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Abstract 
 
The ability to correct deficiencies in early childhood malnutrition, what is known as catch-up growth, has 
widespread consequences for economic and social development. While clinical evidence of catch-up has 
been observed, less clear is the ability to correct for chronic malnutrition found in impoverished 
environments in the absence of extensive and focused interventions. This paper investigates whether 
nutritional status at early age affects nutritional status a few years later among children using panel data 
from China, South Africa and Nicaragua. The key research question is the extent to which state 
dependence in linear growth exists among young children, and what family and community level factors 
mediate state dependency. The answer to this question is crucial for public policy due to the long term 
economic consequences of poor childhood nutrition. Results show strong but not perfect persistence in 
nutritional status across all countries, indicating that catch-up growth is possible though unobserved 
household behaviors tend to worsen the possibility of catch-up growth. Public policy that can influence 
these behaviors, especially when children are under 24 months old, can significantly alter nutrition 
outcomes in South Africa and Nicaragua.   
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1. Introduction 
  

The ability to correct childhood malnutrition, or for children to display ‘catch-up growth’, has 

important population-level implications for economic and social development.  According to most recent 

estimates, over one third of all children under the age of five in developing countries suffer from some 

form of nutritional deficiency, with approximately 27% classified as underweight, 31% exhibiting 

stunting and 10% exhibiting wasting (UNICEF, 2006).1  These health outcomes are costly to individuals 

and society. Even in moderate forms, early nutritional deficiencies have been linked to a range of adverse 

outcomes in later life, including lower schooling (Alderman, Behrman, Lavy & Menon, 2001), cognitive 

capacity (Paxson & Case, 2008; Glewwe, Jacoby and King, 2001), earning potential as adults (Strauss & 

Thomas, 1998; Grantham McGregor et al 2008) and increased risk of delivery complications for adult 

women, adolescent obesity and childhood mortality (Popkin et al., 1996; Ong et al., 2000; Martorell, 

1997). It is estimated that more than half of deaths among children under age five, and 15 percent of total 

disability-adjusted life years lost in developing countries is due to underlying malnutrition (WHO, 2005). 

These consequences of malnutrition add up to large economic losses for nations—in India for example 

losses due to under-nutrition are estimated at 2.95% of GDP (World Bank 2008). With such large 

potential damage associated with early childhood stunting, the key question is whether, at the aggregate 

level, early linear growth deficits can be corrected in the short term to enable children to reach their full 

developmental potential. 

The term ‘catch-up growth’ was first in introduced in the early 1960’s to describe a phase of rapid 

linear growth under favorable circumstances which allowed a child to accelerate toward his or her pre-

illness growth curve (Prader et al., 1963).2  Since human growth follows a fairly regular curve throughout 

the life course, theoretically a period of height velocity above the statistical limits of normality following 

                                                 
1 Classifications include moderate and severe forms of underweight (below minus two and minus three standard deviations from 
median weight-for-age of reference population), stunting (below minus two and three standard deviations from median height-
for-age of reference population) and wasting (below minus two and three standard deviations from median weight-for-length of 
reference population) according to WHO standard cutoffs.  Data used was from the most recent available year by country, during 
the period 1996-2005.   
2 The term “catch-down growth” has also been used to describe a decrease in the linear growth curve.  Most research on 
interventions has been more concerned with improving nutrition standards rather than inhibitors of growth, and has therefore 
focused on catch-up growth. 
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a period of growth inhibition should be identifiable and sensitive to various interventions (Boersma and 

Wit, 1997).  Although catch-up growth has been observed in laboratory and clinical settings, a key 

question is whether these clinical studies translate to the real world. That is, at the population level, and in 

the absence of sustained, focused intervention, is catch-up growth possible? The existing social science 

literature is mixed on the possibility of catch-up growth in ‘natural’ settings. This is due to differences in 

the definition of catch-up growth, measurement of nutritional status, age ranges, lag lengths and statistical 

methodology, including the treatment of endogeneity (see next section for references).  The objective of 

this paper is to present a systematic discussion of the concept of catch-up growth, its application in social 

science research, and to provide more robust evidence of its existence by using independent population 

level panel data from three developing countries spanning different continents, races, cultures, and 

economic environments: China, South Africa and Nicaragua. The application of a common statistical 

approach to samples from such widely diverse populations allows us to comprehensively test the 

hypothesis of catch-up growth as a possible universal phenomenon among children in developing 

countries.  

Our empirical approach to this question is guided by a dynamic household economic model of 

human resource decision-making. In such a model, households apply current health inputs (food, care, 

medicine) to prior observed health status to achieve a desired health outcome in the subsequent period. 

Decisions about the amount of inputs to use depend on, among other things, the health endowment of the 

child. For example, a frail or sickly child may attract more attention and resources (inputs) from parents 

in an attempt to ensure his or her survival. Furthermore, the overall level and mix of inputs depends on 

the parents’ value or preferences for health. Thus, the OLS regression coefficient of previous nutritional 

status on current nutritional status, a common way to investigate the phenomenon of catch-up growth, 

will not reflect a causal relationship because both current and previous nutritional status depend on the 

child’s health endowment, which is unobserved by the researcher and by definition correlated across time 

periods. The extent of the divergence between the OLS coefficient of lagged health on current health and 

the ‘true’ coefficient provides insight on the type of behavior the household exhibits towards 
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malnourished children. A downward bias (OLS reports effects that are smaller than the ‘true’ effect) 

would be consistent with parents engaging in compensatory behavior; that is, providing additional inputs 

to malnourished children in order to boost their health status. On the other hand an upward bias in the 

OLS coefficient would suggest that unobserved characteristics such as preferences or health knowledge 

actually diminish the chances of catch-up growth. Consequently, our empirical investigation of catch-up 

growth explicitly recognizes the potential endogeneity of prior health status, an approach that is not 

always taken in the literature (Adair, 1999; Vella et al., 1994, Osberg, Shau & Xu, 2009). The 

identification strategy, discussed in more detail below, is two-fold. First, for all three countries where two 

time periods of data are available, we use time varying information on lagged prices and their interactions 

with household level exogenous variables as well as household or community level shocks as our 

identifying instruments. Second, for China where we have more than two periods of data available, we 

use a GMM system estimator that jointly estimates a first differenced and levels specification of the 

dynamic conditional demand function, which has been shown to be more efficient than separate 

estimation of either equation (Blundell & Bond, 1998). In this framework, two period lagged height is a 

key instrument in the differenced equation while the lagged difference in height is a key instrument in the 

levels equation. Both these approaches are consistent with the dynamic optimization process of 

households because in such a process, time invariant factors (such as a child’s health endowment) affect 

health choices in each and every period.  

Our contribution to the existing literature on child growth is that we provide estimates of catch-up 

growth from three diverse settings using similar econometric techniques, and for one country, China, we 

provide estimates using alternative econometric identification assumptions; taken together our results 

allow us to thus assess the sensitivity of catch-up growth estimates to country setting and to identification 

strategy, something that has not been possible in previous work in this area. In the next section we review 

the concept of catch-up growth in social science research and highlight the main findings to date; section 

3 describes the theoretical and empirical model and identification strategy; section 4 describes the data we 

use, results are presented in section 5, and their implications are discussed in section 6.   
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2. Catch-up growth: A review 
      
Research on catch-up growth although classically found in the medical and nutrition fields, has grown in 

popularity among economists and economic demographers.  Neither field has a strong position regarding 

the possibility of full or partial catch-up growth nor under what conditions it may occur. For example 

Martorell et al., 1992; Checkley et al., 1998; Monyeki, Cameron and Getz, 2000; Hoddinott and Kinsey, 

2001 and Li et al., 2003, conclude that full catch-up growth is improbable, while Adair, 1999; Fedorov 

and Sahn, 2005; Saleemi et al., 2001 conclude that full catch-up growth is probable.  Although the 

underlying biological mechanism regulating catch-up growth is unknown, there is no evidence that short 

term malnutrition permanently damages growth plates, thus leaving the potential of catch-up growth 

physically possible (Boersma and Wit, 1997).3  Much of the ambiguity in social science research is due to 

the variability in data such as age ranges, sample sizes, time between survey rounds, research design and 

model specification.4  These factors have been shown to influence results and have the potential of 

introducing bias if proper methods to control for mediating factors and endogeniety are not implemented.  

Part of the objective of this paper is to provide results that are directly comparable by replicating the same 

model specification in three different populations, which may be subject to varying environmental 

conditions, genetic/racial endowments and socio-economic conditions affecting behavior, food choice and 

susceptibility to childhood malnutrition.   

