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We examine the negative child health impacts of soil zinc (Zn) deficiency in
Nepal. Soil Zn deficiency limits both crop yields and the Zn concentration in
food crops, leading many to speculate that it underlies human Zn deficiency
and child stunting, globally and particularly in South Asia. We find strong
evidence that soil Zn deficiency does have a causal impact on child stunting
in Nepal’s Tarai region, the breadbasket of the country. Using causal bounds,
we find that a 1 part per million increase in plant-available soil Zn — achievable with application of Zn-enriched fertilizer — decreases child stunting by
between 1 and 7.5 percentage points. Multiple statistical sensitivity tests indicate that this relationship is unlikely to be manufactured by omitted, relevant
variables.
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Introduction

Within an expansive economics literature on health and the environment,1 little
attention has been paid to regional disease ecologies — likely because spatial
endogeneity hampers causal identification of their effects (Acemoglu and Johnson, 2007;
Bloom, Canning, and Fink, 2014; Acemoglu and Johnson, 2014; Bonds, Dobson, and
Keenan, 2012). Yet spatially-determined epidemiological conditions may, over decades
or centuries, help to shape the intertwined health and economic development of societies
(Bonds et al., 2010). For instance, malaria intensity predicts national income and
economic growth (Sachs, 2001; Gallup and Sachs, 2001).2 Ultra-violet radiation
intensity predicts economic activity both within and across countries, and may work
through influencing disease ecology and work-life expectancy (Andersen, Dalgaard, and
Selaya, 2016). Lead exposure impacts infant mortality, scholastic performance and labor
market outcomes, adolescent behavior, and perhaps crime rates (Clay, Troesken, and
Haines, 2014; Billings and Schnepel, 2018; Reyes, 2007; Nilsson, 2009; Feigenbaum and
Muller, 2016). Soil-transmitted helminth parasite infection influences child morbidity,
with further impacts on cognitive function and educational outcomes in some contexts
(Nokes et al., 1992; Grigorenko et al., 2006; Miguel and Kremer, 2004; Aiken et al.,
2015; Taylor-Robinson and Garner, 2017).
In this paper, we explore the health impacts of soil zinc (Zn) deficiency, which may drive
human Zn deficiency in many regions of the developing world. Zn is an essential trace
element in human nutrition; Zn deficiency slows physical growth, impairs cognition and
learning, delays wound healing, and in many contexts drives diarrhea, infectious disease,
and anemia (Wessells and Brown, 2012; Black et al., 2013; Roohani et al., 2013).
Globally, Zn deficiency drives more deaths per year than any other micronutrient
deficiency except vitamin A deficiency, and Zn supplementation is one of the most
impactful interventions for reducing child mortality (Bhutta et al., 2013; Galetti, 2019).
Yet the global burden of Zn deficiency is in a sense misleading, because incidence of Zn
deficiency is highly spatial. While 17% of the global population appears at risk of
inadequate dietary Zn intake, national and sub-national biomarkers surveys suggest that
Zn deficiency commonly ranges from 20-50% in South Asia, the most affected region of
the world (Akhtar, 2013; MoHP et al., 2018; MoHFW et al., 2019; MoNHS, 2019).
We examine the relationship between soil Zn deficiency and child nutritional status in
the context of the Tarai — the low, flat breadbasket of Nepal bordering India. Scientists
have long theorized that regional concentrations of human Zn deficiency are driven by
Zn deficiency in agricultural soils, since soil Zn deficiency impedes both crop yields and
crop Zn concentration, possibly reducing dietary Zn intake for populations dependent
on those crops (Çakmak et al., 1999; Shivay et al., 2008; Cakmak and Hoffland, 2012).
Yet only scattered, correlational evidence, generally from very small studies, documents
an empirical connection between soil Zn deficiency and human Zn status or health.
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See for instance Almond, Currie, and Duque (2018); Deschenes (2014); Fishman, Carrillo, and Russ
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While we do not observe human Zn status in Nepal, we do observe child height, which
is considered the best clinically observable proxy for human Zn status (Hotz and Brown,
2004; Wessells and Brown, 2012). A long list of trials and meta-analyses have found
that Zn supplementation increases child growth.3 In fact, child stunting rates may
proxy for true Zn deficiency rates just as well as prevalence of low blood serum/plasma
Zn concentration (Fischer Walker and Black, 2007; Gibson et al., 2008), on which more
in Section 2. We therefore pair three waves of Nepal’s Demographic and Health Survey
(DHS) data — containing child morbidity and anthropometrics, and cluster-level GPS
coordinates — with extremely high-resolution soil data for Nepal’s Tarai. These soil
data take two forms. First, we use soil maps produced by the International Maize and
Wheat Improvement Center (CIMMYT) and based on over ten thousand soil samples
collected by the government.4 Second, we use the raw soil sample data itself.
We proceed in two parts. First, we show that soil Zn availability is a strong predictor of
