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Abstract

Background

The persistence of rural-urban disparities in child nutrition outcamdsveloping countrig
alongside rapid urbanisation and increasing incidence of child m#bmtin urban area

raises an important health policy question - whether fundamentt#yesht nutrition policies

and interventions are required in rural and urban areas. AddreSErguestion requires &
enhanced understanding of the main drivers of rural-urban disparitiekilch nutrition
outcomes especially for the vulnerable segments of the populatios. study applie
recently developed statistical methods to quantify the contributiomiféérent socio-
economic determinants to rural-urban differences in child nutritiocomgs in two Sout
Asian countries — Bangladesh and Nepal.

Methods

Using DHS data sets for Bangladesh and Nepal, we apply quaeglession-basg
counterfactual decomposition methods to quantify the contribution of (1) ffieeedces ir
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levels of socio-economic determinants (covariate effects) andhé&)differences in t
strength of association between socio-economic determinants anchetrittbn outcome
(co-efficient effects) to the observed rural-urban disparitreschild HAZ scores. Th

methodology employed in the study allows the covariate and coefficfentsefo vary across

entire distribution of child nutrition outcomes. This is particularkgfukin providing specifi
insights into factors influencing rural-urban disparities atltheer tails of child HAZ scor



distributions. It also helps assess the importance of individual deterts and how they
vary across the distribution of HAZ scores.

Results

There are no fundamental differences in the characteristatsdetermine child nutrition
outcomes in urban and rural areas. Differences in the levelsiwmitad number of socig
economic characteristics — maternal education, spouse’s educatiotheangealth index
(incorporating household asset ownership and access to drinking aratesanitation
contribute a major share of rural-urban disparities in the logustiles of child nutrition
outcomes. Differences in the strength of association bets@&n-economic characteristics
and child nutrition outcomes account for less than a quarter of rinahutisparities at the
lower end of the HAZ score distribution.

Conclusions

Public health interventions aimed at overcoming rural-urban digsaiit child nutrition
outcomes need to focus principally on bridging gaps in socio-economosvenents of rurg
and urban households and improving the quality of rural infrastrudimgroving child
nutrition outcomes in developing countries does not call for fundamendfigrent
approaches to public health interventions in rural and urban areas.

Keywords

Child Nutrition, Socio-Economic Characteristics, Rural-Urban Dispari@antile
Regression, Counterfactual Decompositions, Developing Countries, Bangladesh, Nepal

Background

Child nutrition outcomes in developing countries have been characteriskageyrural-
urban disparities over the last few decades [1]. A substantiglddfaempirical studies shows
that average child nutrition outcomes in urban areas are significeetter than in rural areas
in a large cross-section of developing countries [2-7]. Van ded®@l[1] in a study of 47
developing countries show that there are significant differeincegral-urban stunting rates
in all but four countries, and that the median rural-urban ratioumtist is 1.4. The rapid
pace of urbanisation in developing countries has at the same timertedfthese countries
with the growing incidence of child malnutrition and greater natrél inequalities in urban
areas [8]. This persistence of rural-urban disparities in childtioat alongside growing
urbanisation and increasing inequality of child nutrition in urban dnghsights the need for
an enhanced understanding of the main drivers of urban-rural etifies in nutrition
outcomes. An important associated public health policy question iherhieindamentally
different nutrition policies and interventions are required in rural arihn areas. For
example, in some settings, social support networks are weakeban compared to rural
areas, and income/wealth may therefore be a more citeetraint for urban compared to
rural nutrition outcomes [2]. In such settings, cash transfers angyably be a more
important component of public health/nutrition intervention portfolios in udsaas than in
rural ones. Also, the quality of public services of importance tatiomroutcomes, such as
education and ante-natal services, have been found severely wansogénrural areas



[9,10]. Such quality differentials could alter the relative effextess of key nutrition
determinants in rural compared to urban areas, resulting in divengemvention and policy
strategies.

Observed rural-urban differences in indicators of child nutritiontdamaes such as Height-
for-Age Z scores (HAZ) may arise because of:

(i) rural-urban differences in théevels of determinants of nutrition outcomes, such as
mother’'s education and household wealth — which may be termed asiateveffects in a
regression context; or

(i) rural-urban differences in th&rength of associatiohetween particular determinants and
nutrition outcomes — which may be termed as coefficient effecsregression context. For
example, an additional year of mother’s education may have a langact on nutrition
outcomes in an urban or a rural population relative to the other, all else held equal.

Rural-urban disparities in child nutrition may also arise frororakination of covariate and
coefficient effects. If rural-urban differences arise largely dusovariate effects, or differing
levelsof determinants, similar policy frameworks and tools could be apptiexss urban and
rural areas [2]. If differences are largely due to coefficadfegcts, however, strategies may
need to vary.

A small literature [2,11] has examined these issues in diffeettihgs. We contribute to this
literature by applying recently developed statistical methbd$ allow a more nuanced
approach to this ‘covariates or coefficients’ question. These QuaRegression-based
Counterfactual Decomposition (QR-CD) methods allow the covariate@eafticient effects
to differ along the entire distribution of nutrition outcomes. For gtapare covariate versus
coefficient contributions to rural-urban disparities different het tower tail of the HAZ
distribution (where severe stunting is likely to be prevalent) cosdpsy the middle and
upper parts of the HAZ distribution? In a policy atmosphere whegettag of the most
vulnerable is important, such insights can be valuable. In addition,gtie®dology we apply
also helps assess the importance of individual determinaats,what proportion of rural-
urban HAZ score differentials may be explained by differemtzdlth or maternal education
levels, and how does this proportion vary across the HAZ distributiGr€Q methods are
well-validated and have been applied in a variety of regression ingdabntexts, including
labour remuneration, health outcomes and public finance. There have alscsdeeral
applications to modelling under as well as over nutrition outcomescent years [12-15].
Our application case studies are set in Nepal and Bangladeshagidly urbanising South
Asian countries grappling with substantial undernutrition problems. Dit#Sstiaw that 45%
of under-fives in rural Bangladesh are stunted, compared to 36%bam @reas, with a
population average of 43%. In Nepal, 51% of rural under-fives are stunteoimiparison to
36% in urban areas, with the population average being 49%. Our primary lsypashinat
most rural-urban disparity across the HAZ distribution arisem fcovariate, rather than
coefficient effects. We are, of course, particularly intexs disparities in the lower tail. A
secondary hypothesis is that, even if a covariate or a coeffeffstt dominates, there are
important differences across the HAZ distribution in the relatmetributions of covariate
and coefficient effects to rural-urban disparities. If the secondagthgsis is shown to hold,
it would strengthen the rationale for the use in nutrition outcome nmoglelf approaches
considering the entire distribution, such as QR-CD.



Literature review: determinants of rural-urban disp arities and methods used
in evaluation

The literature on rural-urban nutrition and health disparities discuis the previous section
has largely modelled the mean/median of nutrition outcomes suohigis for age z-scores
(HAZ), or the prevalence of stunting or wasting. It has, however, bemgnised in the
literature that comparisons of means of child nutrition indicatersxat adequate for
understanding rural-urban disparities. Inequalities of socio-ecoremdicwments tend to be
much greater in urban areas. The differing patterns of ineqaalitiarban and rural areas
may imply that rural-urban disparities in the upper and lowes tdithe distribution of child
nutrition outcomes may be very different from what is suggeste dymparison of means
[1,8]. Our interest in this study is not only in studying rural-uriiaparities across the entire
distribution of nutrition outcomes, but also in examining the influencesspacific
determinants such as education and wealth on these disparitiesgamaytin which these
influences vary across the distribution of outcomes.