Clinically, catch-up growth has been defined as “a height velocity above the statistical limits of 

normality for age and/or maturity during a defined period of time, following a transient period of growth 

inhibition (Boersma and Wit, 1997).”  However, it is acknowledged that the height velocity of a normal 

healthy individual fluctuates with seasonal or longer periodicity and therefore using a clinical definition 

                                                 
3 Much of the research involving biological mechanisms in catch-up growth have been conducted on animals or localized to 
single organs in the case of transplant studies.  Two principal models have been postulated regarding biological mechanisms: (1) 
the neuroendocrine or Tanner’s hypotheses and (2) the epiphyseal growth plate hypotheses.  The first involves a central nervous 
system mechanism that compares actual body size with age-appropriate set point and then adjusts growth rate accordingly, while 
the second places the mechanism within the growth plate itself where previous growth-inhibiting conditions decrease 
proliferation of the stem cells within the plate, thus conserving proliferation potential.  See Gafni and Baron for further 
discussion, 2000. 
4 Some of the various models have which have been used to study catch-up effect are the linear random effects growth model 
(Checkley et al., 1998), correlation matrices (Cameron, Peerce and Cole, 2005), logistic regression (Adair, 1999), GMM (Fedrov 
and Sahn, 2001), and maternal fixed effects instrumental variables (MFE-IV) (Alderman, Hoddinott and Kinsey, 2003). 
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of catch-up growth requires knowledge of a narrow and predictable growth tract as a benchmark.5  More 

specifically, Boersma and Wit suggest that biologically three varieties of catch-up growth may be 

distinguished (Boersma and Wit, 1997).  Type A is the classic case of catch-up growth, where when a 

‘restrictor’ is removed, height velocity increases sometimes up to four times the mean velocity for age, 

until the deficit is eliminated and the growth curve returns to normal.  This type of catch-up growth is 

common in infancy and childhood, and may be observed when a child recovers from starvation or illness.  

In Type B, the catch-up period is longer and growth velocity curve may not change, but simply extend 

into adolescence or puberty.  Finally Type C is a mixture of types A and B, such that when the child 

experiences a favorable environment, there may be both a delay and prolongation of growth coupled with 

an increased height velocity.  In settings where a controlled nutrition intervention is implemented and 

frequent anthropometric measurements are taken, these types of growth velocities may be distinguishable 

and are feasible indicators of catch-up growth.  However, in field settings, outside clinical and laboratory 

research, the distinctions between these three types are often blurred.  In social science research 

examining population level child growth, nutrition related measurements may be years apart and the 

variety of catch-up growth may only be hypothesized based on the age ranges of sample children.  

Examining pre-adolescent samples, such as the three panels presented here, is the simplest case, since 

growth differences in puberty need not be accounted for.  Therefore, in these samples, nutrition 

improvements should suggest a lower bound of catch-up growth potential, only capturing Type A and/or 

Type C categories of catch-up growth. 

Outside of clinical research, in the absence of reliable height velocity measurements, social 

scientists have sought alternate measures of improvement in childhood nutrition.  Although there is a 

large body of research investigating improvement of nutritional status, there is no standard definition of 

catch-up growth.  In fact, in contrast to clinical research, often no distinction is made by social scientists 

between compensatory growth, catch-up growth and correcting deficiencies in nutritional status.  

                                                 
5 In addition, this strict definition would require measurements of a previous period showing growth inhibition and must satisfy 
the condition of exceeding statistical normality in growth (Boersma and Wit, 1997).  
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Ultimately, economists and public health researchers are most concerned with the potential of permanent 

damage caused by childhood malnutrition.  The relevant question essentially becomes: if a child exhibits 

moderate forms of malnutrition, are they ‘locked into’ a lower growth trajectory with a lower growth 

potential?  If the answer is no, then relevant policy influential factors which may promote catch up are 

also sought.6  Researchers have tried to evidence this question using a variety of definitions.  For 

example, Adair defines catch-up growth as a recovery from stunting over an 8.5 or 10 year panel from the 

Philippines (Adair, 1999)7.  In 2000, Ong et al. defined “clinically significant catch-up growth” as an 

increase in 0.67 z-scores in weight from birth to two years of age based on growth behavior in a sample of 

relatively well nourished children from the UK (Ong et al., 2000).  Others consider any type of positive 

gain or improvement as a catch-up in nutritional status (Knops et al., 2005).  Using an economic 

framework, Fedorov and Sahn (2005)define catch-up growth as a relationship between height in the 

previous period and height in the current period using a panel of Russian children.  The authors 

hypothesize that if no significant association is found, then damage incurred in the past does not transmit 

to the future period; Hoddinott & Kinsey (2001) use a similar approach but relate lagged height to growth 

in height rather than actual height itself. 

In addition to contrasting definitions and model specifications applied to explain the catch-up 

growth phenomena, the choice of actual nutrition indicator has implications on conclusions.  This analysis 

uses height-for-age z-score as an indicator of catch-up growth following the rationale presented recently 

by Cameron, Preece and Cole (2005). The authors give three main reasons why z-scores are superior to 

other previously used measurements.  The first has to do with measurement of height (or other single 

variable such as weight or height increments), where they note the correlation between baseline and 

follow-up height is dependent on the ratio of height standard deviations of the two measurements, which 

                                                 
6 Biologically, six factors have been hypothesized to affect the extent of compensatory growth: 1) the cause of undernutrition (for 
example severe protein restrictions may have more harmful effects than severe energy restriction); 2) the severity of malnutrition; 
3) the duration of malnutrition 4) the stage of development of the child at the start of malnutrition (where children of younger age 
are more affected); 5) the relative rate of maturation; 6) the pattern of realignment with pre-illness growth curve (the higher the 
plane of nutrition upon realignment, the more rapid and greater the recovery) (Wilson and Osbourn, 1960).   
7 Adair (1999) also examines height increments between two intervals, where children are grouped according to their studentized 
residuals from a regression of height at time t on height in time t-1.  Catch-up growth is defined as a residual of >1. 
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itself varies with age.8  In contrast z-scores are not subject to this bias because they already take into 

consideration reference groups of equal age.  The second justification is that demonstration of catch-up 

growth needs to be compared with growth in a control group, which z-score measurement fulfills but a 

single height measurement does not.  Third and most importantly, the authors note that by using z-score 

measurements, catch-up growth may be separated from correlations predicted by regression to the mean 

in a large sample.9 

3. Theoretical framework, empirical model and identification 
 
3A. Theoretical framework 

     In economic models, child health and nutrition can be thought of as either a household production 

process or a human capital accumulation process.  Nutrition is assumed to contain components of both 

‘stock’ and ‘flow’ variables.  For example, some components of nutritional status are long term 

cumulations or ‘stocks’ of inputs such as height or resistance to disease.  Other components of child 

nutrition are 'flow' variables, such as caloric intake, which are produced with current inputs and consumed 

in the current period.  This is not the case for stock variables, which may be carried over for consumption 

in a future period.  These types of variables can be modeled using a dynamic health production function, 

which represents the technology available to a household seeking to use inputs to produce better health 

(see for example Cebu Study Team, 1992): 

(1) Ht = f(Nt, ,Nt-1, ..., N1, N0, Xt, Xt-1, ..., X1, X0, µi |G); 

where Ht  represents current health (e g. height)and Nt represents a vector of endogenous nutritional inputs 

at time t.  Vector Xt  represents exogenous characteristics at the individual, household and community 

level which affect health in time t.  Inputs as far back as from birth (t=0) may affect the current stock of 

                                                 
8 For example, the expected change in height can be modeled by the equation which relies on measurements of the standard 
deviations: ∆h = E (h2) – h1 = rh1 (s2/s1) +c –h1 = h1(r (s2/s1)-1) +c where h1 is baseline height, h2 is follow-up height, r is the 
correlation between the two, s1, s2 are standard deviations of each sample and c is a constant.  See Cameron, Preece and Cole, 
2005 for discussion of differences in measurement. 
9 The argument is that if a measurement is compared with a second correlated measurement in the same sample, the second 
measurement is on average closer to the population mean than the first.  Thus, stunted children will “regress to the mean” and 
become relatively less stunted over time, and that regression to the mean will be most obvious in children with the worst baseline 
status (Cameron, Preece and Cole, 2005).  
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health and are conditional on G or genetic endowment10  The µi term captures unobserved (to the 

researcher) variables of the child such as frailty or susceptibility to disease.  The right hand side of 

equation (1) may be reduced by making the assumption that one measurement of lagged nutritional status 

is sufficient to measure the stock or accumulation of all previous inputs (Strauss and Thomas, 1995).  