child stature in the Tarai, according to both soil data products. While the association is
not causal, it does not appear to be driven by exogenous, correlated spatial or
topographical factors such as elevation, slope, distance to rivers, temperatures, rainfall,
etc. Oster’s (2019) causal bounds suggest that a 1 ppm increase in available soil Zn
increases child height-for-age z-score by somewhere within 4-25% of a standard
deviation, and decreases child stunting by 1-7.5 percentage points (a 2-21 percent
decrease vis-à-vis the mean). Slightly stronger assumptions find bounds even further
from zero. Second, we consider the relative importance of three mechanisms: the
impact of soil Zn availability on household crop yields (and thus income and food
access), on local crop Zn concentration (and thus dietary Zn intake) and on historical
community wealth and health (since soil Zn is fairly static over time). While we lack
the data to test these pathways definitively, evidence suggests that all three mechanisms
may play a role.
We make three contributions. First, by showing that soil Zn deficiency may plausibly
drive child stunting in Nepal, we add to the literature on determinants of child
malnutrition, and to the scarce and primarily older literature on regional disease
ecologies and health (Gallup and Sachs, 2001; Acemoglu and Johnson, 2007; Andersen,
Dalgaard, and Selaya, 2016; Billings and Schnepel, 2018). This finding is also important
for nutrition mapping and policy, given that one-third of agricultural soils are low in Zn
globally, and perhaps half in South Asia (Alloway, 2004; Cakmak, 2008). Because soil
Zn deficiency influences dietary Zn intake only when markets are segmented, our
findings also contribute to literature exploring the impacts of market access on diets
and nutrition in poor contexts (Stifel and Minten, 2017; Headey et al., 2019).
Second, we illustrate the use of statistical sensitivity tests for gauging the possible
causality of imperfectly identified treatment effects; this tool is particularly useful when
examining spatially-varying treatments. We use the causal bounds innovated by Oster
(2019), as well as the sensitivity tests proposed by Imbens (2003) and Harada (2013).
We also use a novel, linear adaptation of the Altonji, Elder, and Taber (2005b) test.
Third, building on Bound and Krueger (1991), we show that the functional form of
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See, for instance, Liu et al. (2018); Roberts and Stein (2017); Mayo-Wilson et al. (2014); Brown et al.
(2009); Walker and Black (2007) and Brown et al. (2002).
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non-classical measurement error in gridded or spatially interpolated treatment variables
dictates the direction and magnitude of resulting bias in the estimated treatment effect.
This bias can be substantial. We demonstrate that in some cases (and in our case) the
upward bias in treatment effects estimated using gridded data, combined with downward
bias in treatment effects estimated using interpolated data, can be used to bound the
treatment effect that would be estimated using non-errored data. In proposing this
solution we join Alix-Garcia and Millimet (2022), who offer a solution for confronting
non-classical measurement error in remotely sensed, binary independent variables.
These results are timely given the active discussion in both Nepal and India around soil
Zn deficiency, Zn-enriched fertilizer, and human Zn deficiency. Indian soil scientists
have long recognized that soil Zn deficiency impedes not only crop yields but also crop
Zn concentration across the country (Singh, Sakal, and Singh, 1983; Shivay, Kumar, and
Prasad, 2008; Shukla et al., 2018). Simultaneously, human Zn deficiency is widespread
in India and in South Asia generally (Wessells and Brown, 2012; Black et al., 2013).
Connecting these dots, Indian scientists have been calling for Zn-enriched fertilizers for
the sake of improved agricultural productivity and also improved human nutrition
(Cakmak, 2009; Shukla and Behera, 2012; Shukla and Behra, 2019).
Likewise, Nepal’s Ministry of Agriculture and Livestock Development (MOALD) is
considering subsidies for trace mineral-enriched fertilizer, since soil deficiencies in Zn,
boron, and other trace minerals are known to limit domestic agricultural productivity
(Singh and Thapa, 2012; Gupta, 2017; Andersen, 2007; Srivastava et al., 2005). This
policy could influence human nutrition – as observed with selenium-enriched fertilizers
in Finland – but such effects have thus far largely been ignored. Back-of-the-envelope
calculations suggest that subsidizing Zn-enriched fertilizer throughout the Tarai would
be more costly than a comparable food fortification program (on which more below).
However, if the goal of enriched fertilizer is merely to increase crop yields, the positive
externalities for nutrition may be substantial, and are therefore worth quantifying.
This paper proceeds as follows. Section 2 provides background on the implications of
soil Zn availability for crop yields, crop Zn concentration, and human Zn status and
stature. Section 3 reviews the datasets and spatial data products used in this paper.
Section 4 explains our empirical strategy and the sensitivity tests we use to gauge
plausible causality. Section 5 presents our primary results. Section 6 explains and
presents exploratory results on underlying pathways. Section 7 concludes.