Only a few studies have attempted to quantify the contribution of -segcoieomic or
ecological variables, individually or in the aggregate, to rudadumrdifferences in child
nutrition outcomes. Garrett and Ruel [11] investigated the determimdrthe large rural-
urban differentials in HAZ outcomes in Mozambique using cross-settionaehold survey
data in a regression framework modelling mean HAZ. They conclidgdhe explanation
predominantly lay in differing levels of key determinants (catarieffects) rather than
differences in the strength of influence of covariates on mrtributcomes (coefficient
effects). Smith et al. [2] examined DHS data from 36 develomungtdces, again in a (mean)
regression framework, and found significant rural-urban differentele socio-economic
and proximate determinants of child nutrition. The study also found fegrysignificant
differences in coefficient effects in urban and rural sg#tiand concluded that rural-urban
disparities could be predominantly attributed to differences in dewélsocio-economic
characteristics. Van de Poel et al. [1], using DHS data frorde4@loping countries have
attempted to quantify the contribution of wealth and other socio-ecorararacteristics to
child nutrition outcomes by examining how rural-urban relative riskgdor stunting/child
mortality change as these characteristics are successietiolled for. They find that on
average, rural-urban relative risk ratios fall by 53% when houdemehlth is controlled for
and by a further 23% when other socio economic variables are cahtimiléVhilst these
studies have provided valuable insights into the determination of urbanfuttion
outcome differentials, their results only throw light on the meath@® outcome variable.
Also, their approaches do not yield the contributions of individual covartateshild
nutrition outcomes. We apply QR-CD methods to examine how covariateaafiicient
effects, in the aggregate as well as with respect to individaradbles, vary throughout the
HAZ distribution. Our primary hypothesis, that most rural-urban digpacross the HAZ
distribution arises from covariate, rather than coefficient &ffeessentially tests that the
main insight available from the previous literature modelling teanmof HAZ extends to the
entire HAZ distribution, and in particular, the lower tail.

Data and variables

For the empirical application of this approach, we have chosen twidrgaase studies in
South Asia — Bangladesh and Nepal. Both countries are developing esuwitth a high
incidence of poverty-31.5% in Bangladesh (2010) and 25.2% in Nepal (2011) @)
significant rural-urban disparities in child nutrition — but differbstantially in the extent of



urbanisation. While only 17% of Nepal’'s population lives in urban areadyr83% of the
population of Bangladesh is urban, making it one of the more urbanised esuntouth
Asia [17]. The two countries also differ significantly in levels of mateedalcation and child
vaccination coverage (Table 1). The two case studies allow tmeireatéon of rural-urban
differences when key socio-economic determinants and the exteatbahisation are
substantially different. We do not pool data from the two countriekeddsve treat them as
distinct case studies and provide separate estimates for &ackgh we provide a broad
comparative discussion of results.

Table 1 Child nutrition and socio-economic characteristics in Bangladesh ahNepal

Bangladesh
Aggregate (Urban + Rural) Number of  Urban (Number of children Rural (Number of children Rural Urban
children = 5267 =1842) = 3425) difference®
Mean (Std deviation in brackets) Mean (Std deviation in Mean (Std deviation in
brackets) brackets)
Height/Age (z-score) -1.72 (1.36) -1.49 (1.35) -1.84 (1.35) 0.35%*
Gender of Child (female = 1) 0.50 (0.50) 0.47 (0.50) 0.51 (0.50) -0.034*
Age of Child 1.99 (1.41) 1.94 (1.38) 2.01 (1.42) -0.07
Child Vaccinated (yes = 1) 0.49 (0.50) 0.52 (0.50) 0.48 (0.50) 0.043**
Age of mother 25.86 (6.17) 26.00 (5.94) 25.78 (6.29) 0.22
Mother currently working 0.24 (0.42) 0.24 (0.43) 0.23 (0.42) 0.005
(yes=1)
Years of education mother 4.91 (4.33) 5.94 (4.69) 4.35 (4.02) 1.60%*
Years of education of spouse 4.88 (4.88) 6.21 (5.22) 4.16 (4.53) 2.04%*x
Wealth status (index) -0.09 (0.93) 0.55 (1.14) -0.41 (0.58) 1.0%%%
Extended family dummy 0.44 (0.50) 0.44 (0.50) 0.44 (0.50) 0.00
(yes=1)
Dependency ratio 1.12 (0.72) 0.99 (0.65) 1.19 (0.75) —0.19%+*
Number of children <5 yrs 1.39 (0.57) 1.34 (0.55) 1.42 (0.58) -0.07%*
Nepal
Aggregate (Urban + Rural) Number of Urban (Number of children =Rural (Number of children =  Rural Urban
children = 5219 1168) 4051 differencé
Mean (Std deviation in brackets) Mean (Std deviation in  Mean (Std deviation in
brackets) brackets)

Height/Age (z-score) -1.96 (1.34) -1.65 (1.36) -2.05(1.31) 0.4%**
Gender Child (female = 1) 0.49 (0.50) 0.50 (0.50) 0.49 (0.50) 0.01
Age of child 2.05 (1.40) 2.11 (1.43) 2.03 (1.39) 0.08
Child Vaccinated (yes = 1) 0.24 (0.42) 0.26 (0.44) 0.23 (0.42) 0.031*
Age of mother 26.96 (6.07) 26.18 (5.27) 27.18 (6.26) —1.00%**
Mother currently working 0.70 (0.46) 0.54 (0.50) 0.75 (0.43) —0.21%**
(yes=1)
Years of education mother 2.46 (3.65) 421 (4.31) 1.95 (3.27) 2.26%**
Years of education of spouse 5.28 (4.09) 6.76 (4.34) 4.85 (3.91) 1.91%x*
Wealth status (index) -0.21 (0.84) 0.52 (1.16) -0.43 (0.54) 0.96%**
Extended family dummy 0.51 (0.50) 0.47 (0.50) 0.52 (0.50) -0.05**
(yes=1)
Dependency ratio 1.38 (0.96) 1.18 (0.81) 1.44 (0.99) —0.26***
Number of children < 5 years 1.58 (0.63) 1.50 (0.63) 1.61 (0.62) —0.10%**

& Asterisk in the column indicate the level of sfigrdnce of the difference in outcomes/charactesshietween rural and
urban areas based on independent sample T-testdetotes significance at 1% level, ** denotes Higance at 5% level
and * denotes significance at the 10% level ofificamce.

We have used datasets from the Demographic and Health SurveysMEA&A®RURE-DHS

project (http://measuredhs.com/) which collects and disseminatesaily representative
demographic, health and nutrition information based on household surveysdourgées.

The datasets are freely accessible to the public and ressasiiigect to a prescribed
registration and approval process. Permission to access and utdatbets relevant to this
study was obtained by the authors from the MEASURE-DHS arcfiikie most recent
datasets from the Demographic and Health Surveys for Banglé2iz&h) and Nepal (2006)
were used in the study. The datasets include data from a naticey@agsentative sample of
urban and rural households. Units for observation for this study weskildilen aged below
five years in the households surveyed. After deletion of observatioths imaomplete



information, the sample for Bangladesh had 5267 children, with 1842 (35%g liviurban
households and 3425 (65%) living in rural households, while Nepal had 5219 rchilidne
1168 (22%) living in urban households 4051 (78%) living in rural households.