This assumption has been adopted by subsequent theoretical and empirical evaluations (Fedorov and 

Sahn, 2003; Hoddinott and Kinsey, 2001).  Thus, current health may be reduced to a function of lagged 

health, current period nutritional inputs and current period individual, household and community 

exogenous variables related to health, conditional on genetic endowment: 

(2)  Ht = f(Ht-1, Nt, Xt, µi |G); 

Each household is assumed to use a utility maximizing framework to determine the optimal level of input 

for each child's health production.  Utility depends on the consumption of goods, leisure and the health 

stock of children (Ht) and is maximized inter-temporally subject to budget and time constraints as well as 

the health technology implicit in (1). Details of this model are well known and can be found in Cebu 

Study team (1992) and Strauss & Thomas (2007). The solution to this inter-temporal utility maximization 

problem yields optimal inputs N* in each time period which are functions of the exogenous variables in 

the model such as prices including the wage and interest rate (p), assets or other unearned or exogenous 

components of income (A). The dynamic conditional health demand function for child i is derived by 

substituting these optimal inputs N* into equation (2): 

(3) Ht = f(Ht-1, N*(Ht-1, pt, At ),Xt, µi |G); 

Equation (3) displays current stock of health (or nutrition) as a function of its value in the 

previous period, contemporaneous prices of consumption goods and health inputs (p), unearned income or 

assets (A), exogenous characteristics (X) observed genetic endowment (G) and unobserved individual 

heterogeneity. The empirical counterpart to (3) can be written as follows: 

    (4) HAZit = β0 +β1(HAZit-1) + β2 (Xi t) + β3 (Xh t) + β4 (Xc t) + εit + μi 

                                                 
10There has been evidence that even before birth, children’s ‘stock’ of health may be influenced by nutritional inputs of the 
mother during pregnancy (in utero).  See Li et al. (2003) for discussion of evidence.  In this case, t=0 would indicate time at 
conception rather than birth.  However, for model simplification, it is assumed that stock starts accumulating at birth. 
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In equation (4), Xit represents a vector of child level characteristics (some fixed, some time varying) 

which are associated with child nutrition; similarly, Xht and Xct represent time specific household and 

community level variables associated with child nutrition and εit is a period specific random error that is 

not correlated across periods. The key empirical issue is that μi (the unobserved child specific health 

endowment) appears in each period as a determinant of health status, and is thus correlated with the 

lagged z-score.11
   

3B. Identification 

The credibility of results emanating from non-experimental research, the degree to which they 

represent true causal effects, hinges critically on the plausibility of behavioral assumptions invoked to 

achieve identification. The type of question posed here—whether catch-up growth is possible in natural 

settings across continents—can only be answered through non-experimental methods and thus requires 

assumptions which we set forth in this section. We use two different instrumental variable approaches to 

purge (4) of the correlation between lagged z-score and μi . The ideal instrument is a time varying variable 

that affects height in the prior period only but is unrelated to the child’s health endowment. Under certain 

conditions, time varying exogenous variables such as prices and wages are candidate instruments, as are 

unanticipated weather conditions and other unexpected ‘shocks’. Each of our three data sets includes 

prices of food and other basic needs measured at the community level in each time period, which we use 

as instruments. Following Alderman, Behrman, Lavy & Menon (2001) we include regional dummy 

variables measured at the same geographical level as these prices, which controls for permanent spatial 

differences across villages, effectively creating identification through village or cluster level, period 

specific price deviations from permanent trends.12 To generate additional variation at the household level 

we also include interactions of prices with mother’s education, an approach used by Alderman, Behrman, 

                                                 
11 We assume here that ui is time invariant, plausible given the short time periods we are dealing with in this paper. 
Over longer periods, the individual health endowment is both time varying and influenced by prior health choices. 
12 Inclusion of the regional dummy variables measured at the same geographical level as prices effectively ‘de-
means’ the price information and creates identification through deviations from long term or permanent spatial 
differences, what Alderman et al. (2001) interpret as being comparable to price shocks. As done in that paper, we 
include a set of regional dummies measured at the next highest level in the second stage (period t) regressions.  
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Lavy & Menon (2001), Alderman, Hogeveen & Rossi (2009) and Liu, Mroz & Adair (2009).13 The 

Nicaragua data set includes two measures of household level shocks (drought and crop disease) while the 

South Africa data set includes a community indicator of rainfall—these can also serve as exclusion 

restrictions to identify lagged height, and are also interacted with mother’s education. For the shocks to be 

valid instruments, they must be important enough to influence contemporaneous nutritional inputs but not 

so severe that they directly influence health inputs in subsequent periods after controlling for prices and 

shocks in those (future) periods. Similarly, contemporaneous prices should also not appear directly in 

future input demand decisions after controlling for realized height and (future) prices. In terms of 

equation (3), lagged prices and shocks must not appear in N*. Given the length of time between measures 

(2-5 years) and the fact that these are not extreme shocks that engulfed the entire country, we believe they 

are plausible assumptions , and indeed are typical in the empirical literature (see below).   

 In a dynamic model such as the one we estimate, lagged values of all time varying exogenous 

variables can also serve as valid exclusion restrictions ( Bhargava (1991); Cameron & Trivedi (2005)).  In 

our case we have constructed a wealth index using principal components analysis that is based on a 

comprehensive set of assets, durable goods and housing characteristics (see appendix for full list of 

variables used in this construction) and which varies over time; importantly this index is not based on 

either income or expenditure. Because of the comprehensiveness of the index, additions or depletions in 

any one characteristic in a given period will not drastically affect its overall value in that period, making it 

a relatively robust measure of medium term wealth (the variable At in equation (3)). Table A2 in the 

appendix reports the correlation coefficient of the wealth index with itself across time and with 

contemporaneous pc household income. The correlation in the wealth index across time is high, ranging 

from 0.88 to 0.76, while the correlation of household income across time is significantly lower than the 

analogous correlation for the wealth index. In addition, the contemporaneous correlation between the 

wealth index and income is only between 0.31 and 0.55 in any given period. The index thus appears to be 

                                                 
13 Alderman, Hoogeveen & Rossi (2009) interact prices with age and sex of the child; Alderman, Behrman, Lavy & 
Menon (2001) interact prices with maternal education, and Liu, Mroz & Adair (2009) interact household wealth 
with prices.   
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highly correlated across time, but only weakly correlated with income in any particular time period. 

Consequently, under the maintained assumption that this index is exogenous, it provides additional 

identification at the household level.14 Results of over-identification tests based on the Hanson ‘J’ test 

suggest that the set of instruments proposed here are valid in the three data sets we use.15  

 In the case of China we can build a panel over 3 equally spaced time periods, which opens up 

additional avenues of identification. Writing equation (4) in first differences allows us to purge μi from 

the model:  

 
(5)   ∆HAZit = β1(∆HAZit-1) + β2 (∆Xi t) + β3 (∆Xh t) + β4 (∆Xc t) + (εit - εit-1) 

 

The correlation between ∆HAZit-1  and  (εit - εit-1) can now be resolved by instrumenting the lagged 

difference in height with height lagged two periods (measured in levels) as well as lagged differences in 

the time varying exogenous variables (prices, their interactions, shocks and wealth) (Arellano & Bond, 

1991). The potential problem with this estimator in cases where T is small and n large (as it is here) is that 

the first difference of the endogenous variable is often only weakly correlated with its lagged value, 

which turns out to be the case in the China data as we show below. However, efficiency can be gained 

with the Generalized Method of Moments (GMM) system estimator proposed by Blundell & Bond 

(1998), which entails estimating (5) jointly with (4) and using the lagged difference in height (∆HAZit-1) 

along with the lagged levels of the time varying exogenous variables as instruments in the levels equation 

(Arellano & Bover, 1995). The system estimator overcomes the potential problem of weak instruments in 

the differenced equation and is the estimator we pursue in the results below.   

It is useful to compare our identification strategy and associated assumptions with others who 

have reported estimates of early life nutrition on later life outcomes. In addition to the articles cited 

                                                 
14 We are not the first to propose that certain types of assets can be considered exogenous in this framework. Liu et 
al. (2009) also maintain wealth as exogenous; Fedorov & Sahn (2005) offer vehicle ownership, housing size and 
non-labor income as exogenous; Hoddinott & Kinsey (2001) propose livestock and the value of household capital 
stock as exogenous.  
15 P-values for the Hanson ‘J’ statistic are 0.90 and 0.11 for Nicaragua and China respectively, and 0.25 (1989-91) 
and 0.31 (1989-93) for China.  
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above, Glewwe & King (2001) also use weather shocks and lagged prices interacted with exogenous 

household characteristics as instruments. Glewwe, Jacoby & King (2001) and Alderman, Hoddinot & 

Kinsey (2006) both employ a sibling difference estimator to eliminate unobserved household 

heterogeneity, and instrumental variables to address individual heterogeneity. The former study uses the 

lagged height (at age 2) of the older sibling to instrument the sibling difference in height, which assumes 

away the possibility of catch-up growth after age 2; the latter study uses differential time of exposure to 

drought and civil war in Zimbabwe as an instrument which, as explained above, assumes a shock that is 

strong enough to influence differences in sibling height but sufficiently transitory to not directly affect 

subsequent attainments.  Hoddinott & Kinsey (2001) use birth weight as an instrument for prior height 

which assumes that genetic endowment at age two is uncorrelated with genetic endowment at birth. 