2

Scientific Background and Context

South Asia is a global hotspot for human malnutrition, and growing evidence points to
Zn deficiency as a major constraint to health in the region, and a cause of child
stunting.5 Thirty percent of South Asians are estimated to consume inadequate dietary
Zn (Wessells and Brown, 2012), and small-scale surveys collecting biomarkers in
high-risk areas India, Pakistan, and Sri Lanka have found 40-60 percent of women or
children to be Zn deficient (Akhtar, 2013). In 2016, a nationally-representative study
found 24 percent of Nepali women and 21 percent of Nepali children under 5 to be Zn
5
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deficient (MoHP et al., 2018). Deficiency levels were even higher (around 30 percent) in
Western Nepal. These figures and broader studies suggest that South Asia has the
globe’s highest rates of Zn deficiency (Wessells and Brown, 2012).
This is concerning because Zn deficiency negatively impacts a long list of health
outcomes, particularly in children. Over 100 thousand child deaths were attributed to
Zn deficiency in 2011, and Zn supplementation is one of the most impactful
interventions for reducing child mortality (Bhutta et al., 2013; Black et al., 2013). Zn
deficiency can inhibit appetite and weight gain in infants and children (Gibson, 2000;
Umeta et al., 2000; Khademian et al., 2014), and Zn supplementation can increase
physical activity levels in infants and children (Sazawal et al., 1996; Bentley et al.,
1997). In many contexts child Zn deficiency increases incidence of diarrhea, pneumonia,
infections, and infectious disease (Roohani et al., 2013; Gibson, 2012). Several studies
have found that Zn supplementation improves cognition, motor skills, memory, or
learning in children (Penland, 2000; Gardner et al., 2005; Black, 2003).6 Zn deficiency is
also a risk factor for iron-deficiency anemia, because Zn plays a role in iron metabolism
(Kelkitli et al., 2016; Houghton et al., 2019; Fukushima et al., 2009).7
Most notably, Zn deficiency retards child growth and results in stunting (Prasad,
Halsted, and Nadimi, 1961; Hambidge, 2000). It does so by reducing the production of
“growth hormone” and “insulin-like growth factor-I”, both key hormones in regulating
pre-pubescent skeletal growth, and perhaps by also impeding cellular growth and
differentiation (Ovesen et al., 2001; MacDonald, 2000; Guo et al., 2020). Zn
supplementation therefore improves child growth, particularly for children who started
out Zn deficient or stunted (Liu et al., 2018; Roberts and Stein, 2017; Mayo-Wilson
et al., 2014; Brown et al., 2009; Walker and Black, 2007; Brown et al., 2002).
So, while Zn deficiency drives many forms of morbidity, child stunting is the best
clinically observable proxy for Zn deficiency, and stunting rates are therefore used by
nutrition scientists to gauge population-level Zn deficiency rates (Hotz and Brown,
2004; Wessells and Brown, 2012). Incidence of diseases like diarrhea, pneumonia, and
malaria are not considered good proxies for the prevalence of Zn deficiency, since the
relationship between Zn status and disease is dependent on environmental disease
vectors (Fischer Walker and Black, 2007; Mayo-Wilson et al., 2014). Prevalence of low
blood plasma/serum Zn concentration is also used to gauge Zn deficiency rates, but like
stunting, this measure is imperfect — Zn is so closely regulated by the body that blood
Zn concentration largely reflects recent consumption of Zn rather than true Zn status
(Gibson et al., 2008). Stunting rates and low blood Zn concentration rates are therefore
considered about equally valid proxies for Zn deficiency rates (Fischer Walker and
Black, 2007; Gibson et al., 2008; Roberts and Stein, 2017; Brown et al., 2002).8
Scientists have long believed that soil Zn deficiency drives human Zn deficiency in poor,
6

