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ABSTRACT
Objectives  Approximately one-third of the world’s stunted 
(low height-for-age) preschool-aged children live in India. 
The success of interventions designed to tackle stunting 
appears to vary by location and depth of poverty. We 
developed small-area estimation models to assess the 
potential impact of increments in household income on 
stunting across the country.
Design  Two nationally representative cross-sectional 
datasets were used: India’s National Family Health Survey 
4 (2015–2016) and the 68th round of the National Sample 
Survey on consumer expenditure. The two datasets were 
combined with statistical matching. Gaussian process 
regressions were used to perform geospatial modelling 
of ‘stunting’ controlling for household wealth and other 
covariates.
Setting and participants  The number of children in 
this sample totalled 259 627. Children with implausible 
height-for-age z-scores (HAZs) >5 or <−5, or missing data 
on drinking water, sanitation facility, mother’s education, 
or geolocation and children not residing in mainland India 
were excluded, resulting in 207 695 observations for 
analysis.
Results  A monthly transfer of ~$7 (500 Indian rupees) per 
capita to every household (not targeted or conditional) was 
estimated to reduce stunting nationally by 3.8 percentage 
points on average (95% credible interval: 0.14%–10%), 
but with substantial variation by state. Estimated reduction 
in stunting varied by wealth of households, with the 
poorest quintile being likely to benefit the most.
Conclusion  Improving household income, which can be 
supported through cash transfers, has the potential to 
significantly reduce stunting in parts of India where the 
burdens of both stunting and poverty are high. Modelling 
shows that for other regions, income transfers may 
raise incomes and contribute to improved nutrition, but 
there would be a need for complementary activities for 
alleviating stunting. While having value for the country as 
a whole, impact of income gained could be variable, and 
underlying drivers of stunting need to be tackled through 
supplementary interventions.

INTRODUCTION
Recent burden of disease studies in India 
have mapped the variability in underlying risk 

factor for child stunting, which is a leading 
contributor to disease in children under 
5 years.1 2 Stunting (low height-for-age relative 
to global standards established by the WHO)3 
affects most low-income and middle-income 
countries. India is one of the worst affected, 
having a mean stunting prevalence estimated 
at 34.7% in 2018,4 varying from 12.4% to 
65.1% in different locations.5 6

Economic growth is known to be weakly 
associated with reduction in stunting at the 
state level, and household-level wealth is one 
of the strongest contributors to changes in 
stunting prevalence in a country over time.7 8 
In India, the average district-wide difference 
in stunting between the richest and poorest 
wealth quintiles has been reported to be 
26.8%.8 Wealth is measured using a wealth 
index, which is a composite measure of a 
household’s cumulative living standard.9 
Wealth assessed this way has implications for 
health, because it allows us to identify prob-
lems particularly affecting the poor, such as 
unequal access to food and access to health-
care services.9

Strengths and limitations of this study

	► This is the first study to use statistical matching to 
merge two nationally representative surveys of India 
to arrive at estimates of stunting based on house-
hold income rather than the widely used metric of 
household wealth.

	► It resolves estimates to a small-area level 
(14×14 km2), thereby supporting policy and imple-
mentation targeting local administrative units.

	► A limitation of the study is the 4-year gap between 
the two datasets used.

	► An additional limitation is that stunting estimates 
modelled on wealth index assumed a one-to-one 
correlation between the wealth index (based on 
household asset scores) and household income.
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Many single interventions aimed at reducing stunting 
and combinations of these interventions have been 
assessed globally. These include targeted nutrition inter-
ventions, social and behaviour change communication, 
and cash transfer schemes.10 India has been at the fore-
front in attempting to reduce stunting through interven-
tions such as the Integrated Child Development Services,11 
which has been implemented nationally with an annual 
budget of about US$0.4 billion. However, slow progress 
and variability in the quality and fidelity of implementa-
tion point to the need for alternate or complementary 
strategies, such as cash transfers. A recent meta-analysis 
of cash transfer programmes showed a significant effect 
on height-for-age z-scores (HAZs), a 2.5% reduction in 
stunting prevalence; however, this analysis did not include 
any study from India.12 In Myanmar, maternal cash trans-
fers coupled with behaviour change communication have 
been observed to reduce the prevalence of mild stunting 
(−3<HAZs<−2) by 4% points over a 30-month interven-
tion period.13