We used height-for-age Z-scores (HAZ) as indicators of childtioutrin rural and urban
households. Stunting, defined as HAZ less than two standard deviationthe of
NCHS/CDC/WHO International Reference Standard [18], is a goaktdtor of child
nutrition and health status as it reflects the effects of chronicitional deficiency.
Determinants of child nutrition status used in this study arelynbased on the previous
literature and include child characteristics as well asossmonomic characteristics of the
household. Gender, age of the child and child vaccination are the atfaldcteristics
included in this study. Socio-economic characteristics of the housieicblded in this study
are years of education of the mother and the spouse, employmest stathe mother
(whether the mother is currently working), dependency ratio (compwethearatio of
economically inactive members of the household (under 16 and over 64i@ais active
members, the number of children below five years in the household, wtretheusehold is
an extended family unit and an indicator of socio-economic status — the DHS wealth index

The DHS wealth index [19] is a composite measure of a househellave economic status
and has been extensively used in the assessment of equity in beatthssand distribution
of services among the poor [20-26]. In environments where accur@eondancome and
expenditure are extremely difficult to collect or may be stilife considerable volatility, the
DHS wealth index provides a more stable and reliable measureamfsghold’s cumulative
living standard and access to utilities and health care. The iodigatiables used for
construction of the DHS Wealth Index include household assets déihdsgivices recorded
in the DHS survey8 For the construction of the Index, these variables are broken into sets of
dichotomous variables and indicator weights are assigned using pricmipaonent analysis
(PCA) as suggested by Filmer and Pritchett [27]. The indicator variat@ddsst standardised
(z-scores are calculated) and then factor coefficient {fémaoling) scores are calculated. For
each household the indicator values are multiplied by the factor gsadinproduce the
household’s index value. The index value itself is a standardisedwitbra mean of zero
and a standard deviation of che

Methods

Conceptual framework

The conceptual framework underpinning our empirical analysishés videly-applied
UNICEF framework [28] outlining the causes of undernutrition. In theQEF framework,
child malnutrition can be analysed in terms of immediate, underbgbasic causes. The
immediate causes are inadequate dietary intakes and infectieasa]ithe underlying causes
are inadequate maternal and child care, inadequate health semité®alth environment
and the basic causes are institutional and socio-economic detetsniaad potential
resources. The basic causes can be viewed as “exogenousiidates — which influence
child nutrition through their effect on the intervening proximatemgheinants. The proximate
determinants are, therefore, endogenously determined by the exogéaoasteristics. In
empirical (reduced form) models examining the relationship betwakeld nutrition
outcomes and exogenous characteristics, the proximate determimidinigenerally be
excluded to prevent biased and uninterpretable parameters [2,29].



Statistical methods

To assess the rural-urban differentials in HAZ scores, \8é dstimate the distributions of
HAZ scores separately for rural and urban children in each cousitng kernel smoothing

techniques. From the kernel density estimates of HAZ scoresuthleurban differential is

computed at each quantile and provides the raw difference in Bl&fes across the
distribution.

A major objective of this study is to decompose the rural-urbaerdif€es in child nutrition
outcomes into the covariate (or composition) effect, i.e., the diffesein HAZ scores due to
differences in levels of characteristics of urban and rural hold® and the co-efficient (or
structure) effect, i.e., the differences in HAZ scores duéeoadifferences in the returns to
those characteristics, across the entire distribution of HAZescdtinear or logistic
regression approaches assess the mean response of the outcoble tarzhanges in
covariates and the effect of covariates is constrained to besaime along the entire
distribution of the outcome variable. Decompositions based on linearssegreresults
[30,31] would apply only to the mean rural-urban differences in HAZesc¢diut not to other
distributional statistics like quantiles. We, therefore, use a dgi@aegression (QR) approach
to assess how child nutrition outcomes are related to individual and halisbhadcteristics.
The QR technique allows the impact of explanatory variablesaty @long the entire
distribution of the outcome variable — HAZ scores in our case. Thenéthod allows us to
understand how the effects of covariates in the lowest quantile @f $¢8res may differ
from those in other quantiles. For instance, the impact of an iecreanother’'s education
may be very different in the higher and lower tails of HAZ esoKoenker and Hallock [32]
warn against the temptation to simply segment the outcome vamgadpldHAZ, into subsets
based on outcomes valuesy.,deciles of HAZ values, and run standard regressions on these
segments separately, since this introduces sample selectolieims. Estimating categorical
dependent variables models is one optiewg,, probit or logit models to explain stunting
status. However, apart from constraining the effect of explanatagriates to be the same
across the distribution of outcomes, these models sacrificdisgdtisformation in grouping
continuously distributed variables like HAZ into small numbers ofgmates. QR methods
offer the most robust approach to flexibly model the shifts in HAribution associated
with changes to covariates.

The quantile regression method developed by Koenker and Bassett jB&testonly the
conditional quantile effects of changes in explanatory varialieassessing the impact of
policy interventions or understanding the impacts of transitions sugtbasisation, we are
more interested in the effect of a change in an explanatoigblei(e.g., years of education
of mothers) in a population of individuals with different characiess{unconditional
effects) rather than in the impact for sub-groups with specifities of covariates
(conditional effects). To assess the unconditional quantile efdéaisanges in explanatory
variables, we use an unconditional Recentred Influence Function @® regression
method developed by Firpo et al. [34]. A linear specification was adofir the
unconditional QR. However, we did test for the presence of non-liseaciations between
parental education (mother's education and spouse’s education) a#d skl®xes by
introducing a quadratic term and for threshold effects by introduwtimgmy variables for
different levels of education (no education, primary educatiorgnsiacy education). We
found no statistically significant evidence of non-linear associaboriereshold effects for
parental education and the additional variables did not affect theitode or significance of
other explanatory variables. This supported the adoption of a linear specificatioa @Rt



Following Firpo et al. [34], the decomposition of differences betweesd and urban HAZ
scores (for each country) proceeds in two steps (please se@Aaldile 1 for details of the
decomposition procedure). In the first step, a counterfactual distribaftimvan HAZ scores
is constructed [35] which is the distribution of HAZ scores in urbaasathat would have
prevailed if urban households had the same returns to their chataxteds the rural
population. The difference between the distribution of the rural HAZescand the
counterfactual distribution gives the covariate effect and tliereince between the
counterfactual distribution and the distribution of urban HAZ scoressdive coefficient
effect. The covariate and coefficient effects are each deesed into the contribution of
individual covariates using the Recentred Influence Function (Rigiession to obtain
unconditional quantile effects of covariates on HAZ scores [36,37].

Although our set of chosen covariates excludes proximate determinamtier to minimize
endogeneity problems, and is consistent with variables used in pretgvasite [2,11,13],
there is still potential for lingering endogeneity leading difficulties in parameter
interpretation. The education variables in our models are a cg&enin Parental education
may simply be correlated with unobserved parental values and tkdtisnfluence child
height, complicating any causal attribution. However, it is ingydrto make clear, as
O’Donnell et al. [13] note, that the objective of counterfactual decomposition is notlcausa
identification, but rather to explain variations in child height andgquthg relative values of
covariate and coefficient effects. Caution is warranted inndeepretation of coefficients of
variables that are potentially endogenous, but the decomposition itself remadns vali

Results

Descriptive statistics

Table 1 provides descriptive statistics of child nutrition outcoamescharacteristics in rural
and urban areas within Bangladesh and Nepal. In both Bangladesh aatl Neal
households have significantly worse HAZ scores than urban areasliffdrence in mean
HAZ scores between urban and rural households is 0.35 in Bangladeshitwhile40 in
Nepal. In both countries, urban mothers and spouses have more educatitreithaural
counterparts. Also urban households in both countries are wealthiergasreteby the DHS
wealth index), have fewer children under the age of 5 years, a higher propoxauntiofated
children, a lower dependency ratio and lower likelihood of living iremdé¢d families.
Differences in urban and rural outcomes and characteristicHl atatistically significant in
both countries (except for the age of the child in both countries amatdpertion of male
and female children in Nepal).

