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Abstract

In many of the developing countries, even today, more than one-third of children
under the age of 5 suffer from chronic nutritional deficiencies. The long-term detrimen-
tal consequences of such early childhood stunting is well established in the literature.
Yet, little is known about the extent to which these children are able to recover from
some of the long-term deficits in health outcomes caused by childhood undernour-
ishment. To capture the association between nutritional status at young ages and
subsequent health, we estimate a dynamic linear panel data model using data from
the three waves of the Young Lives Study. We find that the catch-up coefficient in
linear dynamic panel data models varies between 0 to 0.32, where, Ethiopia and India
exhibit perfect catch-up and Peru and Vietnam exhibit partial catch-up in height-for-
age z scores. To allow for the catch-up coefficient to vary along the entire distribution
of child anthropometric outcomes, we also estimate a dynamic quantile regression in-
strument variable estimator. We find that the null of homogenous catch-up effects
along the entire distribution of anthropometrics can be easily rejected.
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1 Introduction

Chronic malnutrition as measured by stunting among children under the age of 5 is associ-

ated with few grades of schooling, lower test scores and smaller stature as an adult. These

factors further limit individuals lifetime earnings and well-being [Stein et. al 2003, 2006,

2008; Hoddinott et. al 2008, 2010; Victora et. al 2008; Behrman et. al 2009; Maluccio

et. al 2009]. However, observed catch-up growth in children can minimize the perma-

nent effects of growth faltering. Existing estimates of dynamic linear panel data models

depict that children are able to recover from some, on an average between one-third to

one-fourth, but not all of the deficits in health caused by early nutritional deficiencies,

concluding partial catch-up in health status [see Hoddinott and Kinsey 2001; Fedorov and

Sahn 2005; Alderman, Hoddinott and Kinsey 2006; Mani 2011].

Policy makers are often most interested in identifying the extent to which catch-up is

observed among children at the bottom of the nutritional distribution, that is, to what

extent does early nutritional deficiency impact later health outcomes. In particular, what

is the role of early nutritional deficiencies in explaining later life outcomes. The dynamic

linear panel data regression models used in the literature capture average partial effects and

do not allow for the impact of lagged health, socioeconomic characteristics, and individual

characteristics to vary along the entire distribution of the child’s current health status.

The objective of this paper is to fill this gap by estimating a dynamic quantile regression

model, which allows the impact of the catch-up coefficient to vary along the entire distri-

bution of anthropometric outcomes accounting for endogeneity in the lagged dependent

variable.

Before identifying the varying distributional effects, we will first estimate a dynamic linear

panel data model using first-difference generalized methods of moment (FD-GMM) esti-

mator where the coefficient estimate on the lagged dependent variable captures the extent

of recovery – complete, partial or none, from chronic malnourishment. First-differencing

removes all time-invariant factors that are likely to be correlated with the lagged depen-

dent variable in the right hand side (RHS) alleviating concerns of omitted variables bias
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and the instrument variables further addresses the problem associated with measurement

error. The dynamic linear panel data model assumes that the catch-up coefficient has the

same impact across the entire distribution of anthropometric outcomes. We test this as-

sumption by estimating the Dynamic Quantile-Regression Instrument-Variable estimator,

which allows the impact of lagged health (catch-up coefficient), household characteristics,

individual characteristics and community characteristics to vary across the entire distribu-

tion of health outcomes. In particular, we are able to delineate the extent to which early

nutritional deficiencies explain for poor health outcomes in the future.

To address these questions, we will use panel data from four countries collected as part

of the Young Lives study, following children at three critical ages - age 1, age 5, and

age 8 in their lives. We have a unique panel where children from four different countries

and backgrounds - Ethiopia, India, Peru, and Vietnam are all followed at the same age

during the course of the entire study. Stunting is a serious source of concern among policy

makers in these countries, more than 40% of children measured at age 1 suffer from chronic

nutritional deficiencies.