Given the strong association between wealth and 
stunting in India, one would expect that higher incomes 
would have significant impacts on nutrition across the 
nation. However, policies are implemented variably by 
local administration at the district level; therefore, it is 
important to estimate nutrition impacts at a geographical 
resolution that is relevant to local administrative struc-
tures. In this study, we modelled geographical variation at 
a small-area (more granular) level in terms of the poten-
tial impact of income improvement through regular cash 
transfers on stunting prevalence across India. The models 
use child height-for-age data from the Fourth Round 
of the National Family Health Survey (NFHS4)14 and 
monthly household expenditure data from the National 
Sample Survey Office Round 68, Consumer Expenditure 
(NSS68).15 We also modelled the expenditure on food 
groups with change in total expenditure to explore causal 
pathways of improvement in income with height-for-age 
mediated through improved nutrition.

METHODS
Overview
The NFHS4 provides detailed nationwide information 
on household wealth and anthropometry of children <5 
years.14 It used a multistage stratified cluster sampling (see 
details in online supplemental material A) with villages 
in rural and census enumeration block within wards as 
primary sampling units (PSUs). The PSUs were georefer-
enced by latitude and longitude coordinates. The coordi-
nates were collected in the field using global positioning 
system (GPS) receivers, which are accurate to±15 m. To 
maintain respondent confidentiality, GPS positions were 
displaced randomly by up to 2 km for urban clusters and 
5 km for rural clusters, with a few being displaced up to 
10 km.16 A total of 507 clusters without valid GPS readings 
were excluded, and the remaining 28 019 PSUs were used 
for this analysis.

The NSS68 provides information on household 
consumer expenditure. A stratified multistage sampling 
strategy was employed, with the sample size comprising 
101 662 households. Variables of interest included 
monthly per-capita consumer expenditure (MPCE) of 
the household, and household characteristics like urban/
rural, number of residents, religion, caste, cooking fuel 
type, ration card type, educational attainment, presence 
of children and monthly expenditure on foods.

Outcome measures
In the NFHS4 survey, urban and rural households with 
ever-married women aged 15–49 years were sampled, and 
women who resided the previous night in that household 
qualified to be respondents in the survey. The height 
of 259 627 children aged  <5 years, was recorded using 
standing height for children >2 years and recumbent 
length for children aged <2 years. Stunting was defined as 
a child’s HAZ ≥2 SD below the median of the WHO child 
growth reference standards.3 Data on  ~52 000 children 
with HAZ >5 or <−5 were considered as values <−5 and >+5 
are either unlikely to exist due to nutritional deficiencies 
or are nutritionally implausible. Data with missing covari-
ates (water, sanitation, mother’s education and geolo-
cation data) and residence not in mainland India were 
also excluded, resulting in data on 207 695 children for 
analysis. Within the sample of children included for the 
analysis, the stunting prevalence was 37.4%.