It’s worth noting that findings are mixed in this area of research, and meta-anlyses tend to conclude
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anemia in South Asia may be due to underlying Zn deficiency.
8
Ideally, population-level Zn deficiency would be measured through the therapeutic response to largescale randomized Zn supplementation. These cited studies document that both initial height and initial
blood Zn concentration mediate therapeutic response to Zn supplementation.
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agricultural contexts (Allaway, 1975; Grunes and Allaway, 1985; Welch and Graham,
1999; Gibson, 2012; Cakmak and Hoffland, 2012; Joy et al., 2015; Bevis, 2015). Crops
are affected by soil Zn deficiency in two ways. First, soil Zn deficiency reduces crop
yields (Alloway, 2004, 2009). Second, soil Zn deficiency reduces Zn concentration in the
edible portion of crops (Cakmak, 2008; Joshi et al., 2010; Shivay, Kumar, and Prasad,
2008; Bevis and Hestrin, 2021). Both of these pathways, but particularly the second,
may impact human Zn intake and status, particularly for poor populations who eat very
little animal-sourced food (Roohani et al., 2013; Bevis and Hestrin, 2020). For these
populations, cereals and legumes provide the majority of dietary Zn (Ecker, Weinberger,
and Qaim, 2010), meaning that soil Zn deficiency can limit dietary Zn intake and Zn
status if populations are dependent on locally grown crops.
Soil Zn deficiency is widespread in Nepal and across South Asia, and impedes both crop
yields and crop Zn concentration in these contexts. Applying the Zn deficiency cut-offs
defined by Shukla and Behra (2019), 52% of Nepal’s Tarai soils are Zn deficient
(DTPA-extractable Zn < 0.9), with 10% acutely deficient (< 0.3). Figure A2 maps
these categories; information on the soil data follows in Section 3. These deficiency
rates are in line with smaller studies across Nepal (Andersen, 2007), and in line with
evidence from India, Bangladesh and Pakistan (Shukla and Behra, 2019; Shukla et al.,
2018; Moslehuddin, Laizoo, and Egashira, 1999; Shaheen, Samim, and Mahmud, 2007;
Rafique et al., 2006; Harris et al., 2008). Not surprisingly, then, soil Zn deficiency
constrains both crop yields and crop Zn concentration in Nepal and South Asia, and
soil Zn application increases (sometimes doubles) both yields and Zn concentration in
an array of cereals and vegetables (Cakmak, 2009; Shivay et al., 2008; Rego et al., 2007;
Sahrawat et al., 2008). An overview of studies on soil Zn deficiency in South Asia and
its impacts on crop yields and crop Zn concentration can be found in Appendix B.
Evidence of the linkage between soil Zn deficiency and human Zn deficiency exists but is
limited, generally correlative evidence in small samples. The first cases of human Zn
deficiency were diagnosed in Iran in the 1960s, a country with low soil Zn concentration
and a population heavily reliant on cereals (Prasad, Halsted, and Nadimi, 1961). In two
very small samples from rice farming villages in Bangladesh and Madhya Pradesh, soil
Zn availability was correlated with rice Zn concentration, which in turn was correlated
with family Zn status (Mayer, 1997; Shukla et al., 2005). More recently, Tessema et al.
(2019) used nationally representative data to show that soil Zn deficiency in Ethiopia is
associated with human Zn deficiency. However, this paper links human biomarkers to
the gridded Africa Soil Information Service (AfSIS) data, the veracity of which is
difficult to ascertain, and examines broad spatial correlations only with no attention to
causality. Finally, evidence also links soils to human Selenium (Se) status. Human Se
status is correlated with local grain Se concentration in Ethiopia and Malawi (Gashu
et al., 2021), and predicted by soil Se availability in Malawi (Phiri et al., 2019; Bevis
and Kim, 2021). Yet all of these papers examine broad spatial correlations only.
Despite the dearth of large-scale evidence linking soil Zn deficiency to human Zn
deficiency, a number of Indian scientists believe the connection to exist, and they are
calling for national promotion of Zn-enriched fertilizer for increased crop yields and
increased dietary Zn intake (Shukla, 2012; Shukla and Behera, 2012; Cakmak, 2009).
Similar agricultural conditions exist in Nepal, alongside even more isolated
communities, and greater reliance on locally produced or home-produced crops. Data
5