Finally, Fedorov & Sahn (2005) use the two-period lagged difference in height as an instrument for 

lagged height (the Arellano & Bover GMM levels equation described above), but they do not use the 

more efficient system estimator we employ here. Our first identification strategy is thus consistent with 

many of the approaches used in the literature to date, while our second approach builds on Fedorov & 

Sahn by estimating the differenced equation (5) and levels equation (4) jointly as a system. Finally, unlike 

any of these previous studies, we provide estimates across 3 population level samples, and in the case of 

China, use two distinct identification approaches, which collectively allows us to assess the robustness of 

results to alternative assumptions across different regions, age ranges and lag lengths. 

4. Data and variables 

4A. Data  

The data used come from three independent population level panels surveyed during the years of 1989 to 

2004.  The China Health and Nutrition Survey (CHNS) is a panel of approximately 4,400 households in 

nine Chinese provinces, designed and implemented by the Carolina Population Center at the University of 

North Carolina at Chapel Hill.16   Information was collected on health, nutrition, employment, household 

possessions, and education on the household level, as well as matching community level information on 
                                                 
16 Provinces include Guangzi, Guizhou, Heilongjiang, Henan, Hubei, Hunan, Jiangsu, Jiaoning and Shandong. 
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markets, health facilities and other social services; additional details of the survey method and 

instruments are described in Carolina Population Center (2005).  This paper utilizes the three panels taken 

in 1989, 1991 and 1993 which covers 32 towns and 96 villages; we use children aged 7 and under in 1989 

and have a final sample of 1121 children in the panel.  The South African data are part of a panel of 

approximately 1,390 households in the KwaZulu-Natal province of South Africa conducted in 1993 and 

199817.  At the time of the baseline survey, KwaZulu-Natal contained nearly 1/5 of the country’s 40.6 

million people, making it South Africa’s largest province (Carter et al., 2003).  The Kwa-Zulu Natal 

Income Dynamics Survey (KIDS) covered a wide range of topics including demography, household 

services, household expenditure, educational status, land access and use, employment and income, health 

status and anthropometry—additional details about the survey are contained in Carter et al. (2003) and 

May et al. (2000). The sample of matched children with valid anthropometric measurements is 514 and 

ranges from age zero to five years at baseline. The final panel is taken from the 1998 and 2001 

Nicaraguan Living Standards Measurement Survey (Encuesta Nacional de Hogares sobre Medicion de 

Nivel de Vida—EMNV) designed by the National Institute for Statistics and Census. This is a multi-topic 

nationally representative survey designed to measure poverty and assess changes in living standards and 

is described in World Bank ( 2002).  The final sample of matched children with valid anthropometric 

measurements and household variables in both years is 497 and ranges from age zero to three years at 

baseline.18 

4B. Variables 

As indicated in equations (3) and (4), control variables are grouped into individual, household and 

community level variables believed to be associated with child health. Individual level variables include 

                                                 
17 The baseline survey was part of the Project for Statistics on Living Standards and Development (PSLSD) implemented by a 
consortium of South Africa survey groups headed by the South African Labour and Development Research Unit (SALDRU).  
Subsequently, the follow up in 1998 was designed to match the baseline with modifications (May et al., 2000).  A second follow-
up, the 2004 survey was recently released in July 2006 by the University of KwaZulu Natal, School of Development Studies.  
18 EMNV was the only data set without consistent person level id codes across both years.  To create a panel, children were 
matched by household, sex and exact birth date (month, day and year).  In addition, children who matched on household and sex 
were examined if their month and year matched, or if all other variables matched except birth year was off by exactly one year.  
In this case, the correct birth year was recovered by examining feasible height/weight measurements in relation to matched 
children and z-scores were recalculated using the new matched z-score information. 
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age of child, sex, ethnic dummies, mother’s height, mother’s age and indicator of low mother’s education.  

Mother’s age and education signal knowledge in child rearing and are proxy indicators of earning 

potential, access to information and higher woman’s status. Mother’s age represents genetic endowment 

and/or parental human capital.  Household level variables include household size, travel time to nearest 

health clinic and the wealth score described previously; in the case of Nicaragua we include two variables 

indicating whether the household experienced agricultural shocks .19  Community level variables include 

the wage rate (China), rainfall (South Africa), regional dummy indicators measured one level above the 

village, prices for foods and other staples. 20  Descriptive statistics for control variables at baseline are 

presented in Table 2.  

Complete case analysis was used for all three data.  The exception was information on the mother 

of the child and information on community level variables.  Missing values on mother’s education were 

replaced with the highest female education in the household.  Mother’s age is replaced by the sample 

mean, mother’s height is imputed and a binary indicator is included as a control variable for observations 

which are missing mother’s information.  Missing community level prices were replaced step wise with 

the average of the district or municipality in which the community was located. 

4C. Sample attrition 

Non-random panel attrition is a concern when working with longitudinal data, especially when the years 

between survey rounds increases. In theory, the number of households dropped from any given panel 

depends on the mobility of the target population, the political situation in the country, survey policy on 

tracking households and the time elapsed between survey years and the rate at which households refuse 

interviews.  In practice, there is also the possibility of errors in the fieldwork, inability to locate houses 

                                                 
19 The variables used in the wealth score differ slightly between data sets based on availability and variation in identifying 
economic status in each country.  See Table 7A in the Appendix for list of variables used for each country.  The same variables 
were used for both years and the validity of the index was tested against single indicators of socio-economic status.    
20 For the CHNS, state stores and free market stores were surveyed in each community for a basket of staple goods.  The KIDS 
surveyed a basket of 41 food and nine non-food basic commodities in both informal and formal sectors for each cluster.  An 
average of these two prices was used as the reported price.  In the case of EMNV, goods included in the questionnaire were based 
on the consumer basket for the urban sector and included 32 food items and 18 non-food items with 3 price quotes for each item.  
The coefficient of variation for each price basket at baseline is CHNS (1989 = 39, 1991 = 30), KIDS (1993 = 45), LSMS (1998 = 
12). 
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and finding members to interview.  The total number of successful re-interviews by household was 90.7 

% (CHNS), 84.1% (KIDS) and 75 % (EMNV) (Carolina Population Center, 2005; May et al., 2000; 

Stampini and Davis, 2003).21  For this analysis, the concern is child attrition due to poor health, or in 

extreme cases, death which potentially may bias results.  To verify that unhealthy children where not 

dropped from the panel or in a systematic way as compared to healthy children, t-tests were conducted on 

sample means within the final panel and those children who had dropped, in the baseline. Results show 

that there was no significant non-random panel attrition within the KIDS and EMNV data.22, 23 

Within the CHNS the children who were not re-interviewed were statistically significantly different than 

those contained in our panel, based on the 1989-1993 panel.  However, the mean z-score of the dropped 

children was 0.18 z-scores higher than those who remained in the panel, thus the hypothesis that 

unhealthy children were more likely to be included in the attrition group is not supported. 

5. Results 

5A. Descriptive statistics 

According to UN country level statistics averaging data from 1995 to 2004, the percentage of children 

less than five years old displaying under nutrition (height-for-age) in each country is approximately 16% 

(China), 25% (South Africa) and 20% (Nicaragua) (UNDP, 2004).  Table 1 presents means of height-for-

age z-scores and years of survey in each panel.  The baseline and follow-up (1993) values of height-for-

age in China are the worst (-1.23 and -1.16), closely followed by South Africa (-1.01 and -.97).  