The FD-GMM estimator used here to compute the coefficient estimate on the lagged

dependent variable in a linear dynamic panel data model results in a catch-up coefficient

that varies from between 0 and 0.31. India and Ethiopia both exhibit almost perfect catch-

up, that is, the null of zero path dependence between current height-for-age z score (HAZ)

and lagged HAZ cannot be rejected at the 1% significance level. Vietnam and Peru exhibit

partial catch-up, that is, the null of zero path dependence between current HAZ and lagged

HAZ can be rejected at the 1% significance level. Partial catch-up effects indicate that

malnutrition during childhood causes some but not significant growth retardation in future

health and well-being.

To allow for the potential of differential catch-up along the entire distribution of nu-

tritional outcomes, we also estimate a dynamic quantile regression instrument variable

model treating the lagged dependent variable as endogenous. The coefficient estimate on

the lagged dependent variable captures the extent of catch-up observed for individuals at

both the bottom and top quantiles of the anthropometric distribution. If history does
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not matter, then children at the bottom quantile of the nutritional distribution must have

no association with their lagged health status. However, if indeed, factors during early

childhood continue to affect their later well being then, we will observe high levels of path

dependence between current and lagged health, especially at the bottom quantile of the

nutritional distribution. In particular, we will not be able to reject the null of no path

dependence between current and lagged health for children in the bottom quantile of the

anthropometric distribution.

Our quantile regression instrument variable estimates suggest that children exhibit differ-

ent levels of catch-up along the entire distribution of anthropometric outcomes, and this

effect varies across countries. Vietnam exhibit somewhat higher levels of path dependence

between current and lagged health at the lowest quantile but not at the top quantile of

the anthropometric distribution. India, Ethiopia, and Peru all exhibit small levels of path

dependence at the bottom quantiles and higher dependence at the top quantiles.

This paper contributes to the existing literature in many ways. First, the paper brings

out the extent to which early nutritional deficiencies affect health status (height-for-age

z-score) in later ages using a unique panel of children from four countries: Ethiopia, India,

Peru, and Vietnam. This paper is the first to provide empirical evidence on catch-up effects

in these four countries. Second, to our knowledge the paper is the first in this literature to

allow for the impact of the lagged dependent variable to vary across the entire distribution

of anthropometric outcomes, testing the assumption of constant catch-up effects. In doing

so, we treat the lagged dependent variable endogenous.

2 Data

The data used in this paper comes from the Young Lives Study, which measured heights

and weights of children at age 1, that is, during 2002 in four different countries: Ethiopia,

India, Peru, and Vietnam and then follows these children through second (2006-2007) and

third (2009-2010) waves of the Young Lives Study. The panel nature of the data allows us

to capture the transition in anthropometrics outcomes during three critical periods – at age

1, age 5, and age 8 in a child’s life. The survey obtains detailed information on household
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demographic characteristics, income, assets, parental education, and height. The survey

also includes a detailed community level questionnaire to capture access to paved roads,

availability of health infrastructure, availability of drinking water, availability of electricity,

distance to health center in km, and records prices on important basket of food items.1

More details on the variables included in the empirical specification is provided in the next

section.

The first wave of the Young Lives Study measured heights and weights of 1946 children

in Ethiopia and of these, 1749 (10.12%) children are followed through the second and

third waves of the Young Lives Study. In India, out of 1922 children surveyed during the

first wave of the Young Lives Study, we are able to follow 1822 (8.53%) of these children

through the second and third waves of the Young Lives Study. In Vietnam, out of 1990

children initially surveyed, we are able to follow 1835 (7.79%) children through the second

and third waves of the Young Lives Study. In Peru, of the 2040 children initially surveyed

in 2002, we are able to trace 1840 (9.80%) of these children through the second and third

waves of the Young Lives Study. Overall, among all four countries - the attrition rates are

quite similar, we are able to trace almost 90% of the initial sample during the follow-up

surveys conducted in years 2006-07 and 2009-10.

A simple mean test on the difference in height-for-age-z score between attrited and non-

attrited children is 0.002 (s.e. = 0.14) in Ethiopia, 0.24 (s.e. = 0.12) in India, 0.42 (s.e.