Quantile regression results

The estimates of the unconditional RIF quantile regressions §@pgrately for rural and
urban areas are shown for Bangladesh and Nepal in Tables 3 aaspectively. In
Bangladesh, only child’'s age, mother’'s education, spouse’s educatiothe wealth index
are seen to have a consistently significant association witB st®res across the HAZ
distribution in both rural and urban areas. Increases in child agetddower HAZ scores,
reflecting growth faltering in young children in the region. Téfiect increases substantially
as we move from the lower tail to the upper tail in both rural abpdrnuareas, indicating that
children starting with better nutritional status stand to loseenthrough faltering as they



grow older. This pattern underlines the importance of flexibly rtindeeffects across the
distribution. Better education of the mother is associated with omepr nutrition, as

expected. In rural areas, this effect is particularly impoftarthe most undernourished, with
the effect wearing off in the upper half of the HAZ distribution. urban areas, this
relationship remains relatively stable throughout the distributioghéti spousal education
and wealth both display a positive relationship with HAZ scores in hotll and urban

areas. The spouse education-HAZ relationship remains broadilarsithroughout the

distributions, while the wealth index-HAZ relationship gets stromge¢he upper part of the
distribution for rural areas.

Table 2Unconditional Recentred Influence Function (RIF) quantile rgression results
for rural and urban households in Bangladesh

Dependent variable: HAZ score

RURAL URBAN
OoLS Quantiles OLS Quantiles
10 25 50 75 90 10 25 50 75 90

Female gender of child -0.04 -0.01 0.05 -0.05 —-0.08-0.27*** 0.04 0.00 0.03 0.08 0.08 -0.08

(0.04)  (0.08) (0.06) (0.05) (0.06) (0.09) (0.06) (0.10) (0.08)  (0.08)  (0.08)  (0.10)
Age of Child —0.24*** —0.,11** —0.15%** -0.23*** -0.31*** -0.44*** -0.20*** -0.08** -0.14*** -0,19*** -0.26*** -0.28***

(0.02) (0.03) (0.02) (0.02) (0.03) (0.04) (0.02) (0.03) (0.03) (0.03) (0.04)  (0.05)
Child vaccinated -0.18*** 0.08 0.01 -0.20%* -0.33*** -0.41*** -0.06 0.05 -0.04 -0.09 -0.12 -0.09

(0.05) (0.08) (0.06) (0.06) (0.06) (0.09) (0.06) (0.10) (0.09) (0.07) (0.08) (0.11)
Age of mother 0.00 -0.02* -0.01 0.00 0.00 0.01* 0.02** -0.01 0.00 0.01 0.03***  0.03***

(0.00)  (0.01) (0.01) (0.00) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)  (0.01)
Mother’s working status  0.09* 0.13 0.13* 0.09 0.10 0.13 -0.04 -0.20 -0.03 -0.05 0.04 0.03

(0.05) (0.10) (0.07) (0.07) (0.07) (0.10) (0.07) (0.14) (0.11) (0.09) (0.09)  (0.12)

Mother's education (yrs) 0.01*  0.04*  0.02** 0.01*  0.02 0.00  0.04%* 0.03* 004 005" 0.04* 0.04*
(0.01) (0.01) (0.01) (0.01) (0.01) (0.02) (0.01) (0.02) (0.01) (0.01) (0.01)  (0.02)

Husband’s education (yrs) 0.02%* 0.02*  0.02%* 0.02** 0.02** 0.03* 0.04** 004" 0.05"* 0.04** 005" 0.03*
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.02) (0.01) (0.01) (0.01)  (0.01)

Wealth index 0.267* 0.20%* 027 0.29%* 027 037 0.13** 009 008  0.16%* 0.11* 0.13*
(0.04) (0.07) (0.06) (0.06) (0.06) (0.11) (0.03) (0.06) (0.05) (0.04) (0.05)  (0.06)
Extended family dummy  0.05 -0.12 -002 004 0.05 0.22%* 0.07 001 001 0.12 0.14 0.05
(0.05) (0.09) (0.07) (0.06) (0.07) (0.09) (0.06) (0.10) (0.08) (0.08) (0.09) (0.11)
Dependency ratio -0.05 -0.08 -0.04 -0.10* -0.07 -0.05 -0.02 001 0.05 -0.08 -0.04 0.06
(0.03) (0.06) (0.05) (0.04) (0.04) (0.06) (0.05) (0.09) (0.07) (0.06) (0.06)  (0.09)
No. of children (<5 yrs)  0.02 -0.07 -004 006 011* 0.12 0.03 0.02 -0.05  0.00 0.10 0.09
(0.04) (0.08) (0.06) (0.05) (0.05) (0.08) (0.06) (0.10) (0.09) (0.07) (0.07)  (0.09)
Constant —1.25%% 276 2 20%* —130"* —0.47* 0.50%  —2.10%* —337%% 2 65M* —p Q2% —1 50F —0.74%
(0.14)  (0.30) (0.20) (0.16)  (0.19) (0.27) (0.18) (0.31) (0.25) (0.24) (0.24)  (0.32)
N 3425 3425 3425 3425 3425 3425 1842 1842 1842 1842 1842 1842
R-sq 0.11 0.03 0.05 0.08 0.09 0.07 0.18 0.04 0.09 0.15 0.13 0.07
adj. R-sq 0.10 0.03 0.05 0.07 0.08 0.07 0.18 0.04 0.09 0.15 0.12 0.07

Figures in brackets are standard errors: Astedsk®te level of significance -***, ** and * denotggnificance at 1%, 5%
and 10% level of significance respectively.



Table 3Unconditional Recentred Influence Function (RIF) quantile rgression results
for rural and urban households in Nepal