Nicaraguan children start significantly better off (-0.37), however fall behind in the follow-up (-1.01), 

presumably because this is a younger sample and nutritional status deteriorates rapidly at younger rages 

and then tapers off.  These distributions follow a fairly normal curve and are presented as kernel density 

                                                 
21 Stampini and Davis (2003) test the exogeniety of attrition in the EMNV and conclude that attrition is not a major problem 
using BGLW, Heckman and FGM tests. 
22 The t-test p-values for where H0=mean values of the z-score at baseline for both groups are equal are as follows: EMNV p = 
0.31, KIDS p= 0.13, CHNS p=0.01.  Overall attrition rates for CHNS were calculated from initial figures of 3,795 households 
sampled in 1989 which were reduced to 3,441 households in 1993, including new households formed from sample households 
who resided in sample areas.   
23 Selected children were purposefully dropped from each panel, limiting height for age to biologically feasible values.  Typically 
values outside the range of normality are the result of errors in data entry or measurement rather than true extreme growth.  Here 
the fixed exclusion range is used, where scores of <-5 and >+3 are dropped (WHO, 1995).  
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graphs in Figures 1-3.  In addition, a descriptive analysis of the percentage of movement within each 

sample is presented in Table 1, where the cut point is a z-score of -1.0.  In each case, the percentage of 

children remaining either below or above -1.0 over the panel periods is greater than those moving from 

above to below -1.0 z-scores and vice versa.  For example, among the CHNS data, approximately 45%-

49%  are less than -1.0 z-scores in both years and approximately 32% are above -1.0 z-scores in both 

years.  Smaller percentages improve or regress over the panel period (10-13% and 11% respectively).  In 

comparison to China, South Africa has a greater percentage of improvements and regressions in 

nutritional status, while Nicaragua shows more regressions and fewer improvements.  In all cases there is 

enough movement to confidently examine changes in nutritional status. 

Table 2 presents the remaining core control variables measured at baseline. Children and their 

mothers in EMNV are on average younger than in CHNS and KIDS.  Mother’s in all three samples on 

average are of similar stature, with the Nicaraguan mothers slightly shorter (153.2 cm) in comparison to 

Chinese mothers (155.5 cm) and South African mothers (157.5 cm).  Height may in part be distinctive 

among ethnic groupings, however these account for a relatively small percentage of the sample.  

Approximately 11% of the South African sample is East Indian and 3% of the Nicaraguan sample is 

identified as Indigenous Indian.  As would be expected, family size of Chinese households is the smallest 

(4.95 members), followed by Nicaraguan families (7.23 members) and South African families (8.71 

members).  The low category of mother’s education contains 12% (CHNS), 46% (KIDS) and 19% 

(EMNV) of the sample respectively. The percentage of households residing in urban areas varies from 9% 

in South Africa to 45% in Nicaragua. Finally, Figure 4 displays local linear regressions of height on 

lagged height for each of the 4 samples. In China the relationship appears to be the strongest, while in 

Nicaragua and South Africa the relationship is strongest for children between -2 and 2 z-scores but much 

weaker in the tails.  

5B. Summary of catch-up growth effects across 3 continents 

Table 3 presents a summary of the catch-up growth effects as indicated by the coefficient of lagged height 

z-score on current height z-score; full estimates for the control variables are provided in the appendix. A 
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coefficient of 1 indicates complete state dependency in health or no catch-up and a coefficient of 0 

indicates complete catch-up, or no persistence in health across time. For each data set the OLS coefficient 

of lagged z-score predicting current z-score is displayed, as well as the preferred instrumental variable 

coefficient which accounts for the endogeneity of lagged z-score.  In all cases the OLS coefficient of 

lagged height-for-age is positive and significantly different from both 0 (shown) and 1 (not shown), with 

effect sizes highest in the 2 year panel in China (0.495) and smallest in the 5 year panel in South Africa 

(0.265); in the China 4 year panel the catch-up effect drops to 0.418 and is of roughly the same magnitude 

as in the 3 year panel in Nicaragua. 

The even numbered columns in Table 3 report the IV estimates that account for health related 

behaviors and preferences and these are all smaller than OLS, though the pattern of effect sizes is the 

same—the largest effects are in China (0.381 and 0.386) and Nicaragua (0.358) and the smallest effect in 

South Africa (0.201).  The ratio of OLS to IV coefficients is between 76% and 92% in China and 84% 

and 76% in Nicaragua and South Africa respectively. This decrease indicates that once unobserved 

heterogeneity is controlled, the possibility of catch-up growth improves. Therefore, parents do not display 

compensating behavior, but instead engage in investment type behavior and favor innately stronger 

children. Alternatively, (positive) health related knowledge or preferences are positively correlated with 

innate health. Both of these scenarios reduce the possibility of catch-up growth, and is strongest in South 

Africa (where the divergence between OLS and IV is the largest), followed by the 2 year panel in China 

and then Nicaragua. 

The bottom panel of Table 3 reports auxiliary statistics from the first stage regression predicting 

lagged height. The F-statistic for the joint significance of the instruments (prices, shocks, their 

interactions with maternal education and wealth) exceeds the Staiger & Stock (1997) rule of thumb of 10 

except in South Africa where it is 9.89, while the partial R-squared of the instruments (Shea, 1997) only 

in stage 1 ranges from 15% (Nicaragua) to 26% (South Africa).  

5C. Catch-up growth effects in China using alternative identification strategy 
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Table 4 summarizes the catch-up growth effects using the 3 equally spaced rounds (1989, 91, 93) of the 

CHNS and employing the Blundell & Bond GMM system estimator. The OLS estimate of the catch-up 

effect (column 1) is slightly larger than in the 1989-91 panel and the equivalent 2SLS estimator which 

uses the same exclusion restrictions as in Table 3 (reported in column 6) is only slightly smaller at 0.642. 

However in this sample the instruments are weak and probably irrelevant as indicated by the partial R-

squared and F-statistic at the bottom of column 6. A 2SLS specification which adds the two period lagged 

difference in height to the instrument set performs much better (column 5) and produces a point estimate 

that is much lower at 0.530, or 78% of the OLS estimate.  

 The GMM system estimator which uses prices, their interactions and wealth plus two period 

lagged height (column 3) as instruments results in a point estimate of the catch-up growth effect of 0.566, 

about 83% of the OLS estimate in column 1, a difference which is in line with the pattern reported in 

Table 3 and close to the 2SLS estimate in column 5 of Table 4. Notice that the single-equation Arellano-

Bond estimator in this sample does not perform well (column 2) due to the weak instrument problem, and 

is precisely the motivation set forth by Blundell & Bond (1998) for the system estimator. The result in 

column 3, our preferred estimate, is generally consistent with those reported in Table 3 using the 

alternative identification strategy: unobserved heterogeneity tends to reduce catch-up growth possibilities, 

either because of investment type behavior by parents or because health knowledge is positively 

correlated with health endowment. 

5D. Sub-sample estimates of catch-up growth 

Table 5 presents catch-up growth effects for different sub-samples and an alternative measure of height 

using the specification in Table 3. The top panel shows results for the sub-sample of children who were at 

least mildly malnourished in the base year (z-score of less than -1.0). This group is of interest for two 

reasons. First, they are at higher risk and therefore of policy interest. Second, there is more room for 

improvement among this group, suggesting that the estimated coefficient on lagged z-score would be 

smaller among this group (the familiar regression-to-the-mean story). In two of the four estimates (South 

Africa and Nicaragua) the sample size for this sub-group is very small and the resulting IV point 
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estimates are no longer statistically significant. In China where sample size continues to be large, the IV 

estimates are smaller than OLS, statistically different from 0, and smaller than the full sample IV 

estimates from Table 3, supporting the idea that catch-up growth is more likely in this group.   

The middle panel of Table 5 reports results based on the sub-sample of children who were less 

than 24 months of age at baseline. In this panel the sample size for South Africa drops to 152 and cannot 

support a statistically significant t-statistic, but IV estimates are significant in the other three panels and 

slightly smaller than the IV estimates reported in Table 3 over the full sample. This is consistent with the 

idea that height deficits that occur at earlier ages are more able to be reversed, and supports a 

programming approach that focuses on early intervention (under age 2) of nutrition interventions.  

The bottom panel of Table 5 replicates the main results in Table 3 using height measured in 

centimeters instead of z-scores. Cameron, Preece and Cole (2005) claim that catch-up (i.e. coefficients 

closer to zero on lagged height) should be more evident based on height measurements in centimeters 

compared to z-scores and demonstrate this using a three year panel of 495 stunted South African children 

age two at baseline in the Birth to Ten Cohort, but their statistical methods do not control for endogeneity 

for prior height. The OLS estimates in Table 5 are actually all larger than the OLS coefficients in Table 3 

(and the difference in the coefficients is larger than twice the standard error) which does not support 

Cameron, Preece & Cole. On the other hand, two of the preferred IV estimates in Table 5 are smaller than 

their IV counterparts in Table 3 but in one case (column 1) the difference in point estimates between 

Tables 5 and 3 is not statistically significant.  Fedorov and Sahn use actual height (instead of the z-score) 

as their indicator of catch-up growth in their Russian sample and do control for endogeneity of prior 

height. They report an OLS estimate of 0.35 for lagged height on current height, which declines to 0.22 

once they control for the endogeneity of lagged height. Their results are on the low side of the range of 

estimates reported in Table 5, indicating a greater possibility of catch-up growth in their Russian sample 

of children, and the behavioral implication in their sample is also consistent with investment behavior on 

the part of parents or household decision-makers.  