= 0.10) in Vietnam, and -0.08 (s.e. = 0.10) in Peru. Baseline height-for-age z scores are

not significantly different among attrited and non-attrited children in Ethiopia and Peru.

However, there is some concern for the presence of attrition bias in Ethiopia and Vietnam.

To further rule out attrition related selection bias, we follow, Mani, Hoddinott and Strauss

(2012) and assume the following: (a) any information realized between periods t and t-2

that affects the probability of attrition is independent of the first-differenced error term in

equation (2), (b) there is no serial correlation in the levels residuals specified in equation (1)

– this allows two-period (and all further) lags of the health status to impact the attrition

equation, and (c) the one-period lagged health has no impact on the attrition equation.

1We will be expanding on the use of community characteristics in the next version of the paper.
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Table 1 depicts trends in mean height-for-age z-scores and the percentage of children

classified as stunted over the three waves of the Young Lives Study. Averages reported

in Panel A, table 1 suggest that there has been significant improvement in mean height-

for-age z-scores over time for children, almost 0.20 standard deviation improvement in

height-for-age z scores occurs between the ages of 1 and 8. Almost 30% of children at age

1 suffer from stunting and the worst incidence of stunting is observed in Ethiopia (46.31%).

We find that in most countries the mean height-for-age z-scores worsen between ages 1

and 5 and then improve between ages 5 and 8, except Ethiopia which starts out worse

and continues to improve over time. The percentage of children classified as stunted also

increases between 2002 and 2006 and then declines between 2006 and 2009. Overall,

incidence and intensity of chronic nutritional deficiencies has declined over time across

countries as measured by both the percentage of children classified as stunted and in

terms of mean height-for-age z-scores.

3 Empirical Specification

Fedorov and Sahn (2005 )and Mani (2011) estimate the following dynamic linear panel

data model where the coefficient on the lagged dependent variable captures the extent of

recovery from childhood malnutrition, also known as the ‘catch-up’ term. A coefficient

of zero indicates ‘complete catch-up’, a coefficient of one on the lagged health status

indicates ‘no catch-up’, and a coefficient between zero and one indicates ‘partial catch-up’

[Hoddinott and Kinsey 2001; Fedorov and Sahn 2005; Alderman, Hoddinott and Kinsey

2006; Mani 2011].

Hit = β0 + β1Hit−1 +
R∑

j=1

βX
j Xjit +

S∑

j=1

βZ
j Zji + ǫi + ǫh + ǫc + ǫit (1)

Hit and Hit−1 are the child’s HAZ scores measured at time t and t-1 respectively, where

subscript i refers to the individual. X’s are time-varying regressors which include child’s

age, household assets, and community characteristics such as availability of hospital, avail-
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ability of health center, and availability of drinking water in the community. Z’s include

time-invariant characteristics such as gender.

There are four sources of unobservables in the dynamic specification (equation 1) - ǫi, ǫh,

ǫc, and ǫit. ǫi captures the time-invariant individual-specific unobservables such as the

child’s inherent healthiness which affects his or her ability to absorb nutrients and fight

diseases. ǫh captures all time-invariant household-specific unobservables reflecting parental

preferences toward child health. ǫc captures all time-invariant community-specific unob-

servables like community endowments and political associations/connections. ǫit includes

child specific time-varying unobservables such as expected future health shocks, current

health shocks, and expected future prices of consumption goods and health inputs, all of

which are unknown to the econometrician at date t.

The condition of zero correlation between the error term and explanatory variables may

never be satisfied with the inclusion of the lagged dependent variable in the right hand

side [Deaton (1997); Blundell and Bond (1998); Wooldridge (2002)]. Hence with Hit−1

endogenous, standard OLS estimate of β1 is likely to be biased and inconsistent.