from the Nepal Living Standards Survey (NLSS) shows that the average Nepali family
in the Tarai relies on grains they produced themselves for 6.7 months of the year, and
legumes they produced themselves for 4.6 months of the year. In the two western-most
regions of the Tarai, which hold the most isolated communities, these figures are 7.7
and 6.0. These factors make it plausible that in Nepal, as in India, widespread soil Zn
deficiency underlies widespread human Zn deficiency.
Plant-available (“available”) soil Zn concentration primarily reflects two things: total
Zn concentration in the soil, and soil pH, which influences the chemical form of soil Zn
and hence its availability to plants (Alloway, 2004).9 (See Figure A1.) So soil Zn
availability in Nepal is driven by a few factors: underlying rock type (and hence soil
type), historical erosion patterns (which largely reflect topography), sediment deposited
by past rivers and floods (whose locations shift slowly over thousands of years), soil
alkalinity and soil organic matter (influenced by soil type, rainfall, temperature and
cropping systems), and historical cropping intensity and nutrient management.10
Use of Zn-enriched inorganic fertilizer is almost nonexistent in Nepal’s Tarai, and so
available soil Zn concentration is unlikely to reflect fertilizer application. While
Zn-enriched fertilizer was commercially available in some locations during the period of
our study, the government subsidized only urea and Di-ammonium phosphate (DAP).
These two fertilizers therefore constituted about 80% of supply (Pandey, 2014).11 NPK
complex, ammonium sulfate, and muriate of potash were used in lesser quantities
(Pandey, 2014; Gupta, 2017).12 Fertilizers enriched with Zn or multiple trace nutrients
were so uncommon during this period that agricultural surveys and reports neither
measured nor discussed their use, except occasionally to suggest that the government
begin subsidizing them (Singh and Thapa, 2012; Gupta, 2017; Pandey, 2014; Kyle,
Resnick, and Karkee, 2017). To the extent that enriched fertilizers were used, it was
generally multiple nutrient fertilizers (which are not particularly high in Zn), and on
high-value cash/export crops like horticulture (which do not provide much dietary Zn
even if consumed).13 Further, while the Indian government subsidized fertilizers more
heavily than the government of Nepal, it did not subsidize enriched fertilizers, and
therefore Indian fertilizers smuggled over the border were unlikely to be enriched in Zn.
Drawing on the agronomic literature, we hypothesize that soil Zn availability may
influence child nutritional status in the Tarai through three mechanisms. Figure A3
illustrates these three pathways. First, soil Zn deficiency may limit crop yields, and thus
food supply and income for farming families, with clear implications for child health
9

The influence of other soil characteristics on soil Zn availability tends to be context-specific. For instance,
soil organic matter often holds soluble, organically-complexed forms of Zn, and the concentration of
other soil minerals can influence the availability of soil Zn in some settings (Alloway, 2004).
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Some speculate that intensified, Green Revolution rice-wheat cropping systems are extracting trace
soil minerals at a higher rate than occurred under previous systems (Shukla et al., 2005).
11
In fact, Agricultural Inputs Company Ltd., the primary fertilizer importer in Nepal, imports only DAP
and urea (according to their annual reports).
12
95, 65, and 4.5% of the 2010/11 Nepal Living Standards Survey sample farmers used urea, Dap, and
NPK complex in the last year, respectively. 12.5% used another type of inorganic fertilizer, unspecified
but likely mostly reflecting muriate of potash and ammonium sulfate.
13
For instance, Table 1 of MOA (1998) summarizes the nutrient concentration of enriched fertilizers
that existed in Nepal in 1998, in the context of horticulture. The two most common, Agromin and
Multiplex, are 3% Zn, whereas Zinc sulfate is 35% Zn, and Surya Zinc is 8% Zn.
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along any dimension. Second, soil Zn deficiency may limit the Zn concentration of
staple crops (rice, wheat, maize, and legumes), limiting dietary Zn intake, Zn status,
and linear child growth for families who rely heavily on locally grown staples for their
consumption. Child Zn deficiency could also drive morbidity, but its strongest correlate
would be child stunting (Fischer Walker and Black, 2007; Gibson et al., 2008).
Third, if either of the first two pathways exists, we must imagine that historical soil Zn
availability also impacted historical yields and/or crop Zn concentration. Improved
agricultural productivity may increase asset accumulation and community wealth, even
infrastructure, in areas with higher soil Zn availability. It may also lead to endogenous
sorting of households and communities, as wealthier, more educated, or better-connected
households seek to purchase land or migrate to regions with higher-Zn soils. Historically
higher agricultural productivity and crop Zn concentration may also lead to improved
health in high-Zn areas, and in particular, improved maternal health. All these spatial
patterns in community welfare may influence child health along multiple dimensions.

