (2005) define an instrument tevdek based on two criteria -
First, based on the relative two-stage least squares (TBilaS)where the instrument is deemed
to be strong if the Cragg-Donald F statistic is large such th@tTSLS bias with respect to the
OLS bias is say at most/% (5, 10, 15 depending the extent of bias the author wants ¢avall
The second criterion is based on size, i.e., the instrunaeetslefined to be strong if the Cragg-
Donald F statistic is large enough that @ Biypothesis test is rejected no more than s8&y of
the time, otherwise the instruments are weak. The Cragg{Ddnatatistic is however based on
the assumption of lack of first-order and second-order Iseoiaelation in the error terms which
is not valid in the current setting and hence the Cragg-DoRalthtistic is not an appropriate test
statistic for the dynamic panel data model estimated inglpser.

The bias in an IV coefficient estimate relative to an OLS estecan also be approximated with
the inverse of the F statistic on the excluded instrumentsioéd from the first-stage regressions
(Murray, 2006). Based on the above definition of relative bibe larger the F the smaller the

relative bias from following an IV strategy compared to anS>éstimation approach. If F =1 the
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bias in 2SLS can be approximated to the bias in OLS estimét€s<1 then the bias in 2SLS is
even larger than the bias in OLS estimate. Staiger and S1&&7{ suggest a simple rule of thumb
to test for instrument relevance. They suggest that in teggurce of a single endogenous regressor,
instruments are deemed to be weak if the first-stage F stadisthe excluded instruments is less
than 10. However, the number 10 itself is quite arbitrarysrchoice. In general, weak instruments
cause two problems: (1) it brings the bias in the 2SLS/IVneate closer or even larger than
the OLS estimate. (2) It reduces the standard errors in IMhasts thereby producing incorrect
inferences.

Since there does not exist a precise test statistic to clerakgtrument relevance of the in-
struments used in the first-difference GMM estimates repbit columns 5 and 6 of table 6. A
combination of factors jointly help to support that the toeefficient estimate on the catch-up term
is close to 0.23 and is statistically different from botha@and the OLS parameter estimate. The
first-stage F statistic reported in columns 5 and 6 of tablee@206 and 3.14 respectively. The F
statistics reported here if compared to the Staiger anck§i®97) rule of thumb would identify
the instruments as weak. However, using a different setggdd community characteristics to
identify the exogenous variation in the first-differenae$aigged height maintaining the same sto-
chastic assumptions as for the estimates reported in cal@namd 6 of table 6 gives a coefficient
estimate of 0.25 on the catch-up term with a first stage Fstitatif 7.63, which is closer to 10. This
clearly indicates no problem of weak instruments. The steshdeak instrument problem does not
seem to apply to this case since neither the significanceeqddhameter estimates changes and nor
does the actual magnitude obtained changes under the peesies smaller first-stage F statistic.

In addition to the test of strong correlation between theogedous regressor and the instru-
ment, it must also be the case that the instrument is unetecelvith the error term in the second
stage regression. The Hansen J statistic (1996) of 2.31avjghvalue of 0.51 (columnb5, table
6) and 2.12 with a p-value of 0.54 (column6, table 6) suggeéstswe cannot reject the null of
instrument validity for the instruments specified in colBhand 6 of table 6. The coefficient

estimate on the Hansen J statistic and the first-stage Ragistis on the excluded instruments are
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all appended at the end of the regression tables.
The two conditions of instrument relevance discussed sglction provide additional support

for the reliability of the preferred estimates obtainedhgdhe first-difference GMM strategy.

6.4 A test of serial correlation in the error terms

In this section an attempt is made to determine whether othese is serial correlation in
the error terms of a dynamic panel model. An Arellano-Bon®)®stimation strategy may not
be suitable for the dynamic specification because of theepoesof serial correlation in the time
varying error terms, however this must be tested. A Haush@ing) type test is incorporated to
the Arellano-Bond (1991) and the first-difference GMM stgats specified in columns 5 and 6
of table 6. Under the null that there is no serial correlatiothe error terms, the Arellano-Bond
(1991) strategy must yield consistent and efficient paramestimates on the first-differenced
lagged height. However, if this assumption fails, then tha-fiifference GMM estimate must be
chosen which is consistent and efficient under the altermatit not under the null.