Dependent variable: HAZ score

RURAL URBAN
OLS Quantiles OoLS Quantiles
10 25 50 75 90 10 25 50 75 90
Female gender of child -0.01 -0.03 -0.06 0.02 0.02 0.09 0.02 0.08 0.01 0.02 0.01 -0.09
(0.04) (0.06) (0.05) (0.05) (0.06) (0.08) (0.07) (0.12) (0.11) (0.08) (0.10) (0.14)
Age of child —0.23** —0.09*** —0.12%* -0.22%* -0.31** -0.41** —0.27** -0.23*** -0.24** -0.29** -0.26*** —0.30***
(0.02) (0.03) (0.02) (0.02) (0.03) (0.04) (0.03) (0.04) (0.04) (0.04) (0.04) (0.06)
Child vaccinated 0.21*** 0.16** 0.13**  0.20** 0.29** (0.39*** 0.29*** -0.03 0.19* 0.24**  0.45%**  0.62***
(0.05) (0.08) (0.06) (0.06) (0.08) (0.12) (0.09) (0.14) (0.11) (0.11) (0.13) (0.20)
Age of mother 0.00 -0.01 -0.01** -0.01 0.00 0.01 0.01 -0.02 0.00 0.02** 0.01 0.01
(0.00) (0.01) (0.01) (0.00) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.02)
Mother's working status  -0.17*** -0.11  -0.14** -0.12** -0.14** -0.29*** -0.12 -0.12 -0.10 0.03 -0.22** -0.23
(0.05) (0.07) (0.05) (0.06) (0.07) (0.11) (0.08) (0.14) (0.11) (0.10) (0.11) (0.17)
Mother’s education (yrs) 0.05*** 0.03**  0.04** 0.05*** 0.05*** 0.08** 0.06** 0.04* 0.06*** 0.07** 0.06*** 0.06**
(0.01) (0.01) (0.01) (0.01) (0.01) (0.02) (0.01) (0.02) (0.02) (0.01) (0.02) (0.02)
Husband’s education (yrs)0.01**  0.03*** 0.02* 0.00 0.01 0.01 0.00 0.01 0.03* 0.01 -0.02 -0.01
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.02) (0.02) (0.01) (0.02) (0.02)
Wealth index 0.22%** 0. 17** (0.22** 0.31** 0.30** 0.16 0.15**  0.10 0.05 0.15***  0.24*** 0.16
(0.04) (0.05) (0.04) (0.05) (0.07) (0.11) (0.04) (0.07) (0.05) (0.05) (0.06) (0.10)
Extended family dummy  -0.01 0.04 0.02 -0.02 -0.05 -0.04 -0.01 -0.06 -0.14 -0.11 0.04 -0.02
(0.04) (0.07) (0.05) (0.05) (0.06) (0.09) (0.07) (0.13) (0.10) (0.09) (0.10) (0.15)
Dependency ratio -0.06** -0.05 -0.02 -0.07*** -0.05 -0.08* -0.04 -0.14 -0.14* -0.06 0.05 0.05
(0.02) (0.05) (0.03) (0.03) (0.03) (0.04) (0.05) (0.10) (0.07) (0.05) (0.06) (0.09)
No. of children(<5 yrs) -0.03 -0.06 -0.08* -0.04 0.03 0.08 —-0.05 -0.09 -0.04 0.00 -0.04 -0.02
(0.03) (0.06) (0.04) (0.04) (0.04) (0.07) (0.06) (0.13) (0.09) (0.07) (0.07) (0.11)
Constant —1.32%% -3 11%%* -2 2% ] 20%x —( 44%* (.24 —1.44%* -2 .33** -2 20** -2.00*** -0.76** -0.01
(0.13) (0.22) (0.18) (0.17) (0.19) (0.28) (0.24) (0.48) (0.32) (0.29) (0.34) (0.46)
N 4051 4051 4051 4051 4051 4051 1168 1168 1168 1168 1168 1168
R-sq 0.15 0.03 0.06 0.11 0.12 0.09 0.23 0.07 0.12 0.18 0.16 0.09
adj. R-sq 0.15 0.03 0.06 0.11 0.11 0.08 0.22 0.06 0.12 0.17 0.16 0.08

Figures in brackets are standard errors: Astedsk®te level of significance -***, ** and * denotggnificance at 1%, 5%

and 10% level of significance respectively.

The distribution-wide relationship between age of the child and HAZescin rural and

urban areas in Nepal is similar to that of Bangladesh. Agaotheris education has a
consistently positive relationship with HAZ scores across theildison in both rural and

urban areas. There are two key differences between the HNegpaBangladesh results. In
contrast to Bangladesh, in Nepal, education of the spouse has onlgkaane largely
insignificant relationship with child nutrition. However, child vactioa has a positive and
significant association with HAZ scores. In both rural and urb@asa this relationship
strengthens as we move up the HAZ score distribution.

Counterfactual decompositions

Figures 1 and 2 show the cumulative distribution functions for urbanuaaldHAZ scores in

Bangladesh and Nepal, respectively. They also depict in aggithgatesults of the QR-CD
analysis. The curves marked ‘counterfactual’ in the two &égulepict the distribution of
urban HAZ scores that would prevail if urban households had the samesré&butheir

characteristics (covariates) as rural households. The differencesal and urban HAZ
scores across quantiles, the decomposition of these differencesygregate covariate and
co-efficient effects and the contribution of individual charactessto these effects are
presented in Table 4 for Bangladesh and in Table 5 for Nepal.

Figure 1 Distribution of Rural and Urban HAZ scores in Bangladesh.




Figure 2 Distribution of Rural and Urban HAZ scores in Nepal.

Table 4 Decomposition of rural-urban differences in child nutrition outcomes —
Bangladesh

Quantiles

Q10 Q25 Q50 Q75 Q90
Rural HAZ -3.5188 -2.7013 -1.8577 -1.0179 -0.1760
scores
Urban HAZ -3.1753 -2.4321 -1.5227 -0.6166 0.2152
scores
Observed raw -0.3436*** —0.2692*** —0.3350%** —0.4013*** —0.3912%*
gap in HAZ
score8
Covariate effect—0.2694*** (78.43%) —0.2555*** (94.95%) -0.2493*** (74.39%) -0.2816*** (70.17%) —0.2434*** (62.19%)
(% contribution)
Co-efficient  -0.0741(21.57%) -0.0136(5.05%) -0.0858(25.58%) -0.1197(29.83%) -0.1478*(37.78%)
effect (%

contribution)

Contribution of individual characteristics to rural-urban differences in HAZ score$

Covariate effect Co-efficient effect
Q10 Q25 Q50 Q75 Q90 Q10 Q25 Q50 Q75 Q90
Size of effect ~ -0.2694*** -0.2555*** —0.2493*** -0.2816*** -0.2434*** —0.0741 -0.0136 -0.0858 -0.1197 -0.1478*
Explained
Female gender —0.0001 0.0003 (-  —0.0002 -0.0004 -0.0014 -0.0001 0.0010 (- 0.0024 (-  0.0023 (-  -0.0022
of child (0.05%) 0.15%) (0.11%) (0.22%) (0.67%) (0.14%) 1.42%) 2.20%) 2.78%) (2.09%)

Age ofchild  —0.0060* -0.0085* -0.0127* -0.0171* -0.0246* -0.0014  -0.0026  -0.0035  -0.0048  -0.0051
(3.16%)  (4.38%)  (6.69%)  (9.59%)  (11.76%) (2.00%)  (3.69%)  (3.21%)  (5.81%)  (4.84%)

Child vaccinated-0.0039  -0.0004  0.0095*** (- 0.0161*** (- 0.0199** (- 0.0003 (- -0.0002  -0.0005  -0.0007  -0.0005
(2.06%)  (0.21%)  5.00%) 9.03%) 9.52%) 0.43%)  (0.28%)  (0.46%)  (0.85%)  (0.47%)

Age of mother -0.0021  -0.0009 0.0000 0.0004 (-  0.0015 (- 0.0016 (- 0.0011 (- -0.0035 -0.0080 -0.0106