5E. Interaction effects 
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In this section we explore the possibility that catch-up growth varies with family background and 

environmental factors. The existence of facilitators (or inhibitors) of improved growth are of policy 

interest because these factors could be used for targeting interventions to malnourished children or be the 

objective of interventions themselves. We explore interactions between lagged height and mother’s 

schooling, mother’s height, distance to nearest health facility, household wealth, and the sex of the child. 

Mother’s height and schooling have themselves been the focus of studies on the determinants of 

childhood malnutrition and so we first provide a brief discussion of their potential role in the production 

of infant health.   

One possible role of maternal height is as an indicator of genetic potential. Although there is 

some evidence that the genetic component of the differences in children’s height is on average small in 

comparison to environmental influences, parental height is still a significant component of potential 

height (Golden, 2005).  In developing countries, the idea of height potential is somewhat of a problem if 

the parents themselves are short because of malnutrition when they were children.  This implies two very 

different definitions of catch-up.  One is a catch-up to a standard height based on a healthy population in 

which there is no circular trend, and the other is a catch-up to what is expected of the child, given trends 

of malnutrition.  To catch-up by international standards or essentially correcting for generations of 

malnutrition may be expecting more then is plausible from any given child.  However, there is evidence 

that suggests that not only does mother’s height indicate inherited stature, but also in part inherited 

disease susceptibility due to its significance on survival rates, even after controlling for other 

characteristics (Thomas, Strauss and Henriques, 1990). In this way, mother’s height could be thought of 

as a control for the ‘human capital’ of the mother or parents (Strauss and Thomas, 1995).  Further, it has 

been suggested that the significance of parental height increases as the child ages (Cebu Study Team, 

1992).  

Mother’s education has been cited in numerous studies as showing strong associations with 

nutrition status of children (Barrera, 1990; Strauss and Thomas, 1995; Thomas, Strauss and Henriques, 

1990).  Education may signal knowledge in child caring, as well as a proxy indicator of earning potential, 
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access to information and higher woman’s status.  In all three data sets, mother’s education is not a 

significant determinant of child health, suggesting that it might be correlated with other control variables 

in the equation such as mother’s height and wealth score. 24  For example, Barrera found that estimates for 

mother’s education fell by between 20 and 50 percent when mother’s height is controlled for using data 

predicting height for age in the Philippines (Barrera, 1990).  Similarly, using data from Brazil predicting 

child survival, Thomas, Strauss and Henriques find that the coefficient on mother’s education drops 

between ¼ and ⅓ in size when household income is introduced (Thomas, Strauss and Henriques, 1990). 

We experimented with separate specifications that exclude mother’s height and household wealth 

and find that the coefficient of mother’s education is not sensitive to the exclusion of height, but is 

sensitive to the exclusion of wealth in Nicaragua and China. Specifically, the impact of maternal 

education in the stage one regressions increase (in absolute terms) when wealth is excluded from the 

model in these two countries, while in the second stage, the impact also increases in absolute value and 

becomes statistically significant in the Nicaragua sample (results available from the authors upon 

request).   

Table 6 reports the coefficient estimate of the interaction term between lagged z-score and the 

indicated variable, with lagged z-score and its interaction treated as endogenous and reported t-statistics 

based on bootstrapped standard errors. The interpretation of the sign of the interaction term depends on 

the way the variable is measured. If higher values of the variable are thought to be positively correlated 

with height (e.g. wealth and maternal height), then a positive interaction indicates complements while a 

negative one indicates the two factors are substitutes. However if the variable is measured such that lower 

values are thought to be positively associated with better nutrition (such as distance to health facility, and 

mother’s education since our indicator is for low maternal education) than the opposite is the case: a 

negative coefficient indicates complements and a positive one substitutes.  Since the catch-up growth 

                                                 
24 There has been evidence that maternal education may actually have a negative affect on breastfeeding and subsequent child 
health, however this does not dominate the alternate beneficial affects.  The reasoning given behind this outcome is the increased 
opportunity cost of mother’s time for higher educated mothers (The Cebu Study Team, 1991). 



 23

hypothesis is supported when the impact of lagged z-score is closer to zero, factors that are substitutes 

with lagged height improve the chance of catch-up growth.  

 Results in Table 6 do not show any consistent patterns in terms of substitutes for lagged z-score, 

highlighting the usefulness of examining these relationships across different populations and sample 

designs. Maternal education is a substitute for poor health in South Africa, indicating that children with 

better educated mothers are more likely to improve their z-score than other children. On the other hand, 

maternal education is a significant complement in China, while in South Africa there is an important 

gender difference, with boys appearing to have significantly greater chances of catching up than girls.  

6. Discussion and conclusions 

The possible existence of catch-up growth has attracted the attention of economists and public health 

researchers due to the growing evidence that early childhood malnutrition is associated with a range of 

adverse outcomes at later life stages. Researchers have approached the question in different ways, using a 

variety of sample designs (lag lengths and age groups), statistical techniques and measures of nutritional 

status. Three key points stand-out from our review of the literature: 1) the endogeneity of lagged health on 

current or future health is not fully accounted for in many of the studies; 2) the preferred measure of 

nutritional status is in z-scores and not actual height in centimeters or ranges as is common in some of the 

literature; 3) there is no consensus on the possibility of catch-up growth based on population samples, but 

this is not surprising given the variation in statistical techniques, measures and sample design.  

 We contribute to the catch-up growth debate by presenting results from three widely varying 

population based samples using identical statistical techniques, controlling for endogeneity of lagged 

health in several different ways, and measuring height in z-scores. Our estimates of the association  

between lagged and current z-score based on OLS range from 0.265 to 0.683 for these three different 

populations, indicating that while previous health does not track future health perfectly, there is still 

significant persistence in health status for young children. These estimates do not account for household 

health-related behavior. When such behavior is accounted for, point estimates are reduced to the 0.201-

0.566 range. While this drop implies a greater possibility of catch-up growth, the point estimates are still 
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significantly different from zero, indicating some persistence in health status. This basic result is robust to 

our identification strategy and to height measured in centimeters.    

 The magnitude of the OLS and IV point estimates indicates that OLS is biased upward. Thus, 

household behavioral decisions about children’s health reduce the possibility of catch-up growth. This is 

consistent with several alternative explanations of household behavior: 1) that households pursue an 

investment or wealth maximizing strategy and invest more in children with better innate health 

endowment, or; 2) that (positive) household knowledge and caring practices are positively associated with 

health endowments and thus exacerbate initial differences in health. The difference between the OLS and 

IV estimates of catch-up growth represents the behavioral component of the catch-up phenomenon, and 

thus provides a rough indication of the extent to which child growth can be influenced by public policy. 

To better understand the potential magnitudes we simulate the distribution of z-scores in the later period 

based on the IV and OLS point estimates reported in Table 3 , holding other variables at the means and 

using other coefficients from the preferred IV model. Table 7 shows the potential influence on mean 

height z-score if public policy could reduce the negative behavioral effect estimated in this paper. In 

China the scope for public policy seems to be limited as the IV and OLS predictions of mean height at 

follow-up are very similar. On the other hand, the differences in South Africa (0.46 standard deviations) 

and Nicaragua (0.51 standard deviations) are quite substantial, and as noted in the introduction, these 

improvements can have substantial implications for later school attainment, learning and ultimately 

economic productivity. Based on the results in this paper, we conclude that public policy aimed at 

improving child nutrition, especially when the child is less than 24 months of age, can facilitate catch-up 

growth in linear height in the subsequent 2-5 years.   
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Table 1:  Height-for-Age Z-score Comparisons         

CHNS CHNS KIDS LSMS 
  China China South Africa Nicaragua 

Panel survey years:  1989-1991 1989-1993 1993-1998 1998-2001 
Ages of anthro measurements at baseline (months) 0-84 0-84 0-80 0-36 
Sample sizes 1130 1130 530 492 

Mean z-score in base year  -1.23 -1.23 -1.01 -0.37 
Mean z-score in follow-up year  -1.27 -1.16 -0.97 -1.01 
Percentage in panel (where cutoff is -1.0): 
     Catching-up:* 9.83 12.66 19.25 6.91 
     Regressing:** 11.01 10.62 17.74 23.78 
     Remaining undernourished: 48.49 44.93 30.75 23.37 
     Remaining healthy: 30.67 31.78 32.26 45.93 
* Refers to the percent in the sample that went from below to above -1.0 z-scores.  
**Refers to the percent in the sample that went from above to below -1.0 z-scores. 