The first-difference GMM (in column 5, table 6) estimatorasted against the Arellano-Bond
(1991) (in column 4, table 6) estimator, where two-perigyked height is used as an instrument for
the first-difference in lagged height in addition to all thetruments specified in the first-difference
GMM specification reported in column 5 of table 6. The Hausr(k8v8) test statistic yields a
coefficient of 0.30 with 0.12 as the standard error, rejgctite null. The coefficient estimates on
the first-differenced lagged height are statistically gigant and different under the two estimation
strategies suggesting that the null of zero first-order &cedrsd-order serial correlation in the error
terms is rejected. This section provides additional supjpofavor of the first-difference GMM
strategy as the most preferred estimation strategy to t@aed in a dynamic model especially,

where serial correlation between the error terms is inblgta
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6.5 Role of child, household, and community characteristics in the dynaia

conditional health demand function

Table 6 reports coefficient estimates from the regressitimeodlynamic conditional child health
demand function specified in equation (9). Column 1 in tablegdrts coefficient estimates from
following a simple OLS estimation strategy. The preferrestifilifference GMM estimates are
reported in column 5, table 6.

The coefficient on lag age in months from column 5, table 6wastthe positive relationship
between age in months and attained height. The interactiom between lag age in months and
the male dummy suggest that with age, improvements in harghdlightly higher among females.
This is similar to the patterns found in the static regressasults.

In addition to the age and sex variables as controls in oint hignd side, duration, i.e., the
length of period measured in months between the two congsediirvey rounds controls for the
uneven gap between the three survey rounds (1993, 1997 &). Zbor every additional month
between survey rounds, there is a 0.49 centimeter increaattained height between 1997 and
2000 (column 5, table 6). The coefficient on the interactiblag age in months and duration cap-
tures the age differential growth patterns in height. Tingéy the duration between survey rounds,
the slower the changes in height attainments among oldertsohThe interaction terms between
lag age in months and both duration and the male dummy cafiterage and sex differential
patterns in growth of height attainments. The longer thatiom and older the child, the larger
will be growth in height for male children relative to the@mhale counterparts. Child characteris-
tics capture the biological process of growth in height thtiers by age and sex. The coefficient
estimates from the child characteristics are largely ctest with that found in the literature.

The coefficient estimates on the parental schooling vasaahd parental height variables re-
ported in columns 1 and 2 of table 6 are inconsistent and héitite can be drawn from these
estimates. In our preferred specification, due to firsted#hcing the impact of parental character-
istics is lost. This is one limitation of using any first-&ifence estimation approach.

Another household characteristic included in the regosssstimates is the one-period lagged
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household consumption expenditure. Regression estimatestable 6 show that the one-period
lagged log(PCE) in the dynamic function has a positive effecturrent health status. The coef-
ficient on lagged log(PCE) is 0.51 (column 1, table 6) in the Gp&cification indicating a large

positive impact of income on current health even after asimg for the one-period lagged health
status. The coefficient on lagged log(PCE) in the first-diifeee GMM specification reduces to
0.22 (column 5, table 6) indicating the presence of a passipivard bias in the OLS coefficient
estimate of lagged log(PCE) resulting from the correlatietwleen time-invariant household spe-
cific unobservables and lagged log(PCE) reported in columahle 6. Income and child health

exhibit a strong positive and significant relationship.

Community characteristics play an important role in detarng child health outcomes in static
models. Little is known about their influence in dynamicisg. Fedorov and Sahn (2005) report
coefficient estimates on a series of community charadesifiom the estimation of a static and
dynamic conditional child health demand function and firat tommunity characteristics have a
larger role to play in determining current health in dynasettings. There exists some evidence
for the important role played by price of rice, price of caukioil, measure of electricity, and
measure of paved road in determining the child’s currenttinestatus in a static framework as
reported in table 5.

At the same time there is no impact of these community chamatts in the dynamic spec-
ifications especially for the preferred estimates repoimecblumns 5, table 6. After controlling
for the one-period lagged health status, the effect of paanheunity characteristics in determining
current health largely diminishes. First-differencingu@/es all time-invariant variation among the
right hand side regressors and additional instrumentingeofirst-difference specification, results
in a loss of over time variation in the right hand side varablBoth these factors explain for the

little role played by health inputs in determining curreaalhh status in the dynamic specification.
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6.6 Do catch-up effects differ with age?

It is usually hypothesized that younger children will expece larger catch-up effects as com-
pared to older children [Martorell and Habicht (1986); Hddtiet. al (1995)]. For example:
Schroeder et. al (1995); Habicht et. al (1995) show thatriygact of the nutritional intervention
program in rural Guatemala had the most significant impacdbgomoving the stature of children
less than 3 years of age. This paper attempts to find simifgyatiby adding an interaction term
between the one-period lagged health status and lag agenthsim the dynamic specification.
A positive and significant coefficient estimate on the int&oa term will indicate lower catch-up
potential among older children. However, adding the irdiéoa term in the empirical specification
increases the endogeneity problem.