We first-difference (FD) equation (1) to remove all time-invariant unobservables where the

FD specification can be written as follows:

δHit = β1δHit−1 +
R∑

j=1

βX
j δXjit + δǫit (2)

OLS estimation applied to a FD specification magnifies the measurement error bias in

lagged health [see Griliches and Hausman, 1986]. Therefore to address both omitted vari-

ables bias and measurement error bias, we follow the dynamic linear panel data estimation

strategy proposed by Arellano Bond (1991) where, the first-differenced lagged dependent

variable is instrumented with the two-period lagged dependent variable and two-period

lagged X’s under the assumption of zero first-order and second-order serial correlation in

the errors specified in the levels specification (1).
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Standard linear specifications assume that the catch-up coefficient has the same impact

across the entire distribution of anthropometric measurements. To allow and test for this

possibility we will also estimate the following dynamic panel data model using a Quantile-

Regression framework as described below:

Q(τ)hit = β0 + β1(τ)Hit−1 +

R∑

j=1

βX
j (τ)Xjit +

S∑

j=1

βZ
j (τ)Zji + ǫ(τ)it (3)

where, the the impact of the lagged dependent variable, Xs and the Zs are allowed to

depend upon the τth quantile of interest.

The main coefficient of interest is the parameter estimate on the lagged dependent variable

which is allowed to vary along the different quantiles. To address the endogeneity in the

lagged dependent variable in equation (3), we will estimate the model using a Quantile-

Regression-Instrument-Variable (QR-IV) estimator proposed by Galvao (2011).

The outcome variable of interest in this paper is height-for-age z-score (HAZ), a well

established long-run indicator of individual health status. The right hand side variables

included in the regressions control for - age of the child in months, male dummy, male

dummy interacted with age in months, asset index, rural dummy, availability of electricity,

availability of drinking water, availability of health center, and availability of hospital. The

control variables are chosen to reflect standard models of determinants of human capital

accumulation in child health [Thomas and Strauss, 1992, 2008]. Descriptive statistics

on the outcome variable and all the regressors used in the empirical specification are

summarized in table 2.

4 Results

The OLS results from estimating the dynamic linear panel data specified in equation (1)

is reported in column 1, table 3. OLS estimate on the one-period lagged height-for-age z
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score is 0.66 for Vietnam (see column 1, table 3), this indicates less than partial catch-

up in attained height-for-age z scores. We observe higher levels of catch-up potential in

Ethiopia, India, and Peru. The OLS estimate is likely to be biased and inconsistent as

it suffers from both omitted variable bias and measurement error bias as discussed in the

earlier sections of the paper.

Equation (2) is estimated using the Arellano-Bond (1991) estimator where the first-

differenced catch-up coefficient and its interaction with the country dummies is instru-

mented with two-period lagged height-for-age z score, two-period lagged height-for-age z

scores interacted with the country specific dummies, two-period lagged dummy capturing

the incidence of diarrhea during the last 24 hours, the interaction of this variable with

the country specific dummies, two-period lagged dummy capturing the incidence of diar-

rhea during the last 24 hours interacted with father’s education, and the interaction of

this variable with the country specific dummies. The FD-GMM estimates following the

Arellano-Bond type estimator is reported in column 2, table 3, which produces a catch-up

coefficient estimate of 0.23 in Vietnam, 0.005 in Ethiopia, -0.03 in India, and 0.31 in Peru.

We find that the null of perfect catch-up cannot be rejected at the 1% significance level

for children in Ethiopia and India. We find evidence in support of partial catch-up among

children in Vietnam and Peru, again these estimates are statistically significant at the 1%

significance level.

The coefficient on the catch-up term from the first-difference GMM specification indicates

larger catch-up effects compared to the coefficient estimate reported in the OLS specifi-

cation, suggesting an upward bias in the OLS parameter estimate of the catch-up term.

The catch-up coefficient obtained from following a first-difference GMM strategy provides

us with our preferred estimate on the catch-up term as it addresses both omitted vari-

ables bias (via first-differencing) and measurement error bias (via instrumental-variable

techniques) in data.