3

Data

We use three rounds (2006, 2011, and 2016) of Nepal’s Demographic Health Survey
(DHS) data to examine child anthropometric and morbidity outcomes. Our sample
includes 4,388 children 6-59 months of age: 2,330, 901, and 1,157 children in rounds 1-3,
respectively. Information about children, including disease incidence, is collected by a
survey administered to the child’s primary caretaker. Anthropometric data (including
height and weight) were gathered for only a sub-sample of households in rounds 2 and 3,
and we keep only children with height data – hence the reduced sample size in 2006 and
2016. Child age is obtained from birth certificates where possible.14 All rounds provide
offset,15 cluster-level geographic coordinates, allowing us to merge local soils data to
cluster locations. Because soil Zn is spatially correlated, and because we expect “local”
soil Zn to influence child outcomes, where “local” could easily be defined as within a
5-10km radius, we do not expect the random offset to mitigate the relationship between
soil Zn availability and child outcomes. We address this point further in the results. We
weight all regressions to account for the stratified sampling employed by DHS using the
provided population weights, probability sampling units, and sampling strata.16
Table 1 summarizes child anthropometric measures, morbidity measures and anemia
status across all three rounds. While only 15 or 16 percent of children were reported to
have been born under-weight, (a subjective variable, as recorded birth weight is often
missing), 40 percent of children were stunted in 2006, and 30 percent were stunted in
2016.17 Severe stunting was at 13.5 percent in 2006, and fell to 8.8 percent in 2016.
Wasting is far less common than stunting in all years; 15.9 and 11.5 percent of children
were wasted in the 2006 and 2016 surveys, respectively.18 However, anemia was more
14

In 2006, 81% of children had no birth certificate; in 2011 this was 52%, in 2016 37%.
As with all DHS GPS coordinates, urban clusters are offset by maximum 2km; rural clusters are offset
by a maximum of 5km, with an additional 1 percent of rural clusters offset by a maximum of 10km.
16
Sampling strata were the same in 2006 and 2011, but changed in 2016. We account for this.
17
Stunting indicates height-for-age Z-score < −2, and severe stunting indicates height-for-age Z-score
< −3. Similarly, wasting and severe wasting indicate weight-for-height Z-score < −2, −3.
18
A difference in survey months across rounds causes 2011 wasting to be under-estimated. Survey timing
has less effect on apparent stunting rates.
15
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prevalent; in both 2006 and 2016, around 60 percent of children were anemic. Table A1
summarizes household-level, mother-level, and child-level variables to be later used in
analysis. Table A2 summarizes community-level variables to be later used in analysis.
We approximate soil characteristics at any point on the Tarai using 250-meter
resolution soil maps created by International Maize and Wheat Improvement Center
(CIMMYT). The maps are based on 11,670 soil samples gathered throughout the Tarai
between 2012 and 2017 by the Nepal government under the National Land Use Project.
Using these samples as training data, CIMMYT performed high-resolution nutrient
prediction using the random forest kriging algorithms developed by Hengl et al. (2016),
with 167 spatial covariates.19 Figure 1 maps DTPA-extractable soil Zn concentration.
Because extractable soil Zn concentration rarely exceeds 3 parts per million (ppm) we
cap the color spectrum at 3ppm. (Two areas with extractable soil Zn above 3ppm stand
out as clearly defined green areas in the middle development region; we discuss these
areas further in Section 4.) Maps for the other gridded soil characteristics are shown in
Figure A4. Summary statistics for all soil characteristics are given in Table A3.
The extractable soil Zn map is considered accurate for the 2006-2016 DHS survey
period because Zn concentration in soils is quite stable barring Zn application (Havlin
et al., 2005).20 As explained in Section 2, the vast majority of Nepali farmers used only
urea, DAP, and maybe ammonium sulfate, NPK complex, or muriate of potash during
our study period; Zn-enriched fertilizers were extremely rare. If a small minority of
sample farmers did use Zn-enriched fertilizers, this would create unobserved variation in
farm-level soil Zn concentration. Yet our analysis, based on gridded soil characteristics
extracted at an offset village GPS coordinate, identifies on “local” (say, village- or
ward-level) rather than farm-specific soil Zn availability. Because Zn-enriched fertilizer
uptake is so rare, we do not believe that “local” soil Zn availability is endogenous to its
adoption. Some of the other soil nutrients are more mobile: K moves on a decadal time
scale, P is naturally immobile but influenced by DAP application, and total N and
organic matter can both move on a decadal time scale (Havlin et al., 2005). So our
measurements of these elements may suffer from some error. Boron is not particularly
mobile, and clay and sand context vary only over millennia (Havlin et al., 2005).
While the extractable soil Zn map is accurate for a range of years, gridded data always
embeds measurement error. For instance, even grids placed directly over a soil sample
do not provide the precise soil Zn availability measured in that sample; grid values are
the output of a model, and ideally provide the average value for the 250x250 meter grid
cell. Partly in response to this embedded measurement error, we also use the geocoded
dataset of original, government soil samples to find the measured soil characteristics in
the nearest soil sample for each DHS cluster.21 Thus, we have two sources of soil data
for each cluster: the predicted values in the gridded soil maps at the point of the cluster,
or the measured values in the soil sample that is nearest to the cluster. We will estimate
all results with each set of soil variables. This is useful because each source of data has
19