Columns 1 and 2 of table 7 report coefficient estimates on tieepemiod lagged health status
and the interaction term between lagged health status grabla in months using OLS and first-
difference GMM estimation strategies. The first-differei@MM estimates reported in column 2,
table 7 indicates a coefficient of 0.0010 on the interacteomtindicating age differential catch-
up effects, i.e., older children experience lower catctasgompared to younger children. The
F statistics on the excluded instruments are also valid apéraded at the end of table 7. The
Hansen J statistic testing the null of zero correlation leetwthe error and the instrument set is
also satisfied. Figure 3 plots the catch-up effects agagestimmonths based on the regression
estimates from column 2, table 7. Figure 3 indicates thagndhough little, younger children

exhibit higher catch-up potential than older children.

6.7 Further implications

Stunting during early childhood has long-term effects onnaividual’s future economic and
social well-being. This paper captures the extent to whtahtsg in childhood manifests into
poor health status in the future. In the absence of strongataifects between childhood mal-
nutrition and subsequent health status, some of the po@edgoiences associated with childhood

malnutrition can be mitigated. In this paper, | find that dhidod malnutrition causes some but not
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significant growth retardation in an individual’s futureysical well-being as measured by height
attainments. | find that a malnourished child in the abser@ny catch-up potential would by
adolescence, grow to be 4.15 cm shorter than a well-nowrishiéd. However, in the presence of
partial catch-up effects, i.e., a coefficient of 0.23 agwsted in this paper indicates that a malnour-
ished child will by adolescence grow to be only 0.95 cm shidhtan a well-nourished child. This
recovery from childhood stunting also has impact on an idd&l’s schooling attainments and
other socioeconomic characteristics. For example: Maecid Yang (2005) examine the associa-
tion between adult height attainments and schooling atteiris using data from the IFLS. Using
their estimates on the causal effects of adult height attaiis on schooling attainments, and com-
bining the methodology outlined in Alderman at. al (2006&)ompute the magnitude to which the
presence of partial catch-up effects affects schoolirgrattents. | find that a malnourished child,
in the presence of partial catch-up effects (0.23) as predlia this paper, by adolescence, is likely
to complete 0.6 less grades of schooling compared to a wellished child from the same popu-
lation. In the absence of any catch-up potential this caefftcestimate is likely to be four times

larger.

7 Conclusion

In view of the ever growing concern among development ecastsrfor child health, this pa-
per identifies the determinants of nutritional outcomes gnimdonesian children. The findings
suggests that it is mother’s height, father’s height, logea per capita consumption expenditure,
price of consumption goods, and measures of communitystrfreture that are important for im-
proving nutritional outcomes among children. The resulidimed call attention to programs and
policies that focus on community level infrastructure depenent, regulating prices of essential
consumption goods, and providing access to credit.

This paper also captures the extent to which childhood ntatiiaun affects subsequent health

status. A dynamic conditional health demand function igrested where the coefficient on the
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lagged dependent variable captures the extent of recafaryy, from childhood malnutrition. A
coefficient of 0.23 on the one-period lagged health statdie@tes reasonable catch-up in height
attainments. Recall from the introduction section, in thespnce of partial catch-up potential, by
adolescence, a malnourished child will grow to be 0.95 cnitehthan a well-nourished child. In
the absence of any catch-up, by adolescence, a malnoudbiéavill grow to be 4.15 cm shorter
than a well-nourished child. Using the coefficient estimaggported in Maccini and Yang (2005)
on the impact of height on various socioeconomic outcomealdulate that a decline in stature
by 0.95 cm lowers schooling attainments by 0.6 grades ofdoig There is also some evidence
showing that catch-up effects are marginally higher amangger children than older cohorts.

From a practical standpoint, the presence of partial capcbffects and age-differential catch-
up effects suggests that continued efforts must be madeeqgratihof households and policy makers
towards improving children’s nutritional status at all agelowever, special emphasis must be on
younger age groups as their catch-up potential is still thedst.

It is important that policy prescription is drawn from goadg@rical work. The first-difference
GMM estimation strategy used here relies on much weakehastic assumptions than earlier
work and addresses omitted variable bias and measuremenb&s in data. The results reported
here are in addition robust to econometric concerns suchragle attrition and weak instruments.