To allow for the potential of differential catch-up along the entire distribution of nutri-

tional outcomes, we also estimate a dynamic quantile regression instrument variable model

treating the lagged dependent variable as endogenous. Equation (3) is estimated using the
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Quantile-Regression Instrument-Variable estimator proposed by Galvao (2011) where the

first-differenced catch-up coefficient and its interaction with the country dummies is in-

strumented with two-period lagged height-for-age z score, two-period lagged height-for-age

z score interacted with the country specific dummies, two-period lagged dummy capturing

the incidence of diarrhea during the last 24 hours, and the interaction of this variable

with the country specific dummies. The coefficient estimate on the lagged dependent vari-

able captures the extent of catch-up observed for individuals at both the bottom and top

quantiles of the anthropometric distribution. If history does not matter, then children at

the bottom quantile of the nutritional distribution must have no association with their

lagged health status. However, if indeed, factors during early childhood continue to affect

their later well being then, we will observe high levels of path dependence between current

and lagged health, especially at the bottom quantile of the nutritional distribution. In

particular, we will not be able to reject the null of no path dependence between current

and lagged health for children in the bottom quantile of the anthropometric distribution.

The preferred instrument variable quantile regression estimates for the dynamic panel

data model are reported in columns 1-4, table 4, capturing the catch-up effects along the

following four quantiles - τ=0.10,τ=0.25, τ=0.75, and τ=0.90. The instrument variable

quantile regression estimates reported in table 4 indicate that the null of homogenous

catch-up coefficient can be rejected at the 1% significance level. We find that children

exhibit different levels of catch-up along the distribution of anthropometric outcomes,

and this effect varies across countries. Vietnam exhibit somewhat higher levels of path

dependendence between current and lagged health at the lowest quantile but not at the

top quantile of the anthropometric distribution. India, Ethiopia, and Peru all exhibit

small levels of path dependence at the bottom quantiles and higher dependence at the top

quantiles.

5 Robustness

It is well known that if the correlation between the endogenous regressor and the instru-

ments is weak, IV estimates remain inconsistent [Murray (2006)]. We use the Kleibergen-
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Paap Wald rk F statistic to test for weak instruments. This test statistic is robust in

the presence of heteroskedasticity, autocorrelation and clustering [Kleibergen and Paap,

2006]. The Kleibergen-Paap Wald rk F statistic on the excluded instruments reported in

our Arellano-Bond estimates is always above 10, satisfying the Staiger and Stock (2003)

rule of thumb rejecting the null of weak correlation between the instruments and the

endogenous regressor.

Arellano and Bond (1991) stress that in their estimator, using a twice lagged depen-

dent variable (here Hit−2) as an instrument for first-differenced lagged dependent variable

(Hit−1) is valid only if E (ǫit, Hit−2) = 0, that is, the errors in the levels specification

are serially uncorrelated over time. To test for second-order serial correlation in the levels

residuals, Arellano and Bond (1991, pp. 282) suggest using an m2 statistic. However,

this requires a minimum of five rounds of data and the Young Lives Study has only three

rounds of data. Instead, we use, the C statistic also known as the GMM distance or

difference-in-Sargan statistic to test for the no serial correlation assumption in the levels

specification (Blundell and Bond, 2000 and Hayashi, 2000).

The C-statistic tests of the serial correlation/exogeneity of the two-period lagged height-

for-age z score and the interaction of this variable with the country dummies is reported

in column 3, table 3. At the 5% significance level, we do not reject the null that the

two-period lagged dependent variable and its interaction the country dummies is a valid

instrument, that is, we cannot reject the null of no first-order and second-order serial

correlation in the errors in levels specification.

In addition to the test of strong correlation between the endogenous regressor and the

instrument, it must also be the case that the instrument is uncorrelated with the error

term in the second stage regression. The Hansen J statistic (1996) of 2.33 with a p-value

of 0.67 (column 2, table 3) suggests that we cannot reject the null of instrument validity

for the instruments specified in columns 2, table 3. The coefficient estimate on the Hansen

J statistic and the first-stage F test statistic on the excluded instruments are all appended

at the end of the regression table 3.

The two conditions of instrument relevance discussed in this section provide additional
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support for the reliability of the preferred estimates obtained using the first-difference

GMM strategy.

6 Conclusion

In this paper we estimate - (a) the linear dynamic panel data model to capture the extent

of catch-up in health status among children, and (b) a dynamic quantile regression model,

which allows the impact of the catch-up coefficient to vary along the entire distribution of

anthropometric outcomes. Both models are estimated to account for endogeneity in the

lagged dependent variable.