Hengl et al. (2016) introduced gradient tree boosting to improve the spatial resolution of random forest
algorithms used for soil maps by allowing non-linear covariate effects within an ensemble framework.
20
Zn is not a particularly mobile element, nor is it easily transformed like Nitrogen or Sulfur. And while
soil Zn can be made more or less bioavailable with changes in pH, soil pH is also quite stable barring
liming, which is rare in Nepal and anyway results in only 1- or 2-year changes (Havlin et al., 2005).
21
This is analogous to using gridded rainfall data alongside data on rainfall at the nearest weather station.
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a distinct form of measurement error, which we explore further in the following sections.
We use a number of geospatial data products to learn more about the environment,
agriculture, and infrastructure around our sample households. First, we use gridded
data on 2010 cropping area and crop value created by Map SPAM.22 For each crop,
value is measured in 2005 purchasing power parity dollars. The data are provided at a
gridded resolution of 5 arc-minutes, about 8.2 square km in Nepal’s Tarai. We use this
data product to create variables capturing cropping intensity (value per cell) and
reliance on food crops (food crop value / total crop value). Both variables are mapped
in Figure A5. Second, we use the 2012 Black Marble nightlight satellite data from the
National Aeronautics and Space Administration (NASA).23 These data are provided at
a gridded resolution of 30 arc-seconds, about 0.8 square km in Nepal’s Tarai. Black
Marble nightlight data are cleansed of non-anthropogenic light sources, so as to proxy
for infrastructure and economic activity. Figure A6 maps the nightlight data.
Third, we use gridded Era-Interim precipitation and two meter temperature data from
the European Center for Medium Range Weather Forecasting to capture historical
rainfall and temperature conditions. These data are provided daily, at a 0.25 degree
resolution, 25 square km in Nepal’s Tarai. We measure temperature in growing degree
days (GDDs), i.e., accumulated noon temperature between 8 and 30◦ C,24 and rainfall in
millimeters. We average historical monsoon rainfall across May-September, as this
period brackets monsoon rains (Figure A7). We average monsoon GDD across
May-October, as May begins the growing season for maize, and rice grows through
October. Figure A8 maps historical (1994-2003) average rainfall and GDDs in the Tarai.
We also use gridded data on population density, a global Digital Elevation Model
(DEM) product, and a 2013 shapefile holding rivers. The population density product
(GPWv4) was procured from the Socioeconomic Data and Applications Center in
NASA’s Earth Observing System Data and Information System. It has a resolution of
30 arc seconds (∼1km). We used population density for 2005, 2010 and 2015, a rough
match for our survey rounds (Figure A9). The 3 arc second (∼90m) resolution DEM
was produced by NASA’s Shuttle Radar Topographic Mission, version 4.1. It is
distributed by the USGS and a number of other sources. We used this DEM to
calculate ground slope (Figure A10). The river shapefile was published by the
International Steering Committee for Global Mapping and procured through Stanford’s
Earthworks (Figure A11). Last, we use the 2010/11 Nepal – Living Standards Survey to
create variables capturing the share of yearly grain and legume consumption that stem
from home production. Consumption is in value terms. Unfortunately, these variables
can be merged into our DHS data only as district-level averages.
22

A dataset exists for 2015 but the creators warned us that the data and methodology are not comparable.
In previous drafts of this paper, we used time-varying nightlight intensity, using the 2006 DMSP-OLS
product from NOAA, and the 2012 and 2016 Black Marble products from NASA. However, these
datasets are not comparable, and there is no easy mapping from one to the other. In this version, we
therefore use the 2012 Black Marble product only rather than relying on untrustworthy time variation.
24
Thirty ◦ C is considered optimal for rice, and temperatures above 30◦ C possibly damaging (Welch
et al., 2010; Jagadish, Craufurd, and Wheeler, 2008). Moreover, this is a commonly used temperature
maximum for many crops (Lobell, Sibley, and Ortiz-Monasterio, 2012; Schlenker and Roberts, 2009).
23
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4