This paper and other papers from the earlier literature eagriticized due to the presence of
potential regression to the mean effects [Cameron et. abj2@hd Coly et. al (2006)]. In this
paper, | have mitigated some of this problem by addressswgsrelated to measurement error and
sample selection in data (Cameron et. al, 2005). Howeveilnttieidual-specific time-varying
growth spurts in stature also result in regression to thennedi@cts. Therefore the presence of
regression to the mean effects can never be completely oufed

To summarize, this paper uses both static and dynamic frankewo outline the determinants
of child health. The static results characterize the factibat must be targeted to improve nutri-
tional status among children in Indonesia. On the other tladynamic results indicate that there

exists catch-up potential in health outcomes, that isdodil who suffered from chronic malnutri-
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tion during childhood are not likely to remain as undernsiued forever. The presence of catch-up
potential suggests that focused attempts must be madedswaproving nutritional outcomes of

children at all ages with special emphasis on the very young.
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Table 1. Summary statistics on Height-for-age z-score forlildren between the age of
3 and 59 months in 1993, 1997, and 2000

Years Observations% HAZ <-2 Mean  Mean difference (years)

1993 2203 40.26 -1.578 -0.127*** (1997-1993)
(0.010) (0.038) (0.051)

1997 2356 41.38 -1.705  0.272** (2000-1997)
(0.010) (0.036) (0.044)

2000 3537 34.88 -1.432  0.145*** (2000-1993)
(0.008) (0.028) (0.046)

Notes:

Source: IFLS - 1993, 1997, and 2000
Standard errors reported in parenthesis are robust tediugtat the household level
*** gignificant at 1%, ** significant at 9%, * significant at 10

Table 2: Summary statistics on Height-for-age z-score forluldren between the age of 3 and
59 months in 1993, who are followed through the 1997 and 2000awes of the IFLS

Years Observations% HAZ <-2 Mean  Mean difference (years)

1993 1819 40.626 -1.625  -0.134*** (1997-1993)
(0.011) (0.039) (0.036)

1997 1819 42.056 -1.758 0.077*** (2000-1997)
(0.012) (0.027) (0.019)

2000 1819 38.647 -1.681 -0.055*** (2000-1993)
(0.011) (0.025) (0.037)

Notes:

Source: IFLS - 1993, 1997, and 2000
Standard errors reported in parenthesis are robust tediugtat the household level
*** gignificant at 1%, ** significant at %, * significant at 10
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Figure 1:Lowess plot on height-for-age z-score against age in monthsrfall panel children
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Figure 2:Lowess plot on height in cms against age in months for all panehildren
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Table 3: Mean height attained in 2000 for all panel children béween the age of 3 and 59
months in 1993

Male(966) Female (853) Difference

Stunted (739) 121.35 122.06 -0.71
(0.36) (0.42) (0.55)

Non-Stunted (1080)  126.00 125.87 0.12
(0.46) (0.37) (0.59)

Source: IFLS - 1993, 1997, and 2000

Children with HAZ<-2 in 1993 were classified as stunted
Children with HAZ>=-2 in 1993 were classified as non-stunted
*** significant at 1%, ** significant at 3%, * significant at 106
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Table 4: Summary statistics of all variables used in the empical specification

Variable Observations Mean Std. dev
Height-for-age z-score (HAZ) 5457 -1.68 1.30
Height in cm 5457 105.86 19.42
Mother’s heightin cm 5457 150.54 5.11
Father’s height in cm 5457 161.38 5.36
Mother's completed grades of schooling 5457 5.96 3.93
Father’'s completed grades of schooling 5457 6.90 4.33
Log of real per capita household consumption expenditure 5754 9.87 0.76
Square root of real per capita household productive assets 457 5 1.51 2.61
Square root of real per capita household total assets 5457 48 4. 3.79
Distance to the community health center in km 5457 5.08 4.57
Percentage of households with electricity 5457 76.68  26.92
Log of real male wage rate 5457 6.56 0.52
Log of real female wage rate 5457 6.19 0.85
Log of real price of rice 5457 0.86 0.20
Log of real price of condensed milk 5457 5.17 1.52
Log of real price of cooking oil 5457 1.74 0.43
Dummy=1 if the community has paved road 5457 0.74 0.44
Number of health posts in a community 5457 7.23 6.51

Source: IFLS - 1993, 1997, and 2000
Community here is the same as the location variable defindtipaper
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Table 5: Regression Estimates of a Static Health Demand Fution

Covariates (1)OLS  (2)OLS  (3)OLS @) IV (5) IV
HAZ HAZ HAZ HAZ + HAZ ++
Male dummy -0.7659%*  -0.7528%*  -0.7647** -0.7890***  -06991**

Spline in age in months<( 24 months)

Spline in age in monthsx(= 24 months)

Spline in age in months{ 24)

*male dummy

Spline in age in monthsy{= 24)

*male dummy

Mother’s height

Father’s height

Mother’s schooling

Father’s schooling

log(PCE)

Productive assets

Total assets

Price of rice

Price of cooking oil

(0.28) (0.28) (0.28) (0.28) (0.27)
-0.0780%* -0.0773** -0.0778%* -0.0793** -Q0779**
(0.009) (0.009) (0.009) (0.009) (0.009)

-0.0013 -0.0012 -0.0013 -0.0015 0.0017*
(0.001) (0.001) (0.001) (0.001) (0.0008)