Household wealth
The NFHS4 dataset includes a household wealth index 
that was computed through a principal component anal-
ysis on the availability of consumer goods, housing char-
acteristics, type of water and toilet used, electricity access, 
bank and land possession. However, household income 
was not recorded in the NFHS4 survey. To translate the 
wealth index to a corresponding income value and to 
model the potential impact of monthly per-capita income 
increments on stunting, the MPCE values from NSS68 were 
used as a proxy for household income. The household 
wealth index was matched to an MPCE value based on a 
set of selected matching variables. The ‘nearest-neighbour 
hot deck’ method from the R package StatMatch was used 
for statistical matching of every household from NFHS4 
to a household in NSS68 (many to one).17 Common vari-
ables in both datasets (were household size, religion, caste 
(in broad terms), cooking fuel, urban/rural, ration card, 
education and presence of children aged <5 years in the 
household) were the matching variables used to compute 
Euclidean distances between households from NFHS4 to 
households in NSS68, existing in the same district (distri-
bution of distances is provided in online supplemental 
material B). The nearest household in NSS68 was subse-
quently assigned to the household in NFHS4. Statistically 
matching the two datasets allows us to obtain estimates 
for income and expenditure for NFHS4 datasets, which 
can subsequently be used to model small-area estimates 
of income levels throughout the country. The nearest 
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neighbour hot deck method has been previously used to 
combine these two datasets, and the predictability of the 
household level food intake by the matching variables 
was used to validate the matching technique using k-fold 
cross-validation technique.18 The statistical matching did 
not result in any changes in sample size, outcome vari-
ables or covariates.

Geospatial modelling
The spatial modelling of stunting was performed through 
Gaussian process regressions (GPRs)19 combined with 
additional linear effects for exogenous variables (listed 
in table 1). This was done because stunting is multifac-
torial and the variables were identified based on prior 
literature and by examining the effect of these variables 
in the current datasets. GPR is a machine learning tech-
nique that provides flexibility to handle arbitrary prob-
ability distributions whose parameters vary spatially and 
is commonly used in geospatial modelling of health 
indices.20 21 The models were used to predict distribu-
tions of the covariates and the outcome variable on a 
14×14 km2 grid of India, which were the used to create the 
maps (details of mapping are provided in online supple-
mental material C).

The exogenous covariates used in the model were (1) 
type of sanitation available to the household; (2) source 
of drinking water (through water, sanitation and hygiene 
(WASH) approaches), as in the UNICEF strategy22; (3) 
mother’s education; and (4) the wealth index (details of 
classification are provided in online supplemental mate-
rial D). These variables were chosen after assessing the 
impact of the variable inclusion on the linear coefficient 
of wealth.

Models included covariates listed (table  1) as well as 
the binary outcome variable, stunting (online supple-
mental material E). The endogenous variables (latitude, 
longitude, wealth index and urban/rural) were used as 
endogenous covariates in the GPR with the outcome 
variable distributed as a Gaussian process in the input 

space of the endogenous variables. We used sparse vari-
ational GPR by gpytorch,23 a GPR implementation that 
used graphics processing units to accelerate computa-
tion speeds. Inducing points for the sparse method were 
randomly picked from each district, totalling to 4998 
inducing points. Each inducing point had a mean and 
variance value, and the predicted distribution was created 
by marginalising over the values of these inducing points.

The parameters of the model were the linear coeffi-
cients for the exogenous variables, means and variance 
for each inducing point, the output scale and the length 
scale of the covariance kernel function, the mean of the 
Gaussian process and the additional diagonal noise for 
the Gaussian link functioned models. Final small-area 
estimates of stunting prevalence were obtained by margin-
alising model predictions over the small-area predictive 
distributions of each covariate. We also subdivided each 
model into eight local expert models, the predictions 
of which were combined using a Bayesian committee 
machine.24 The method for choosing inducing points and 
working of the Bayesian committee machine are available 
in online supplemental material F. The loss term used was 
either the predictive log likelihood25 or the variational 
evidence lower bound (ELBO)19 weighted with survey 
weights. Details of the eight local expert regions are given 
in online supplemental material G. The predicted wealth-
index distributions were used to obtain location-specific 
wealth quintiles (LSWQs). Stunting estimates and maps 
were generated for each LSWQ separately. Ninety-five per 
cent uncertainty intervals were also calculated. The ELBO 
and predictive log likelihood obtained were verified using 
fivefold cross validation, with nearly equal results for the 
training and test datasets. We also compared district-level 
stunting prevalence estimates from the NFHS4 report 
with our stunting estimates (aggregated to each district 
using simple means of estimates of each grid point in the 
district). The correlation between the two was found to 
be 0.87.