 
Table 2: Descriptive Statistics of Core Control Variables at Baseline       

    CHNS : 
China 

KIDS : South 
Africa 

   EMNV : 
Nicaragua 

        
(N=1,121)           (N=514)            (N=497) 

  Mean SD Mean SD Mean SD 
Child Level Variables: 
     Age in months 40.80 22.61 37.05 20.17 12.05 7.15 
     Male (=1) 0.55 0.50 0.50 0.50 0.53 0.50 

     Ethnicity (East Indian/Indigenous=1)1 --- 0.11 0.31 0.03 0.17 
     Mother's age (in years) 29.48 4.75 30.82 7.09 26.40 7.38 
     Mother's height (in cm) 155.55 5.56 157.49 4.98 153.17 8.14 
     Mother's Education < primary (=1)2 0.12 0.33 0.46 0.50 0.19 0.39 
     Missing information on mother (=1) --- 0.08 0.28 0.02 0.15 

Household Level Variables: 
     Wealth score  -0.01 0.84 -0.00 0.95 0.00 0.93 
     Household size 4.95 1.67 8.71 3.72 7.23 3.05 
     Log of distance to clinic (in min) -3.00 3.42 --- 0.74 0.92 
     Experienced drought --- --- 0.39 0.49 
     Experienced crop loss due to pests --- --- 0.29 0.45 

Community Level Variables: 
     Normal rainfall --- 0.84 0.37 --- 
     Urban (=1) 0.27 0.44 0.09 0.29 0.45 0.49 
     Metro(=1) --- 0.16 0.37 --- 
1/ East Indian indicator is used in KIDS, the Indigenous Indian used in LSMS. 2/ The indicator for 'low 
mother's education' varies by data set, meant to capture the same concept. For CHNS it is defined as partial 
primary or less, for KIDS it is defined as primary education or lower while for LSMS it is defined as the 
mother being illiterate. 
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Table 3: Summary coefficients of Lagged Height-for-age Z-scores on Current Z-score         

 CHNS : China 1989-91 CHNS : China 1989-93 KIDS : South Africa LSMS : Nicaragua 
OLS IV OLS IV OLS IV OLS IV 

  (1) (2) (3) (4) (5) (6) (7) (8) 
Coefficient 0.495 0.381 0.418 0.386 0.265 0.201 0.425 0.358 
(Standard error) (0.030) (0.107) (0.035) (0.103) (0.046) (0.101) (0.053) (0.063) 
t-statistic 16.50 3.56 11.94 3.75 5.76 1.99 8.02 5.68 
R-squared value 0.558 0.369 0.475 0.348 0.285 0.229 0.479 0.316 
Observations 1121 1121 514 497 

First stage diagnostics 
F(instruments)1 14.55 14.55 9.89 113.55 
Partial R-squared (instruments only) 0.31 0.31 0.26 0.15 
Overal R-squared 0.42     0.42   0.33   0.54 

1/ Instruments are lagged prices, lagged prices interacted with mother's education dummy, lagged wealth, and for KIDS and LSMS, weather shocks.  
Standard errors for the IV models are bootstrapped. Full regression results presented in the Appendix. 
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Table 4: Summary coefficients of Lagged Height-for-age Z-scores on Current Z-score, China 1991-1993       

Estimator OLS Arellano-Bond 
Blundell-Bond 

System 2SLS 
Levels First difference First difference Levels Levels Levels 

  (1) (2) (3) (4) (5) (6) (7) 
Coefficient 0.683 0.091 0.566 0.510 0.530 0.642 0.391 
(Standard error) (0.023) (0.110) (0.064) (0.085) (0.070) (0.083) (0.084) 
t-statistic 29.70 0.83 8.84 6.00 7.57 7.73 4.65 
Instrument set 
2 period lagged height N/A YES YES YES YES1 NO YES1 
Prices, interactions and wealth N/A YES1 YES1 NO YES YES NO 

F(instruments) 1.90 11.35 2.1 108.08 
Partial R-squared for stage one instruments   0.065 .296 0.04 0.130 
Observations are 1130. The first difference estimator uses two period lagged height as instrument as well as lagged differences in prices and wealth. The levels 
equation uses the two period lagged difference in height as the instrument and lagged prices and wealth. See text for details. 1/ Measured in differences. 
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Table 5: Sub Sample Summary Coefficients of Lagged Height-for-age Z-scores on Current Z-score 

CHNS : China 1989-91 CHNS : China 1989-93 KIDS : South Africa LSMS : Nicaragua 
OLS IV OLS IV OLS IV OLS IV 

  (1) (2) (3) (4) (5) (6) (7) (8) 
Z-score<-1 at baseline 
Coefficient 0.501 0.290 0.433 0.226 0.256 0.279 0.254 0.245 
(Standard error) (0.050) (0.100) (0.053) (0.104) (0.152) (0.264) (0.109) (0.196) 
t-statistic 10.02 2.90 8.17 2.17 1.68 1.06 2.33 1.25 
R-squared value 0.437 0.306 0.479 0.345 0.279 0.301 0.428 0.409 
F(instruments in first stage) 11.55 11.55 1021.10 1.10 
Observations 705 705 258 149 
Age<=24 months at baseline 
Coefficient 0.363 0.336 0.308 0.318 0.281 0.223 0.427 0.351 
(Standard error) (0.053) (0.084) (0.053) (0.069) (0.070) (0.182) (0.059) (0.141) 
t-statistic 6.85 4.00 5.81 4.61 4.01 1.23 7.24 2.49 
R-squared value 0.619 0.306 0.536 0.483 0.416 0.358 0.479 0.315 
F(instruments in first stage) 16.09 16.09 1148.00 1.02 
Observations 331 331 152 475 
Height measured in cms 
Coefficient 0.675 0.411 0.619 0.275 0.443 0.249 0.588 0.554 
(Standard error) (0.031) (0.042) (0.035) (0.046) (0.054) (0.049) (0.054) (0.074) 
t-statistic 21.77 9.79 17.69 5.98 8.20 5.08 10.89 7.49 
R-squared value 0.91 0.808 0.859 0.808 0.711 0.661 0.713 0.571 
F(instruments in first stage)1 19.77 19.77 9.55 21.32 
Observations 1121 1121 514 497 
1/ Instruments are lagged prices, lagged prices interacted with mother's education dummy, lagged wealth and shocks. Standard errors for the 
IV models are bootstrapped with 1000 repetitions. Coefficients significant at 5% are in bold. 
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Table 6: Coefficient Estimates of Lagged Height Interacted with Household/Environmental Factors 

CHNS: China 1989-91 CHNS : China 1989-93 KIDS : South Africa   LSMS : Nicaragua 
Lagged  Lagged  Lagged  Lagged  

Interaction of lagged height z-score with: Interaction height  Interaction height  Interaction height Interaction height 
Maternal education  -0.268 0.412 -0.040 0.391 0.279 0.030 0.132 0.314 
 standard error 0.125 0.059 0.114 0.066 0.131 0.126 0.099 0.077 
  (t-statistic) (2.14) (6.98) (0.35) (5.92) (2.13) (0.24) (1.33) (4.08) 
Maternal height -0.001 0.537 0.001 0.241 -0.034 0.190 0.010 -1.167 
 standard error 0.006 0.928 0.008 1.160 0.111 0.115 0.009 1.455 
   (t-statistic) (0.17) (0.58) (0.13) (0.21) (0.31) (1.65) (1.11) (0.80) 
Household wealth index -0.005 0.381 0.012 0.385 -0.007 1.262 -0.001 0.358 
 standard error 0.047 0.061 0.047 0.064 0.017 2.737 0.042 0.064 
   (t-statistic) (0.11) (6.25) (0.26) (6.02) (0.41) (0.46) (0.02) (5.59) 
Distance to nearest health facility 0.027 0.367 0.046 0.367 -0.053 0.399 
 standard error 0.016 0.062 0.039 0.066 0.053 0.076 
   (t-statistic) (1.69) (5.92) (1.18) (5.56) (1.00) (5.25) 
Male 0.052 0.355 0.097 0.335 -0.291 0.354 0.142 0.283 
 standard error 0.069 0.072 0.071 0.077 0.146 0.128 0.084 0.076 
    (t-statistic) (0.75) (4.93) (1.37) (4.35) (1.99) (2.77) (1.69) (3.72) 
Each row represents a separate regression. Lagged height and its interaction treated as endogenous, standard errors bootstrapped with 1000 repetitions. Coefficients in 
bold are significant at 5%. 
 