0.0340**  0.0333***  0.0338***  0.0352***  0.0304**

(0.01) (0.01) (0.01) (0.01) (0.01)

-0.0029*** -0.0028*** -0.0028*** -0.0030***  -0.0028*

(0.001) (0.001) (0.001) (0.001) (0.001)
0.0480%**  0.0482**  0.0480%*  0.0475**  00475**
(0.004) (0.004) (0.004) (0.004) (0.004)
0.0359%**  0.0364**  0.0357**  0.0351%* D347+

(0.003) (0.003) (0.003) (0.003) (0.003)
0.0154*  0.0187**  0.0161*  0.0094 me2
(0.007) (0.006) (0.007) (0.007) (0.007)
0.0026 0.0051 0.0024 -0.0019 -0.0026
(0.006) (0.006) (0.006) (0.006) (0.006)
0.0886*** 0.2478%*  0.2414**
(0.03) (0.09) (0.08)
-0.0012
(0.007)
0.0158%**
(0.005)
0.3277*
(0.13)
-0.0992%+*
(0.03)
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Price of condensed milk 0.0023

(0.01)
Rural dummy 0.0399
(0.17)
Rural dummy*price of rice -0.3113**
(0.15)
Number of health posts -0.0151*
(0.008)
Distance to health center 0.0052
(0.004)
Electricity 0.0029***
(0.001)
Dummy for paved road 0.1021*
(0.05)
Male wage rate 0.0152
(0.04)
Female wage rate 0.0069
(0.02)
observations 5457 5457 5457 5457 5457
Location Yes Yes Yes Yes Yes

fixed-effects

Notes:

- Source: IFLS - 1993, 1997, and 2000; *** significant & 1** significant at %, * significant at 1%

- Robust standard errors adjusted clustering at the inai@ibvel are reported in parenthesis

- +, preferred estimates with community interacted time dummiespteferred estimates with actual community level time-vagyin
characteristics

- In (4), log(PCE) is instrumented with household productigeets. The F statistic on the excluded instruments is 197

- In (5), log(PCE) is instrumented with total household ass€he F on the excluded instruments is 196.42

- The first-stage regression estimates for column 5 are r@pwrtable 11 of the appendix

- Also included in the regressions are dummy variables cagjumissing observations on mother’s schooling, father’s ciaig,
mother’s height, and father’s height, where the missing alasien was imputed by the sample mean

- Prices of consumption goods and hourly wage rates are deavierreal terms and expressed in logs
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Table 6: Regression Estimates of a Dynamic Health Demand Fuation

Covariates (1)oLs (2) Two-Stage (3)0OLS (4) Arellano-Bond  (5) First-difference  (6) First-difference
Height least-square  First-difference Height GMM GMM
Height without IV's Height Height
Height
Lagged height or 0.5305*** 0.8396*** -0.1820*** -0.0714** 0.2339* 0.2375*
catch-up coefficient (0.02) (0.21) (0.03) (0.03) (0.13) (0.13)
Male dummy 9.5326*** 4.1735
(3.23) (26.09)
Lag age in months 0.4556*** 0.0225 0.4172*** 0.4044** 0.8Q*** 0.4276***
(0.03) (0.21) (0.13) (0.03) (0.03) (0.03)
Lag age in months*male dummy  -0.1533*** -0.0209 -0.1803*** -0.1725*** -0.1717*%* -0.1692***
(0.04) (0.32) (0.04) (0.04) (0.04) (0.04)
Duration 0.7897*** 0.2242 0.1737* 0.2312%** 0.4950%*** QLI 7***
(0.05) (0.53) (0.08) (0.08) (0.13) (0.13)
Duration*male dummy -0.1929*** -0.0202 -0.1583* -0.1709 0.1846 -0.1788
(0.07) (0.76) (0.10) (0.11) (0.12) (0.12)
Duration * lag age in months -0.0075*** 0.0015 0.0021*** (WS -0.0036*** -0.0036***
(0.00) (0.007) (0.00) (0.0007) (0.002) (0.002)
Duration*lag age in months 0.0030** -0.0011 0.0043*** 03 0.0037*** 0.0037***
*male dummy (0.00) (0.009) (0.00) (0.0008) (0.000) (0.000)
Mother’s height 0.1798*** 0.1167**



9%

Father’s height

Mother’s schooling

Father’s schooling

Lagged log(PCE)

Lagged household

assets

Price of rice

Price of cooking oll

Price of condensed milk

Rural dummy

Rural dummy*price of rice

Number of health posts

(0.01)
0.1342%
(0.01)
0.0211
(0.02)
0.0215
(0.02)
0.5161%+
(0.12)