Table 1  Endogenous and exogenous variables and details of the Gaussian process regression model

S. no Response variable Link function Endogenous Exogenous Loss term

1 Residence (urban/
rural)

Probit Long, Lat – Predictive log likelihood

2 Water Probit Long, lat, residence – Predictive log likelihood

3 Sanitation Probit Long, lat, residence Water Predictive log likelihood

4 Education Proportional 
odds (logit)

Long, lat, residence Water, sanitation Predictive log likelihood

5 Wealth index Gaussian Long, lat, residence Water, sanitation, 
education

Predictive log likelihood

6 Stunting Probit Long, lat, residence, 
wealth index

Water, sanitation, 
education, wealth index

Variational evidence lower 
bound

7 Log (MPCE) Gaussian Long, lat, residence Water, sanitation, 
education

Predictive log likelihood

lat, latitude; long, longitude; MPCE, monthly per-capita consumer expenditure.
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Change in stunting prevalence due to simulated incre-
ments of income (proxying for cash transfers) was esti-
mated by assuming a perfect correlation between wealth 
index and income. Higher incomes were used to trans-
form corresponding wealth-index predicted distributions. 
New stunting prevalence was predicted by marginalising 
model predictions on the transformed wealth index 
predicted distribution. The change in prevalence of 
stunting was the difference between the new prevalence 
and the original predicted prevalence. Estimated changes 
in stunting prevalence with corresponding credible inter-
vals (CI) are reported. The details of the simulation of 
change in MPCE are provided in online supplemental 
material H, and the details on the computation of CI are 
provided in online supplemental material I.

Food group analysis
We used food consumption data from the NSS68 to 
model the percentage allocation of incremental income 
to consumption of items within food groups. We 
performed segmented linear regressions of the following 
food groups: cereals, pulses, and non-vegetarian and 
milk-based foods segmented by state. The response vari-
able was the expense on a food group, with the explana-
tory variable being the total expense on food. Segmented 
linear regression allowed multiple linear regressions to 
be fitted to the range of total food expense, where points 
of change in regression estimate were the boundaries 
between total expense quintiles, determined for each 
state.

The geospatial modelling was performed using Python 
V.3.926 and PyTorch V.1.6.27 All other analyses and data 
processing steps were performed on R V.3.6.28 The R 
libraries used were “sp”, “rgeos”, “rgdal”, “​data.​table”, 
“magrittr” and “ggplot2”.

Patient and public involvement
Neither patients nor the public were involved in the 
design, conduct, reporting or dissemination of this study.

RESULTS
The Gangetic plain suffers from the highest stunting rates 
in India (figure  1), with North Central Uttar Pradesh 
appearing to be the most affected with almost 58% 
stunting (95% uncertainty interval, CI of 52.5%–62.7%). 
High stunting rates (>45%) were observed in large areas 
of Uttar Pradesh, Bihar, Odisha, Gujarat-Madhya Pradesh 
Border and Meghalaya, interspersed by small areas of 
low prevalence. Spatial heterogeneity in prevalence was 
observed in the other areas. Figure 2A–E illustrates the 
stunting prevalence in each of the LSWQ. Stunting rates 
decreased from the poorer to the wealthier quintiles, but 
the reduction in prevalence with wealth is not uniform 
across the country. The stunting prevalence is high even 
within the upper wealth quintiles in areas with a high 
burden of stunting (figure  2A). In the poorest quintile 
(figure  2E), large parts of the Gangetic plain, as well 

as pockets in western and Northeastern India, exhibit 
stunting prevalence exceeding 55%, which represents a 
very serious public health concern.

Figure  3A–E illustrates estimated change in stunting 
rates associated with change in MPCE (proxy for per-
capita income) of Indian rupee (INR) 500. These 
changes are illustrated across the five wealth quintiles. 
Online supplemental figure 1 illustrates the same for INR 
1000. The average stunting reduction for India with INR 
500 was 3.8% (95% uncertainty interval 0.14%–10.0%). 
The areas with the potential for most benefit in reduction 
in stunting associated with increased income were North-
eastern Odisha, with a reduction in stunting prevalence 
of almost 11% (CI of 8.8%–12.7%) and Southwest Bihar 
with reduction of 10% (CI 2.8%–17.7%). Reductions in 
Northeast India ranged from 0 to 9 percentage points.