(1.11%)  (0.46%)  (0.00%)  0.22%) 0.72%) 2.29%) 1.56%) (3.21%)  (9.69%)  (10.07%)
Mother's -0.0027 -0.0027  -0.0018  -0.0021  -0.0026  -0.0030  —0.0004  -0.0007  0.0006 (-  0.0005 (-
working status (1.42%)  (1.39%)  (0.95%)  (1.18%)  (1.24%) (4.29%)  (0.57%)  (0.64%)  0.73%) 0.47%)
Mother's ~0.0495** —0.0312%* -0.0194** -0.0214* 0.0065(- -0.0066  -0.0094  -0.0096  -0.0076  -0.0087
education (yrs) (26.09%)  (16.08%)  (10.22%)  (12.00%)  3.11%) (9.43%)  (13.33%) (8.81%)  (9.20%)  (8.26%)
Spouse’s ~0.0424** —0.0394** —0.0339** -0.0423** -0.0453** -0.0103 -0.0127  -0.0116  -0.0141  -0.0078

education (yrs) (22.35%)  (20.31%)  (17.85%) (23.72%) (21.66%)  (14.71%) (18.01%) (10.64%) (17.07%) (7.41%)

Wealth index  —0.0748%* -0.1026%* -0.1122** —0.1019** -0.1404** -0.0497** -0.0482"* -0.0948** -0.0643** -0.0757**
(39.43%)  (52.89%) (59.08%) (57.15%) (67.14%)  (71.00%) (68.37%) (86.97%) (77.85%) (71.89%)

Extended family0.0122* (-  0.0023 (-  —0.004 -0.0047 -0.0225** -0.0008 0.0011 (-  0.0123** (- 0.0140** (- 0.0055 (-
dummy 6.43%) 1.19%) (2.11%) (2.64%) (10.76%) (1.14%) 1.56%) 11.28%) 16.95%) 5.22%)
Dependency -0.0151 -0.0079 -0.0196** -0.0130** -0.0098 -0.0001 -0.0003 0.0005 (-  0.0003 (- -0.0004
ratio (7.96%) (4.07%) (10.32%)  (7.29%) (4.69%) (0.14%) (0.43%) 0.46%) 0.36%) (0.38%)
No. of children —0.0051 -0.0031 0.0043 (-  0.0082* (- 0.0097** (- -0.0001 0.0002 (-  0.0000 -0.0003 -0.0003
<5yrs (2.69%) (1.60%) 2.26%) 4.60%) 4.64%) (0.14%) 0.28%) (0.00%) (0.36%) (0.28%)
Total -0.1897*** -0.1940*** -0.1899*** -0.1783** -0.2091*** -0.0700*** -0.0705** -0.1090*** -0.0826*** -0.1053***
(100%) (100%) (100%) (100%) (100%) (100%) (100%) (100%) (100%) (100%)
Unexplained
Residual -0.0797 -0.0615 -0.0593 -0.1033* -0.0343 -0.0041 0.0569 0.0233 -0.0371 -0.0426

®Raw gap in HAZ scores computed as rural HAZ scores- urlfghddores. The negative sign of the observed raw gap figefiests the fact that rural HAZ
scores are lower than urban HAZ scores.

bFigures in brackets show percentage contribution of indivicheracteristics to the total explained effect.

Significant effects are in bold. Asterisks denote leviebkignificance - ***, ** and * denote significance at the 1% and 10% level of significance
respectively.



Table 5Decomposition of rural-urban differences in child nutrition outcomes — Nepal

Quantiles

Q10 Q25 Q50 Q75 Q90
Rural HAZ —3.6498*** —2.9145% -2.1065*** —1.2287*+* -0.3370%**
scores
Urban HAZ ~ -3.2651*** -2.5150%** —1.6845%** —0.8250*+* -0.0186
scores
Observed raw —0.3847*** —0.3995*** —0.4220*** —0.4037*** —0.3184***
gap in HAZ
score§
Covariate effect-0.3744*** (97.32%) —0.3484*** (87.21%) —0.3045%** (72.16%)  —0.3404*** (84.32%) -0.2608*** @11%)
(% contribution)
Co-efficient ~ -0.0103 (2.68%) -0.0510 (12.77%) -0.1175* (27.87%) -0.0633 (15.68%) -0.0576 (18.09%)
effect (%

contribution)

Contribution of individual characteristics to rural-urban differences in HAZ score$

Covariate effect Co-efficient effect

Q10 Q25 Q50 Q75 Q90 Q10 Q25 Q50 Q75 Q90
Size of effect  -0.3744*** -0.3484** -0.3045*** -0.3404** -0.2608*** -0.0103 -0.0510 -0.1175* -0.0633 0303
Explained
Female gender 0.0001 (- 0.0001 (- 0.0000 0.0000 -0.0002 —-0.0001 0.0000 0.0000 0.0000 0.0001 (-
of child 0.04%) 0.03%) (0.00%) (0.00%) (0.06%) (0.24%) (0.00%) (0.00%0) (0.00%) 0.15%)
Age of child 0.0043 (-  0.0057 (- 0.0102 (- 0.0143 (- 0.0189 (- 0.0090 (- 0.0092 (- 0.0112 (- (0.0101 (- 0.0118 (-

1.71%) 1.99%) 3.06%) 4.41%) 5.66%) 21.18%) 31.51%) 18.54%) 10.10%) 17.35%)
Child -0.0032 -0.0026 -0.0040* -0.0059* —-0.0080* 0.0003 (- —0.0020  -0.0025 -0.0047 -0.0064
vaccinated (1.27%) (0.91%) (1.20%) (1.82%) (2.40%) 0.71%) (6.85%) (4.14%) (4.70%) (9.41%)
Age of mother -0.0102** -0.0106*** -0.0054* -0.0041 0.0085 (- 0.0010 (- 0.0000 -0.0011 -0.0004 -0.0008

(4.05%) (3.70%) (1.62%) (1.26%) 2.54%) 2.35%) (0.00%) (1.82%) (0.40%) (1.18%)
Mother’'s -0.0210**  -0.0258*** -0.0224** -0.0267*** -0.0538*** -0.0028 -0.0023  0.0007 (- -0.0054 -0.0054
working status (8.33%) (9.00%) (6.71%) (8.23%) (16.11%) (6.59%) (7.88%) 1.16%) (5.40%) (7.94%)
Mother’'s -0.0560*** —0.0944** -0.1174** -0.1091** -0.1794*** -0.0016 -0.0022 -0.0029 -0.0025 -0.0022
education (yrs) (22.21%) (32.93%) (35.17%) (33.63%) (53.71%) (3.76%) (7.53%) (4.80%) (2.50%) (3.24%)
Spouse’s —0.0554***  —0.0290*** -0.0036 -0.0204* -0.0177 -0.0013 -0.0026  -0.0014 0.0016 (- 0.0007 (-
education (yrs) (21.98%) (10.12%) (1.08%) (6.29%) (5.30%) (3.06%) (8.90%) (2.32%) 1.60%) 1.03%)

Wealth index  —0.0950%* -0.1197** —0.1704** -0.1626"* -0.0880** -0.0409**—0.0218* -0.0600** —0.0998*** —0.0655***
(37.68%)  (41.75%)  (51.05%)  (50.12%)  (26.35%)  (96.24%) (74.66%) (99.34%)  (99.80%)  (96.32%)