0.8965
(1.22)
-0.1884
(0.26)
0.0103
(0.09)
-0.3136
(1.17)
-0.6590
(1.18)
0.0017
(0.03)

(0.05)
0.0759*
(0.04)
-0.0031
(0.03)
-0.0034
(0.02)
0.2448
(0.16)

1.1670
(1.01)
-0.2140
(0.31)

-0.1003
(0.13)
1.6042

(1.010)

-2.5500%
(1.21)

0.0188

(0.015)

-0.0114
(0.11)

-0.4556
(0.67)
0.0924
(0.16)
-0.0385
(0.06)
-0.8436
(1.08)
0.2103
(0.80)
-0.0101
(0.01)

0.1156
(0.11)

-0.5379
(0.65)
0.0377
(0.16)
-0.0028
(0.06)
-1.1385
(1.10)
0.3830
(0.79)
-0.0009
(0.01)

0.2240*
(0.13)

-0.1291
(0.74)
-0.0398
(0.19)
2380
(0.07)
0.0323
(1.31)
0.1465
(0.91)
0.0016
(0.02)

0.0237
(0.03)
-0.0420
(0.74)
0.0693
(0.19)
-0.0167
(0.07)
-0.0167
(1.31)
-0.1216
(0.91)
0.0004
(0.01)



LS

Distance to health center -0.0311 0.0415** 0.0132 0.0149 .00®4 -0.0095
(0.02) (0.02) (0.01) (0.018) (0.02) (0.02)

Electricity -0.0049 -0.0029 -0.0070 -0.0048 -0.0017 -Q.00

(0.0075) (0.005) (0.005) (0.005) (0.005) (0.005)

Dummy for paved road 0.0125 0.2032 -0.0349 0.0065 -0.0375 0492
(0.28) (0.25) (0.26) (0.25) (0.27) (0.27)

Male wage rate 0.3662 0.3178 -0.1311 -0.0947 0.0169 0.0231
(0.27) (0.30) (0.16) (0.16) (0.21) (0.21)

Female wage rate 0.2610 -0.0898 0.0432 0.1568 0.1495 0.1466
(0.17) (0.15) (0.12) (0.11) (0.13) (0.12)

observations 5457 3638 1819 1819 1819 1819

Location Yes No No No No No

fixed-effects

Province No Yes No No No No

fixed-effects

F statistic 3.60 31.90 3.06 3.14

on the excluded (0.02) (0.00) (0.01) (0.01)

instruments from

the first-stage

regressions

Hansen J statistic 0.022 9.86 231 2.12

(0.88) (0.04) (0.51) (0.54)
Hausman Specification Test 0.30
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specification 4 against

specification 5

(0.12)

Hausman Specification Test
specification 4 against

specification 6

0.30
(0.12)

C statistic testing the
orthogonality of height
in 1993 used as instruments

for specification (4)

6.24
(0.01)

C statistic testing the
orthogonality of the
first-differenced lagged

log(PCE) in specification (5)

0.16
(0.68)

Notes:

- Source: IFLS - 1993, 1997, and 2000

- *** significant at 1%, ** significant at 8%, * significant at 10%

- In (1), robust standard errors adjusted for clustering@individual level are reported in parenthesis

- In (2)-(7) robust standard errors adjusted for clustedahtihe community level are reported in parenthesis

- In (2), Instruments used - two-period lagged measure of fFrea of electricity in the community, two-period lagged dumrhyfthe road in the community is paved.

- In (4), two-period lagged measure of electricity in the comityutwo-period lagged no. of health posts in the community-fveriod lagged no. of health posts interacted with

two-period lagged age in months, two period lagged no. ofthguists interacted with mother’s schooling, and two-peldagjed height in cm

- In (5), two-period lagged measure of electricity in the comityutwo-period lagged no. of health posts in the community-period lagged no. of health posts interacted with

two-period lagged age in months, and two-period lagged nbealth posts interacted with mother’s schooling
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- In (6), two-period lagged measure of electricity in the comityutwo-period lagged no. of health posts in the community-freriod lagged no. of health posts interacted with
two-period lagged age in months, and two-period lagged nbealth posts interacted with mother’s schooling.

- Also included in the regressions are dummy variables caggumissing observations for each of the following variablesthers schooling, fathers schooling, mothers height
and fathers height, where the missing observation was imgytélte sample mean.

- p-values are reported for the F statistic on the excludstiiments and the Hansen J statistic.