It is important to note that there was variation in the 
stunting reduction that could be attained by each wealth 
quintile. The poorest quintile showed the greatest poten-
tial for stunting reduction. For example, in Northeast 
Odisha, the estimated reduction in stunting prevalence 
among poorest quintile households was 14.5% (CI 11.5%–
17.3%) but 6.3% (CI 3.8%–8.2%) for the richest quintile. 
Similarly, in Southwest Bihar, the poorest quintile would 
see an estimated stunting reduction of 11.3% (CI 3.9%–
19.1%), compared with 3.6% (CI 4.7%–11.75%) for the 
highest wealth quintile in this area. Parts of central Uttar 
Pradesh and southwest Madhya Pradesh were also areas 
that could substantially benefit with an increase in income 
(figure  3A). In Madhya Pradesh, the West central area 

Figure 1  Stunting prevalence in India. Percentage of 
stunted children in India (2015–2016) resolved to 14×14 km2 
resolution estimated using geospatial modelling using the 
Fourth Round of the National Family Health Survey data. The 
states of India are named. NA = not applicable.
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showed a lower response to income increase compared 
with the rest of the state.

Similar patterns could be observed with INR 1000 incre-
ments in MPCE (online supplemental figure 1), showing 
benefits for all wealth quintiles. However, the scale of 
improvement across areas differed widely. For example, 
there was a 26 percentage-point reduction in stunting for 
the poorest quintile in some areas (online supplemental 
figure 1A), the greatest effect being seen in Assam. The 
variability across neighbouring states is also noteworthy, 
with Rajasthan showing little heterogeneity compared 
with Punjab, which had a high heterogeneity (online 
supplemental figure 1). Estimated state-level changes 
(along with 95% CI) in stunting prevalence (increase set 
at INR 500 and INR 1000 separately) are shown in online 
supplemental table 1 and district-wise change in online 
supplemental table 2.

Stunting reduction is due in part to use of increased 
income to purchase more and better quality food, thereby 
improving diets. We therefore examined the consumer 
expenditure data to identify foods that were likely to be 
purchased more with increased income, by wealth quin-
tile (figure 4A–J). We focused particularly on cereals (the 
main source of energy), pulses, milk, fruits and vege-
tables, and non-milk animal sourced foods. The least 
increase in absolute food expenditure was observed in 
the highest quintile. Patterns were different by food item, 
reflecting unobserved cross-price elasticities of demand. 
For example, spending on pulses increased considerably 

compared with other foods, as did the purchase of 
cereals by households in the lowest quintile. Expenditure 
on pulses was projected to increase most significantly 
in central and southern India, and particularly in the 
second to fourth quintiles of wealth. Spending on milk 
was projected to increase in northern and western parts of 
India. Increased expenditure on non-vegetarian (animal 
sourced) food was observed mainly in the states of Kerala 
and Northeastern India (figure 4A–J).

DISCUSSION
This study examined the spatial distribution of child 
stunting in India and provides a quantification at high 
resolution (14×14 km grid). In light of existing litera-
ture on the association between stunting and household 
wealth in India, this study also examined the heteroge-
neity of linkages in the context of a hypothetical income 
increase.