To address these questions, we will use panel data from four countries collected as part of

the Young Lives study, following children at three critical ages - age 1, age 5, and age 8 in

their lives. We have a unique panel where children from four different countries: Ethiopia,

India, Peru, and Vietnam are all followed at the same age during the course of the entire

study. Stunting is a serious source of concern among policy makers in these countries,

more than 40% of children measured at age 1 suffer from chronic nutritional deficiencies.

The FD-GMM estimator used to compute the coefficient estimate on the lagged dependent

variable in a linear dynamic panel data model results in a catch-up coefficient that varies

from between 0 and 0.31. India and Ethiopia both exhibit almost perfect catch-up, that

is, the null of zero path dependence between current height-for-age z score (HAZ) and

lagged HAZ cannot be rejected at the 1% significance level. Vietnam and Peru exhibit

partial catch-up, that is, the null of zero path dependence between current HAZ and

lagged HAZ can be rejected at the 1% significance level. Partial catch-up effects indicate

that malnutrition during childhood causes some but not significant growth retardation in

future health and well-being.

To allow for the potential of differential catch-up along the entire distribution of nu-

tritional outcomes, we also estimate a dynamic quantile regression instrument variable

model treating the lagged dependent variable as endogenous. The coefficient estimate on

the lagged dependent variable captures the extent of catch-up observed for individuals at
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both the bottom and top quantiles of the anthropometric distribution. If history does

not matter, then children at the bottom quantile of the nutritional distribution must have

no association with their lagged health status. However, if indeed, factors during early

childhood continue to affect their later well being then, we will observe high levels of path

dependence between current and lagged health, especially at the bottom quantile of the

nutritional distribution. In particular, we will not be able to reject the null of no path

dependence between current and lagged health for children in the bottom quantile of the

anthropometric distribution.

We find that children exhibit different levels of catch-up along the distribution of anthro-

pometric outcomes, and this effect varies across countries. Vietnam exhibit somewhat

higher levels of path dependence between current and lagged health at the lowest quantile

but not at the top quantile of the anthropometric distribution. India, Ethiopia, and Peru

all exhibit small levels of path dependence at the bottom quantiles and higher dependence

at the top quantiles.

This paper contributes to the existing literature in many ways. First, the paper brings

out the extent to which early nutritional deficiencies affect health status (height-for-age z-

score) in later ages using a unique panel of children from four different countries Ethiopia,

India, Peru, and Vietnam. This paper is the first to provide empirical evidence on catch-

up effects in these four countries. Second, to our knowledge the paper is the first in

this literature to allow for the impact of the lagged dependent variable to vary across

the entire distribution of anthropometric outcomes, testing the assumption of constant

catch-up effects.
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Table 1: Summary statistics on Height-for-age z-score

Panel A: Pooled sample - Ethiopia, India, Vietnam, and Peru

Years % HAZ <-2 Mean Mean difference

2002 31.11 -1.40 -0.09*** (2006-2002)
(0.01) (0.02)

2006 30.91 -1.49 0.26*** (2009-2006)
(0.01) (0.17)

2009 22.35 -1.23 0.17*** (2009-2002)
(0.01) (0.02)

Panel B: Ethiopia

Years % HAZ <-2 Mean Mean difference

2002 46.31 -1.81 0.33*** (2006-2002)
(0.03) (0.04)

2006 31.16 -1.48 0.25*** (2009-2006)
(0.02) (0.03)

2009 20.90 -1.22 0.60*** (2009-2002)
(0.02) (0.04)

Panel C: India

Years % HAZ <-2 Mean Mean difference

2002 30.13 -1.35 -0.30*** (2006-2002)
(0.03) (0.04)

2006 35.40 -1.65 0.19*** (2009-2006)
(0.02) (0.03)

2009 29.08 -1.45 -0.10*** (2009-2002)
(0.02) (0.04)

Panel D: Vietnam

Years % HAZ <-2 Mean Mean difference

2002 21.35 -1.13 -0.20*** (2006-2002)
(0.02) (0.03)