- Prices of consumption goods and hourly wage rates are dexdvierreal terms and expressed in logs

- Two-period lagged corresponds to information from the €93



Table 7: Regression Estimates of a Dynamic health demand fation with interaction between lagged height

and lag age in months

Covariates (1)oLs (2) First-difference
Height GMM
Height
preferred estimates
Lagged height 0.3670%** 0.2408**
(0.02) (0.09)
Lagged height*lag age in months  0.0033*** 0.0010*
(0.0003) (0.0006)
Male dummy 9.5034****
(3.23)
Lag age in months -0.3189*** 0.1884
(0.03) (0.15)
Lag age in months*male dummy -0.1564**** -0.1660***
(0.05) (0.05)
Duration 0.1911* 0.3501**
(0.09) (0.13)
Duration*male dummy -0.1893*** -0.1633
(0.07) (0.12)
Duration*lag age in months 0.0036** -0.0009
(0.007) (0.002)
Duration*lag age in months* 0.0030** 0.0037***
male dummy (0.001) (0.001)
Mother’s height 0.1707***
(0.01)
Father’s height 0.1263***
(0.01)
Mother’s schooling 0.0178
(0.02)
Father’s schooling 0.0208
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(0.02)

Lagged log(PCE) 0.5240%** 0.2074
(0.12) (0.14)
Price of rice 1.5203 0.1964
(1.24) (0.79)
Price of cooking oil -0.1403 -0.0165
(0.26) (0.20)
Price of condensed milk 0.0396 -0.0096
(0.09) (0.07)
Rural dummy 0.3524 0.2002
(1.16) (1.39)
Rural dummy*price of rice -1.1019 -0.4095
(1.18) (0.97)
Number of health posts -0.0094 -0.0021
(0.02) (0.02)
Distance to health center -0.0305 -0.0175
(0.02) (0.02)
Electricity -0.0035 -0.0018
(0.007) (0.006)
Dummy for paved road 0.0596 -0.0359
(0.28) (0.28)
Male wage rate 0.2707 0.0341
(0.28) (0.23)
Female wage rate 0.2324 0.1259
(0.17) (0.13)
observations 5457 1819
Location Yes No
fixed-effects
F statistic 19.69
on the excluded (0.00)

instruments from

the first-stage
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regressions

Hansen J statistic 0.42

(0.81)
C statistic testing the 0.24
orthogonality of the (0.61)

two-period lagged

log(PCE) in specification (2)

Notes:

- Source: IFLS - 1993, 1997, and 2000

- *** significant at 1%, ** significant at 3%, * significant at 19%

- In (1), Robust standard errors adjusted for clusteringediridividual level reported in parenthesis

- In (2), instruments used - two-period lagged log(PCE), peoiod lagged number of health

posts in the community, two-period lag age in months, two-pHag age in months

interacted with two-period lagged no. of health posts indb@munity.

- Also included in the OLS regression are dummy variables caqgunissing

observations for each of the following variables - mothecisaling, father’s schooling,

mother’s height, and father’s height where the missing olagienv was imputed by the sample mean.
- P-values are reported for the F statistic on the excludsiument and the Hansen J statistic.

- The F on the excluded instruments from the lagged heightdgage in months - 64.50

- Prices of consumption goods and hourly wage rates are dedvierreal terms and expressed in logs

- Two-period lagged corresponds to information from the V&3
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Figure 3: Catch-up Effects

Catch-up Effects
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Appendix

Table 8: First-stage regression Results for the preferred®timates reported in columns 5 and 6 of table 6

Excluded and included coefficient estimates on the coeffigcieestimates on the

instruments from the first-stage regressions first-stage igressions

first-stage regressions variables reported in variables igorted in

column 5, table 6 column 6, table 6

excluded instruments

Two-period lagged electricity 0.03 0.004
(0.005) (0.05)
Two-period lagged no. of health posts 0.12* 0.12*
(0.06) (0.06)
Two-period lagged no. of health posts* -0.003** -0.003**
two-period lagged age in months (0.001) (0.001)
Two-period lagged no. of health posts* 0.007** 0.007**
mothers schooling (0.003) (0.003)
Included instruments
First-difference in Lag age in months 0.04 0.04
(0.06) (0.06)
First-difference in Lag age in months -0.05 -0.05
*male dummy (0.05) (0.05)
First-difference in Duration -0.60*** -0.59%**
(0.14) (0.14)
First-difference in Duration* -0.04 -0.05
male dummy (0.14) (0.15)
First-difference in Duration 0.01*** 0.01***
*lag age in months (0.00) (0.00)
First-difference in Duration* 0.001 0.001
lag age in months*male dummy (0.001) (0.001)
First-difference in Lagged log(PCE) -0.44**
(0.17)
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First-difference in Lagged total assets -0.03
(0.04)
First-difference in Price of rice -0.70 -0.85
(0.86) (0.85)
First-difference in Price of 0.34 0.39
cooking oll (0.28) (0.28)
First-difference in Price of condensed milk -0.04 -0.05
(0.09) (0.08)
First-difference in Rural dummy -1.81 -1.75
(1.06) (1.04)
First-difference in Rural dummy 0.52 0.45
price of rice (0.70) (0.72)
First-difference in Number of health posts -0.01 -0.01
(0.03) (0.03)
First-difference in Male wage rate -0.29 -0.29
(0.34) (0.33)
First-difference in Female wage rate -0.09 -0.08
(0.21) (0.21)
First-difference in Distance to health center 0.05** 0.95*
(0.02) (0.02)
First-difference in Electricity -0.009 -0.009
(0.006) (0.006)
First-difference in Dummy for paved road 0.07 0.08
(0.37) (0.37)
F statistic on the excluded instruments 3.06 3.14
from the first-stage regressions
Hansen J statistic 2.31 2.12
(0.51) (0.54)