The analysis showed that some states with currently high 
levels of stunting and poverty could achieve substantial 
reductions in stunting via increased incomes, mediated at 
least in part through enhanced food purchases. However, 
other states would see limited effects. The differential 
effect of the increment of INR 500 in per-capita income 
shows that even within states there is a variation in the 
potential associations between income and stunting rates, 
and that these associations also vary by the current house-
hold wealth status. The foods most likely to be purchased 

Figure 2  Stunting prevalence ordered through LSWQ. Percentage of children stunted children in India (2015–2016) resolved to 
14×14 km2 resolution estimated using geospatial modelling using NFHS4 data. For each LSWQ ordered through (A) richest, (B) 
rich, (C) middle, (D) poor and (E) poorest. LSWQ, location-specific wealth quintile; NA, not applicable; NFHS4, Fourth Round of 
the National Family Health Survey.
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with increased income would be energy-rich staples and/
or nutrient-rich foods like pulses and milk (a major 
animal source food in India).

The state prevalence of stunting varied across India from 
13% to 64% in the NFHS4 survey.14 However, stunting has 
been identified to be geographically correlated in India; 
spatial autocorrelation (Moran’s I) for stunting measured 
at 0.65 using the NFHS4 data indicating significant spatial 
clustering of stunting at a district level.29

The household wealth index is considered to be one 
of the strongest predictors of stunting,9 and the average 
wealth disparity for stunting has been found to be the 
highest (26%) among all malnutrition indicators, and 
this disparity existed across all states.20 At the house-
hold level, children from ‘wealthy households with good 
health outcomes’ have been identified to be a distinct 
group, while ‘poor, young and poorest health outcome’ 
is another distinct group of children.30 In sub-Saharan 

Figure 3  Change in stunting prevalence due to 500 INR (~$7) monthly income increment, ordered through LSWQ. Potential 
Improvement in stunting rates (expressed as percentage points) in India after an increment of 500 INR (~$7) MPCE, resolved 
to a 14×14 km2 resolution, ordered through LSWQ: (A) richest, (B) rich, (C) middle, (D) poor and (E) poorest. These estimates 
were derived using geospatial modelling from the NFHS4 (2015–2016) data. INR, Indian rupee; LSWQ, location-specific wealth 
quintile; MPCE, monthly per-capita consumer expenditure; NA, not applicable; NFHS4, Fourth Round of the National Family 
Health Survey.

Figure 4  Proportion of additional income spent on milk/milk products for quintiles richest to poorest (A–E) and pulses 
(F–J). Proportion of any marginal income an individual in India will spend on food belonging to food groups (A–E) milk and milk-
based products and (F–J) pulses, statewise, across statewise wealth quintiles: (A,F) richest (B,G) rich (C,H) middle (D,I) poor and 
(E,J) poorest.
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Africa, stunting reduction has been associated with an 
increase in per-capita GDP at national level, such that for 
every US$1000 increment in GDP, the odds of stunting 
reduced by 23%.31 Thus, one would expect that a signifi-
cant reduction in stunting could be achieved by improving 
wealth, although the improvement would vary, depending 
on pre-existing burdens of poverty and stunting. Our 
study observed spatial clustering as well as variability of 
association between wealth index and stunting, and this 
variability was present even within wealth quintiles under-
scoring the relative nature of wealth in each area. The 
income and characteristics of the poorest (classifying 
wealth at the 14×14 km2 level) are very different across 
the country.

Conditional cash transfers have been identified as 
an effective means for increasing purchasing power to 
improve health outcomes. This intervention has had posi-
tive impacts on diet quality and nutrition in a variety of 
contexts. For example, in Brazil, 82.4% of the beneficia-
ries of a conditional cash transfer scheme reported eating 
better and had stunting prevalence lowered by 29% 
compared with non-beneficiary families.32 In Colombia, 
it was observed that 12-month old boys grew 0.44 centime-
tres more in households that participated in a conditional 
cash transfer programme.32 However, a meta-analysis 
of cash transfer programmes showed a small but non-
significant effect on height-for-age.33 The reason could 
be that these cash transfers were short term unlike the 
income improvement model used for this study. A more 
recent meta-analysis showed significant improvement 
in HAZ and reduction in stunting mediated through 
increased purchase of animal source foods, which is in 
line with the increased consumption of milk observed in 
the current study as incomes rise.12 The average estimated 
difference in stunting rate over INR 500 (3.8%) is compa-
rable to the reduction estimated due to increase in asset 
index (3%) in low-income and middle-income countries. 
This is greater in magnitude than improvements due 
to any other factors such as WASH, health services and 
maternal characteristics.31 There is also a non-linear dose 
response as additional change in income of INR 500 is 
associated with change in stunting rate by only another 
2.8%.