2006 24.45 -1.33 0.23*** (2009-2006)
(0.02) (0.03)

2009 19.34 -1.10 0.04 (2009-2002)
(0.02) (0.03)

Panel E: Peru

Years % HAZ <-2 Mean Mean difference

2002 27.52 -1.32 -0.20*** (2006-2002)
(0.02) (0.03)

2006 32.70 -1.53 0.38*** (2009-2006)
(0.02) (0.03)

2009 20.65 -1.15 0.18*** (2009-2002)
(0.02) (0.03)

Source: Young Lives Study - 2002, 2006, and 2009

*** significant at 1%, ** significant at 5%, * significant at 10%
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Table 2: Summary statistics of all variables used in the empirical specification

Variables Observations Mean Std. dev

Height-for-age z-score (HAZ) 21738 -1.37 1.17

Age in months 21738 57.45 34.89

Illness during the last 24 months in wave 1 7246 0.14 0.34

Diarrhea during the last 24 months in wave 1 7246 0.04 0.20

Asset index 21738 0.001 2.08

Male dummy 21738 0.52 0.49

Rural dummy 21738 0.62 0.48

Dummy for the availability of electricity 21738 0.76 0.42

Dummy for the availability of hospital 21738 0.47 0.49

Dummy for the availability of health center 21738 0.86 0.34

Dummy for the availability of drinking water 21738 0.58 0.49

Source: Young Lives Study - 2002, 2006, and 2009
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Table 3: Linear Dynamic Panel Data Estimates of the Catch-up Coefficient

Variable HAZ HAZ
(1) (2)
OLS FD-GMM

Lagged HAZ 0.664*** 0.238***
(0.0126) (0.08)

Ethiopia*lagged haz -0.229*** -0.232***
(0.0187) (0.08)

India*lagged haz -0.0997*** -0.275***
(0.0180) (0.09)

Peru*lagged haz -0.0780*** 0.08
(0.0166) (0.11)

Male dummy 0.112***
(0.0238)

Lagged age in months 0.00789*** -0.008**
(0.000605) (0.004)

Lagaged age in months*male dummy -0.00281*** -0.0012***
(0.000488) (0.00032)

Rural dummy -0.174*** -0.21***
(0.0283) (0.03)

Asset index 0.0608*** 0.016**
(0.00579) (0.0074)

Dummy for the availability of electricity -0.0485 0.22
(0.0446) (0.17)

Dummy for the availability of hospital 0.109*** 0.0538
(0.0323) (0.0783)

Dummy for the availability of health center 0.0887*** -0.003
(0.0336) (0.12)

Dummy for the availability of drinking water -0.0859*** -0.152*
(0.0288) (0.08)

Kleibergen-Paap F statistic 13.79
Hansen J statistic 11.05

(0.20)

Test of linear hypotheses
Lagged HAZ+Ethiopia*lagged haz 0.005

(0.02)
Lagged HAZ+India*lagged haz -0.03

(0.03)
Lagged HAZ+Peru*lagged haz 0.31***

(0.07)

Observations 14,492 7,246

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
P-values are reported in parethesis for the Hansen J statistic
Ethiopia, Peru and India are country specific dummy variables
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Table 4: Dynamic Quantile Regression Instrument Variable Estimates of the

Catch-up coefficient

Variable HAZ HAZ HAZ HAZ
(1) (2) (3) (4)

QR-IV QR-IV QR-IV QR-IV
0.10 0.25 0.75 0.90

Lagged HAZ 0.90*** 0.58*** 0.15** -0.20
(0.013) (0.08) (0.07) (0.15)

Ethiopia*lagged haz -1.03*** -0.58*** -0.07 0.42**
(0.015) (0.08) (0.08) (0.17)

India*lagged haz -0.97*** -0.57*** -0.20** 0.15
(0.15) (0.09) (0.09) (0.18)

Peru*lagged haz -0.74*** -0.35*** 0.07 0.58**
(0.18) (0.11) (0.11) (0.24)

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Ethiopia, Peru and India are country specific dummy variables
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