Extended family0.0007 (- 0.0004 (- -0.0003 -0.0009 -0.0007 -0.0023 -0.0049 -0.0037 0.0013 (- -0.0006
dummy 0.28%) 0.14%) (0.09%) (0.28%) (0.21%) (5.41%) (16.78%) (6.13%) 1.30%) (0.88%)
Dependency -0.0114 -0.0046 -0.0176** -0.0114** -0.0202** -0.0018 -0.0017 -0.0008 0.0006 (- 0.0006 (-
ratio (4.52%) (1.60%) (5.27%) (3.51%) (6.05%) (4.24%) (5.82%)  (1.32%) 0.60%) 0.88%)
No. of children —0.0049 -0.0061**  -0.0029 0.0026 (- 0.0065 (- -0.0020 -0.0009  0.0001 (- -0.0008 -0.0004
<5yrs (1.94%) (2.13%) (0.87%) 0.80%) 1.95%) (4.71%) (3.08%)  0.17%) (0.80%) (0.59%)
Total -0.2521** —-0.2867** -0.3338*** -0.3244** -0.3340** -0.0425 -0.0292 -0.0604* -0.1000***  -0.0680*
(100%) (100%) (100%) (100%) (100%) (100%) (100%) (100%) (100%) (100%)
Unexplained
Residual -0.0571 -0.0617 0.0294 -0.0160 0.0732 0.0322 -0.0218 -0.0572 0.0367 0.0104

*Raw gap in HAZ scores computed as rural HAZ scores- urldehddores. The negative sign of the observed raw gap figefiests the fact that rural HAZ
scores are lower than urban HAZ scores.

PFigures in brackets show percentage contribution of indivicharacteristics to the total explained effect.

Significant effects are in bold. Asterisks denote leviekignificance - ***, ** and * denote significance at the 1%f6 and 10% level of significance
respectively.

Figures 1 and 2 and Tables 4 and 5 show that in both Bangladesh and difémraihces
between rural and urban HAZ scores are quite similar acrosslgsaht both countries, the
‘counterfactual’ HAZ distribution curves nearly coincide with the arb#AZ distribution,
particularly in the lower half of the distribution, suggesting tteaariate differences explain
the bulk of the rural-urban gap in the distribution of HAZ scores. @iffgrences in socio-
economic characteristics (covariate effects) account for arndmishare of rural-urban
differences is confirmed by the information presented in thde$ad and 5. In Bangladesh,
the covariate effect accounts for 62%-95% of the overall diffesemceHAZ scores in
different quantiles, while in Nepal the share of the covarideetefanges from 72%-97%.
The covariate effect is also stronger in the lower quantiles.cokefficient effect accounts
for 5%-37% of the overall differences in HAZ scores in Bangla@desl is more pronounced
only in the higher quantiles, while in Nepal the coefficientaféecounts for 3%-28% of the
overall differences in HAZ score, with the largest contribution in the mediantilgua



The further decomposition of the covariate and co-efficient effatbsthe contribution of
individual covariates in Bangladesh and Nepal is also presentedabiesT 4 and 5
respectively. This decomposition shows the relative contribution of thdiVicovariates to
child nutrition outcomes in in rural and urban areas in the two coumtnig$ow they vary
across guantiles. The negative sign of the observed raw gap irsétk&s between rural and
urban areas reflects the fact that rural HAZ scores arerltvan urban HAZ scores in all
quantiles. This must be kept in mind while interpreting the dinectd effect of the
contribution of individual characteristics in the lower part of Taldleand 5 — negative
figures imply a contribution tancreasingthe rural-urban disparity in HAZ scores, while
positive figures show a contribution teducingit. A large proportion of the covariate effect
is accounted for by a limited number of characteristics. In Bdegh, in the lowest quantile
(Q10), wealth (39%), mother’s education (26%) and spouse’s educatior) &2%unt for
87% of the covariate effect which is explained by socio-econeimaracteristics included in
the model. The contribution of other characteristics like child vatomawvorking status of
the mother, number of children below five years, dependency ratio and iliviextended
families is relatively small and is significant only in someantiles. As we move from the
lower to the higher quantiles, the contribution of mother’s educatioreases while that of
wealth increases. The contribution of spouse’s education to the cewelffexdt is nearly 20%
across all quantiles. In Nepal, in the lowest quantile, wealth (38%iher’s education (22%)
and spouse’s education (22%) account for nearly 72% of the covafia. €The
contributions of child vaccination and the working status of the matteesignificant in all
guantiles, while the dependency ratio is significant in some diigter quantiles. However,
in Nepal, the contribution of mother’s education increases as we mdkie gpantiles, while
that of wealth decreases. The contribution of spouse’s education Is lower than in
Bangladesh.

Tables 4 and 5 show that the co-efficient effect in both Bandiadewl Nepal is
predominantly due to the differential effects of wealth in ramadl urban settings. A unit
increase in the wealth index has a stronger association witth i scores in urban
households than in rural households. The co-efficient effect of thehwiedkx tends to
widen rural-urban disparities, but in Bangladesh the disadvantage baress is partially
offset by the positive effect of extended families on child nutrition in some tgganti

Discussion

The QR-based decomposition methods provide specific insight into thesdoivdisparities
in the lowest quantiles of HAZ scores, which is useful for awsgyinterventions aimed at
vulnerable households with the highest levels of stunting. The quantificati the
contribution of individual socio-economic determinants to rural-urban disgsacian be used
to assess the “returns” to different types of interventions. In dmihtries, rural-urban gaps
in the lower half of the distribution are largely accounted fodiffering levels of covariates,
suggesting that bridging rural-urban inequality in undernutritioargely a matter of
equalizing endowments of the determinants of nutrition. Our resultsadgest that much of
this can be achieved by focussing on just three determinantsnalatelucation, spouse’s
education and the wealth index. Other variables, child vaccination,fagetleer, mother’s
working status, extended family dummy and the dependency ratio miatatigely small
contribution to explaining rural-urban disparities, especially in theelf quantiles We
discuss below the implications for the design of policies and progesnm public health and
complementary areas.



The preeminent role of maternal education in child nutrition irreélgeon is emphasised by
our results. The contribution of improved maternal education to bridging-urban
disparities is the largest in the lowest quantiles of HAZ excaand is comparable in
magnitude to the contribution of the wealth index (improvements in econetatus)
Plugging the maternal education gap is, therefore, particuhaggrtant for alleviating rural-
urban disparity at the lower tail of HAZ. Bangladesh has dyreaade great strides in
improving rural women’s education over the last two decades. EnealE Secondary
Stipend (FSS) programme, a conditional cash transfer programmoeluced in 1994,
provided impetus for a rapid and substantial expansion in female segsotaol enrolment
that saw enrolment proportion increase from 35% to more than 50% \waittiacade [38].
The FFS was implemented only in rural and non-metropolitan urban arebis thus likely
to have served to equalise the endowment of mother’s education acebssduurban areas.
However, as Table 1 indicates, as of 2006 there was still a dap ofean years of mother’s
education across rural (4.3 years) and urban (5.9 years) areasgiadesh in our sample.
Thus continued efforts to bridge this gap will likely also continue to pay dividends inaérms
reducing rural-urban nutritional inequality. The scope for attaithiggimproved nutritional
equality dividend is altogether larger in Nepal, where womenhls&ional outcomes remain
worryingly poor, particularly in rural areas. This is refld in the gap of 2.2 mean years
across urban (4.2 years) and rural (2 years) areas in our sammple.nfany other spheres,
education policymaking in Nepal is likely to have been severely haader decades of
conflict and state fragility. In the current, more stable enviemBangladesh’s conditional
cash-transfer based model to boost women’s education may seaveiseful model for
Nepalese policymakers and development agencies.