In a note of caution, the potential for intermittent 
or occasional cash transfer programmes on improving 
stunting in India is significant but not automatic. Large 
windfall incomes are typically not spent in the same way 
as smaller, more regular increments of income. If cash 
transfers are introduced, they should be sustained for at 
least a year to translate to a monthly income increment 
of INR 500, thereby household income increase of INR 
2000 in a four-person household and a massive additional 
INR 6000 per annum per capita for a two million popu-
lation per district. The modelling points out the utility 
of precision public health by targeting such interventions 
in areas that are most likely to benefit and particularly 
the lower wealth quintiles. The Government of India’s 
Poshan Abhiyan scheme targets a reduction in stunting 

by 2% per annum.34 An income increment of INR 250 
($3.5) per capita per month can induce this improve-
ment in stunting while assuming status quo for all other 
programmes.

In separate models, purchases of milk and pulses 
increased across India with an INR 500 increase in 
income. Earlier studies from India have shown that the 
consumption of pulses is responsive to change in income 
of households.35 Income doubling has been shown to 
increase the consumption of non-staple foods, including 
non-vegetarian foods by about 110%.36 Here, more 
cash in hand was projected to increase food purchases 
at various levels, which varied across states. In Haryana, 
which showed the largest increased expenditure on 
milk, an additional INR 225 is likely to be spent on milk 
monthly; this translates to approximately an additional 7 
litres/month per household. The additional expenditure 
on pulses was also variable across the country and across 
wealth quintiles, with expenditure likely to increase up to 
INR 300 in some states, translating to an additional 4 kg/
month (figure  4A–J). Household expenditure on food, 
particularly fats, is associated with future height in India.37

There are a number of limitations to this analysis. 
There is a 4-year gap between the NFHS4 and NSS68. 
The requirement for modelling of a one-to-one correla-
tion between wealth index and expenditure on food is 
not justifiable in the real world. However, earlier studies 
have shown a strong association between the two when 
classified by their percentiles.38 As such, these findings 
are estimates of impact intended to be indicative only. 
Additionally, this correlation could vary geographically, 
thus introducing additional variability in the estimates of 
stunting reduction. How well a household wealth index 
serves as a proxy for income is not well understood,35 and 
there are concerns that, given alternative demands for 
cash expenditure such as housing and education, cash 
transfers may not be spent on nutrient-rich foods or on 
supporting more healthy diets.

A strength of this analysis is that we used statistical 
matching to directly explore the association between 
income increments and stunting. To our knowledge, this 
is the first such attempt for India. An advantage of GPR 
method of modelling is the separation of rural and urban 
households, and this is critical as the behaviour and infra-
structure difference in these populations is different.

In conclusion, optimal strategies to reduce stunting are 
ones that are carefully tailored to needs across a country. 
Small-area estimation techniques can be used to iden-
tify locations that could benefit most from any proposed 
intervention. This becomes increasingly pertinent as 
India’s heterogenous population continues to grow and 
resources for public programmes become increasingly 
constrained. The areas with potential for positive change 
associated with income increase are predictably those 
areas where income disparities are already high. These 
are areas with greater potential for impacts on nutrition 
conditional on the income transfers being used to improve 
the diets of children. The reverse applies to areas with 
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lower income disparities. It is also important to consider 
that, while this study explored the impacts of a monthly 
income increase on the prevalence of stunting, there 
would likely be gains to participating households that go 
beyond nutrition to increase health-seeking behaviour, 
improved housing, education and more. In other words, 
well-targeted income transfers have an important poten-
tial to achieve multiple country-level and state-defined 
goals simultaneously.
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