Notes:

- Source: IFLS - 1993, 1997, and 2000

- Two-period lagged corresponds to information from the yie93
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Table 9: Dynamic child health demand function estimated in fist-differences using community interacted time

dummies in the RHS

Covariates First-difference GMM
Height
Lagged height or catch-up coefficient 0.28**
(0.11)
Lag age in months 0.42%**
(0.03)
Lag age in months*male dummy -0.17%**
(0.05)
Duration 0.50%**
(0.12)
Duration*male dummy -0.18
(0.12)
Duration*lag age in months -0.004**
(0.001)
Duration*lag age in months*male dummy 0.003***
(0.00)
Lag log(PCE) 0.21
(0.15)
F statistic on the excluded 17.54
instruments from the first-stage (0.00)
regressions
Hansen J statistic 2.69
(0.26)

Notes:

- Source: IFLS - 1993, 1997, and 2000

- #** significant at 1%, ** significant at 5%, * significant at 10%

- Instruments used are log(PCE) from 1993, mother schooliregdnted with no. of health posts

from 1993, no. of heath posts in 1993 interacted with chiédje in 1993

- A chi-square test on the catch-up term being statistiaiffgrent from the OLS estimate gives a
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chi-square of 4.93 with 0.02 as standard error. This ind&#tiat the catch-up term is significantly
different from the OLS estimate.
- A chi-square test on the catch-up term being statistiaifferent from zero gives a chi-square of

6.50 with 0.01 as standard error. This indicates that theheap term is significantly different zero.
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Table 10: Determinants of sample attrition

Covariates OLS
attrition
Height-for-age z-score 0.002
(0.004)
Male dummy -0.0181
(0.013)
Age in months -0.0006
(0.0004)
Mother’s schooling 0.0027
(0.002)
Father’s schooling -0.0020
(0.002)
Mother’s height 0.0006
(0.001)
Father’s height 0.002
(0.001)
log(PCE) -0.0002
(0.01)
Mother’s age -0.0007
(0.001)
Father's age -0.0008
(0.001)
Rural dummy 0.1428**
(0.06)
Location fixed-effects Yes
observations 2203

- Source: IFLS - 1993; robust standard errors reported ip#nenthesis
- #* significant at 1%, ** significant at 3%, * significant at 10%
- Attrition =1 if the individual can be followed through th®33, 1997,

and 2000 waves of the IFLS and zero otherwise
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Table 11: First-stage regression Results for the preferre@stimates reported in columns 5 of table 5

Excluded and included coefficient estimates on the
instruments from the first-stage regressions variables
first-stage regressions reported in

column 5, table 5

excluded instruments
Total assets 0.06***
(0.004)

included instruments

Male dummy 0.05
(0.08)
Spline in age in months<( 24 months) 0.007***
(0.002)
Spline in age in monthsx= 24 months) -0.001***
(0.0003)
Spline in age in monthsq 24)*male dummy -0.003
(0.003)
Spline in age in monthsx{= 24)*male dummy 0.0005
(0.0004)
Mother’s height 0.002
(0.001)
Father’s height 0.002
(0.001)
Mother’s schooling 0.02***
(0.003)
Father’s schooling 0.01***
(0.003)
Price of rice - 0.22%**
(0.07)
Price of cooking oll 0.14***
(0.02)
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Price of condensed milk

0.003

(0.007)
Rural dummy -0.32%**
(0.08)
Rural dummy*price of rice 0.15*
(0.08)
Number of health posts -0.0003
(0.002)
Distance to health center -0.007
(0.003)
Electricity -0.0002
(0.0004)
Dummy for paved road 0.004
(0.02)
Male wage rate 0.06**
(0.02)
Female wage rate 0.03**
(0.01)
observations 5457
Location Yes
fixed-effects
F statsitic on the excluded 196.42

instruments from the first-stage

regressions

- Source: IFLS - 1993

- *** significant at 1%, ** significant at 3%, * significant at 19%
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