An important caveat to bear in mind regarding public policymakintgareducation sphere is
the potential for gender-targeted education programmes to encdnegkvelopment of
reverse gender-gaps. There is evidence to show that boys’ entolm co-educational
schools in Bangladesh has been falling relative to girls [39], latdan intra-household
reverse gender gap has opened up that could be associated with tH&8FFK3uf results

indicate that the education of both girls as well as boys psiitant for reducing rural-urban
nutritional inequality. From this perspective, while it is stilitically important to further

boost the education of girls, it is also important for policies am@irammes to think

carefully about how unintended consequences in terms of discouragerttenediication of

boys is avoided.

Bridging the gap in spouse’s education is also important for negluaral-urban inequality
across the HAZ distribution in Bangladesh, and for the most nutiifondnerable children
in Nepal. In Bangladesh our results are consistent with a rscemberein investments in
improving the education level of spouses (in addition to investmentsaternal education)
have large impacts on child nutrition outcomes across the distributiBiAbfscores. This
probably highlights the role of the spouse in a context where womgrbeneonstrained by
social norms in accessing public health messages or services. HowevegrainiiNestments
in improving the education levels of spouses may have large impadndhly lower end of
the HAZ score distribution. Similarly, measures to mitigaie adverse effects of mothers’
working status in rural areas can be expected to have a substaptiat on reducing rural-
urban disparities in Nepal. But in Bangladesh, such measure&eyetd have only a very
limited impact. The decomposition exercise can, therefore, provide useful iopdecfsions
on the relative priorities for different types of interventions in specific gtste



The difference in relative endowments of wealth is the singlet m@gortant factor in
explaining rural-urban disparities in our case study countrieeenGihe wealth index is a
composite of several variables, as discussed before, it isutlitio interpret wealth effects in
terms of specific interventions or policies. However, we note Hratagion (toilet facilities)
and water (source of supply) are two of the key components ofg¢hkhwndex in the two
countries. Recent research in the region [40] has highlighted theufsr importance of
sanitation for child nutrition in areas of high population density. Atencase of education,
while both countries can reduce rural-urban nutrition inequality by ibgdgaps in improved
sanitation and water supply, the potential for doing so is largeepalNhan in Bangladesh.
27% of households in the urban sample and 59% of households in the ruraé sampl
Bangladesh still have access to only ‘unimproved’ toilet feslit The corresponding
numbers for Nepal are 45% for urban and 79% for rural households. In Bestgldess than
1% of the urban sample and only 4% of the rural sample use wateufiimproved sources.
In Nepal, the corresponding numbers are 9% for the urban sample andf2b% rural
sample. Bangladesh’s success in providing safe drinking watethm/éast few decades has
been facilitated by the promotion of cheap shallow hand-pump technology.

The quality of rural services in the region relevant to nutrition, such asattrheare, have
been called into question [9,10]. The co-efficient effects of the swm@o-economic
determinants are however, relatively very small in magnitudemfortant implication for
public health programmes arising from our results is that tkeme kevidence that there is a
substantial rural-urban service quality differential impinging omlrurban child nutrition
gap. For example, our results show that mother's education, measurgears, is an
important determinant of the rural-urban nutrition gap, and that shisrgely a covariate,
rather than a coefficient, effect. If rural education werenfirior quality to urban education,
the strength of association between years of education andamuisitikely to be weaker in
rural areas compared to urban, and the coefficient effect wouldrdper.lalso, maternal
education impacts child nutrition partly through the use of more madxileterminants like
diets and use of health care and ante/post-natal facilitiesTig].lack of importance of
coefficient effects implies that the limiting constraint ural-urban inequality is not the
relative quality of food availability or health services in thaseas, but rather the education
endowments required to utilize them. Thus interventions that close eéndssvment gaps
will effectively lower nutrition inequality. Note that this ot to say that service quality
issues are not important to child nutrition; rather, the quality réifiieals are not currently
large enough to be driving rural-urban nutrition inequality.

Limitations of the study

We have used QR-CD methods to assess the relative importarmeachte and coefficient
effects in explaining rural-urban disparities in child nutritiomngstross-sectional data sets
for two countries that are at different stages of development aadisalion. The efficacy of
socio-economic endowments and public health infrastructure in promotingveaprchild
nutrition may change as a country develops. QR-CD methods can prasidensights into
the changes in the efficacy of public health interventions if ta&ybe applied to repeated
cross-section datasets within a country. This is an extension afutig that we intend to
explore subject to the availability of data. It must be noted @RtCD methods are
computationally intensive and require large datasets. The method daanapplied to
smaller datasets such as those available from intervention stud®sTs. The CD exercise
can provide reliable results only if the basic quantile regnesacludes all the important
determinants of child nutrition outcomes and is well specified. Wbie choice of



determinants has been constrained by the coverage of the DHS suwdnm/e included the
key exogenous demographic and economic determinants considered in thasplieature
[2,11,13]. The linear specification adopted for the quantile regressigmataaccommodate
non-linear and threshold effects associated with the determinaatbaVé, however, tested
for such effects for key variables like maternal education and spouse’sieducat

Conclusions

Using DHS datasets we examined rural-urban differences lish hirition outcomes using
HAZ scores for two South Asian countries — Bangladesh and Nepadi diffier substantially
in the extent of urbanisation. The similarity in the pattern ofltuntzan differentials in these
two countries suggests that these differentials persist evamrbanisation and economic
development proceed. The methodology employed in this paper allows usotopdse
rural-urban differences in child nutrition outcomes into covariate areffcient effects and
further enables us to quantify the contribution of individual explanatomablas (socio-
economic characteristics) to rural-urban differences vieetleffects. The decomposition of
rural-urban differences into covariate and co-efficient effeltavs that the covariate effect
is dominant. A core set of determinants — wealth index (which incogsomtnership of
assets and access to sanitation and drinking water), maternalti@duaad spouse’s
education — accounts for a very large proportion of the covariatetseffe both countries,
which suggests that there are no fundamental differences sot¢ieeeconomic determinants
of child nutrition outcomes in rural and urban areas. The dominancevefiate effects
confirms findings from earlier studies [2,11] that rural-urban digpearin child nutrition are
primarily attributable to the difference in levels of critidgterminants and that differences
in the strength of association between determinants and nutrition osteoenef relatively
small magnitude. Our analysis suggests that public healtlventgzns aimed at overcoming
rural-urban disparities in child nutrition outcomes need to focus prihcipa bridging gaps
in socio-economic endowments and improving the quality of rural tnficiere. The
improvement of child nutrition outcomes in developing countries does not appesalf for
fundamentally different approaches to public health interventions in rural and urb&n area

Endnotes

% The DHS surveys generally cover water supply, electrigfpitation, flooring type,
ownership of assets such as radio, television, telephone, and refrigenatmrship of
agricultural land and livestock, persons sleeping per room and coyegifis items.
Ownership of agricultural land and livestock is not used in the ctmulaf the DHS Wealth
Index as these assets are not generally available in urban areas.

® There have been some concerns that the DHS Wealth Index isutban™ in its
construction depending on assets and services that the urban populatibavadyut the
rural population may not have. This has been sought to be addressed irecemteDHS
surveys by inclusion of more items mainly rural in charactegy.,(evater pumps, grain
grinders). A number of alternative approaches to construction of andhlurban wealth
indices using DHS data are possible [41] including construction ofatepairal and urban
indices. Separate indices for rural and urban areas would not befosefult purposes as the
methods used in this study require that the determinants of H&Essare measured in the
same way in rural and urban areas.
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