 
 
 

Table 7: Simulations of mean follow-up Z-scores               
China 1991 China 1993   South Africa     Nicaragua 

Lagged z-score coefficient estimated by : Mean SD Mean SD Mean SD Mean SD 
OLS -1.564 (0.63) -1.152 (0.67) -1.592 (0.61) -1.527 (0.85) 
Instrumental Variables -1.426 (0.48) -1.136 (0.49) -1.125 (0.26) -1.013 (0.52) 
Means based on predicted distribution of height z-score in the follow-up period using the regression models in Table 3, holding all 
other variables at the means, and varying the coefficient of z-score as indicated in the first column. 
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Appendix 
 
 
Table A1:  Variables used in Principal Component Analysis of Wealth Score 

            CHNS : China          KIDS : South Africa            LSMS : Nicaragua 
(1) Television (=1) Flush Toilet (=1) Number of rooms 
(2) Piped water (=1) Piped water (=1) Electricity (=1) 
(3) Radio (=1) Refrigerator (=1) Television (=1) 
(4) Interior toilet (=1) Telephone (=1) Stove (=1) 
(5) Electricity (=1) Electricity (=1) Electric fan (=1) 
(6) VCR (=1) Radio (=1) Refrigerator (=1) 
(7) Bicycle (=1) Bicycle (=1) Iron (=1) 
(8) Scooter/motorbike (=1) Piped water (=1) 
(9) Car (=1) Non-dirt floor (=1) 

(10) Sheep (=1) VCR (=1) 
(11) Chicken (=1) Sewing machine (=1) 
(12) Horse (=1) Flush toilet (=1) 
(13) Pig (=1) Bicycle (=1) 
(14) Car (=1) 
(15) Toaster (=1) 
(16) Oven (=1) 
(17) Scooter/motorbike (=1) 
(18)     Washing machine (=1) 
* Principle components are listed in order of their contribution to the score in the baseline; 
higher contributing variables are listed first. 

 
 
 
Table A2: Correlation coefficients of per capita income and wealth index 

China 
South Africa Nicaragua   1989-91 1989-93 

Wealth index across years 0.80 0.76 0.88 0.86 
Income across years 0.39 0.35 0.75 0.63 
Contemporaneous wealth and income (baseline) 0.40 0.40 0.55 0.41 
Contemporaneous wealth and income (follow-up) 0.40 0.38 0.53 0.31 
In South Africa pc expenditure is used instead of pc income. 
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Table A3: Second Stage Height-for-age estimates for KwaZulu-Natal Income Dynamics Survey 

(1) (2) 
OLS IV 

Variables Coefficient SE Coefficient SE 
     Lagged Height for age z-score 0.265 (0.05) 0.201 (0.09) 
Child Level Variables: 
     Age (years) -0.100 (0.03) -0.094 (0.04) 
     Male (=1) 0.081 (0.10) 0.081 (0.11) 
     East Indian ( =1) 3.494 (0.52) 3.567 (0.54) 
     Mother's age (in years) 0.066 (0.07) 0.055 (0.07) 
     Mother's age squared (in years X100) -0.091 (0.00) -0.077 (0.00) 
     Mother's Education <= primary (=1) 0.153 (0.15) 0.142 (0.15) 
     Missing information on mother (=1) -0.129 (0.20) -0.109 (0.22) 
     Mother's height (in cm) 0.027 (0.01) 0.027 (0.01) 
Household Level Variables: 
     Household size 0.004 (0.02) 0.002 (0.02) 
     Wealth score  -0.007 (0.14) -0.006 (0.16) 
Community Level Variables: 
     Urban -0.309 (0.56) -0.258 (0.63) 
     Metro -0.382 (0.61) -0.387 (0.66) 
R-squared 0.291   0.229   

Observations are 514. Community level prices of 32 foods and basic items, a constant term and 29 magisterial 
district dummy variables included but not reported. 
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Table A4: Second Stage Height-for-age estimates for Nicaraguan EMNV 

OLS IV 
Variable Coefficient SE Coefficient SE 
Child Level Variables:       
     Lagged Height for age z-score 0.425 (0.05) 0.358 (0.07) 
     Male (=1) -0.115 (0.06) -0.126 (0.08) 
     Age 7-12 months 0.583 (0.12) 0.536 (0.15) 
     Age 13-36 months 0.924 (0.10) 0.816 (0.13) 
     Mother's age (in years) 0.014 (0.04) 0.022 (0.05) 
     Mother's age squared (in years X100) -0.022 (0.00) -0.036 (0.00) 
     Mother's height (in cm) 0.009 (0.01) 0.010 (0.01) 
     Indigenous Indian (=1) -0.514 (0.09) -0.582 (0.10) 
     Missing information on mother (=1) 0.096 (0.23) 0.064 (0.33) 
     Mother Illiterate (=1) 0.028 (0.10) 0.005 (0.10) 
Household Level Variables: 
     Household size -0.018 (0.014) -0.024 (0.017) 
     Wealth score  0.259 (0.07) 0.279 (0.07) 
     Log of distance to clinic (in min) 0.015 (0.03) 0.039 (0.04) 
     Urban (=1) -0.345 (0.17) 0.272 (0.16) 
     Household suffered drought 0.081 (0.09) 0.165 (0.14) 
     Household experienced crop loss due to pests 0.060 (0.08) -0.017 (0.11) 

Observations 497 497 
R-squared 0.479   0.316   
Estimates include a constant, prices of 22 foods and other items and 17 regional dummy variables for 
departments which are not reported here.  
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Table A5: Second Stage Height-for-age Estimates for China health and Nutrition Survey 
(1) 

OLS 
(2) 
IV  

(3) 
OLS 

(4) 
IV  

Variable    Coefficient      SE Coefficient     SE Coefficient     SE Coefficient     SE 
Child Level Variables:             
     Lagged Height for age z-score 0.495 (0.03) 0.381 (0.11) 0.418 (0.03) 0.386 (0.10) 
     Male (=1) 0.048 (0.05) 0.060 (0.06) 0.073 (0.05) 0.071 (0.05) 
     age 7-12 months 0.298 (0.14) 0.222 (0.15) 0.485 (0.11) 0.441 (0.13) 
     age 13-24 months 0.493 (0.13) 0.316 (0.13) 0.398 (0.11) 0.318 (0.11) 
     age 25-36 months 0.347 (0.12) 0.255 (0.13) 0.237 (0.12) 0.244 (0.13) 
     age 37-48 months 0.340 (0.14) 0.223 (0.15) 0.161 (0.11) 0.127 (0.14) 
     age 49-60 months 0.351 (0.14) 0.218 (0.15) 0.249 (0.12) 0.218 (0.14) 
     age > 60 months 0.202 (0.13) 0.007 (0.15) 0.402 (0.12) 0.299 (0.14) 
     Mother's age (in years) -0.002 (0.01) 0.000 (0.01) 0.003 (0.01) 0.004 (0.01) 
     Mother's height (in cm) 0.039 (0.01) 0.044 (0.01) 0.032 (0.01) 0.033 (0.01) 
     mother completed primary school -0.035 (0.10) -0.010 (0.12) 0.038 (0.07) 0.046 (0.09) 
     mother completed secondary -0.144 (0.11) -0.111 (0.13) -0.019 (0.08) -0.012 (0.10) 
Household Level Variables: 
     Wealth score  0.122 (0.04) 0.148 (0.05) 0.130 (0.05) 0.138 (0.05) 
     Household size 0.003 (0.02) 0.001 (0.02) 0.002 (0.02) 0.004 (0.02) 
Community Level Variables: 
     Log of distance to clinic (in min) 0.008 (0.01) 0.010 (0.01) -0.031 (0.03) -0.031 (0.03) 
     Main access road is paved 0.203 (0.07) 0.212 (0.07) 0.168 (0.07) 0.178 (0.07) 
     population/100 0.000 (0.11) 0.000 (0.09) 0.000 (0.00) 0.000 (0.00) 

Year 1991 1993 
R-squared 0.558 0.369   0.475 0.348 

Regressions include constant, 12 prices, community wage rate, and 47 county dummy variables which are not reported here.  
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Table A6: Prices used in stage one regressions   
China South Africa Nicaragua 
Rice Maize Tortilla 
Wheat Mealie meal Red beans 
Noodles Rice Corn 
Sugar Bread Bread 
Eggs Flour Sugar 
Cabbage Cereal Vinegar 
Vegetable Pulses Salt 
Beef Potato Beef 
Powdered milk Tomato Pork 
Coal Sweet potato Chicken 
Unskilled wage Vegetable Oil Milk 
Construction wage Butter Cheese 
Rice (SS) Cheese Eggs 
Wheat (SS) Milk Tomato 
Noodles (SS) Formula Onion 
Cabbage (SS) Sugar Potato 
Vegetable (SS) Meat Plantain 
Beef (SS) Chicken Oranges 
Powdered milk (SS) Eggs Coal 

Fish Cigarettes 
Tin fish Soap 
Pumpkin Toilet paper 
Banana 
Apples 
Soft drinks 
Cigarettes 
Washing powder 
Toilet paper 
Soap 
Toothpaste 
Paraffin 

  Charcoal   
SS indicates State Store. Other prices in China are from Free Market 
Stores. 

 