Initial Estimation Strategy and Sensitivity Tests

If soil Zn availability were randomly distributed, we might interpret an association
between local soil Zn availability and child height-for-age z-score as causal. Yet this is
not the case, and so two threats to identification exist. First, soil Zn availability may be
correlated with other dimensions of soil fertility, and thus capturing a general effect of
increased agricultural productivity due to better soils. Indeed, in our sample eighteen
percent of variation in extractable soil Zn is explained by other soil characteristics
(correlations shown in Table A4). For this reason, we include in our regressions all other
soil characteristics mapped by CIMMYT; as far as we know, no characteristic salient to
yields remains omitted.25 We also drop 145 observations in two areas with super-high
soil Zn (Figure 1); in these cases soil Zn clearly reflects non-random spatial patterns.26
Second, soil Zn availability in Nepal’s Tarai is shaped by spatial patterns in topography,
the historical location of rivers and floods, climate patterns, and perhaps even historical
patterns in population density and cropping intensity, as discussed in Section 2. Some
of these underlying factors may directly influence societal welfare, and thus child health,
by impacting local wealth accumulation, by shaping local health infrastructure, or by
driving selective migration.
We begin by addressing these two threats as well as possible in Equation 1, which
models the height-for-age z-score, Hiht , of child i in household h during survey year t on
extractable soil Zn, Zh , at the location of household h. We include the vector of soil
fertility characteristics, Fh .27 We also include a vector of exogenous spatial controls, Sh ,
which surely capture the formation of soil Zn availability, but for which causality in the
reverse direction cannot exist. The vector Sh includes: development region fixed effects,
region-specific latitude, longitude and (log) altitude, (log) km to the nearest river, (log)
terrain slope, and historical temperature and precipitation.
Hiht = β1 + α1 Zh + κ1 Fh + γ1 Sh + λt + π1 Ciht + iht

(1)

Equation 1 also includes survey year fixed effects, λt , and child characteristics, Ciht , to
absorb variation in height-for-age z-score: an age spline,28 child sex, child birth month,
child birth order (first, second, or later), twin status, and month of survey (to capture
seasonality in health). Given the possible long-run effects of soil Zn availability through
income, societal wealth, or family health, almost any other control could be a mediator.
Of course, the controls in Equation 1 are not comprehensive, and we are concerned that
unobserved, relevant factors may bias α̂1 despite the inclusion of Fh and Sh . For this
25

In identifying on soil Zn availability conditional on more general soil fertility, we loosely follow Carranza
(2014), who identifies on soil texture conditional on other measures of fertility in India. While she claims
that soil texture is exogenously determined, we make no such claim for soil Zn availability.
26
The larger area in Rupandehi District lies in the floodplains of the Dano River, which merges with
the Tinau River as it winds south. The smaller area in Nawalparasi district lies over several rivers
that wind down from the hills, and it contains many wetlands. Both areas experienced multiple severe
flooding incidents directly before and during the government soil sampling period, and we think that
high-nutrient flood sediment flowing south from the hills explains the high soil Zn concentration. Older
soil Zn patterns are similarly driven by the historical meandering of rivers, wetlands, and floodplains.
27
Soil organic matter, pH, clay content, sand content, nitrogen, phosphorus, potassium, and boron.
28
Height-for-age z-score falls over the first few years in most contexts. A spline at 6, 12, and 24 months
captures this flexibly (Abay and Hirvonen, 2017; Victora et al., 2010; Cummins et al., 2013).
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reason, we add four further sets of controls in Equation 2, each designed to capture
local infrastructure and/or welfare. Yet importantly, each new set of “controls” could
plausibly serve as mediators for soil Zn availability. So, adding them may
simultaneously reduce classic omitted variable bias while also pushing the estimated
coefficient on soil Zn towards a “partial effect”, a smaller effect that excludes any
impact operating through these infrastructural/welfare pathways.29
The four sets of controls in Equation 2 are as follows. The vector Iht captures local
infrastructure: urban/rural status, (log) population density, (log) km to closest city,
(log) nightlight intensity, (log) cropping intensity, reliance on food (rather than cash)
crops, and exposure to civil war.30 The vector Wht captures community (DHS cluster,
generally a village) wealth: the proportion of sampled households in the community
that have their own toilet, mobile, or automobile, the average wealth index in these
sampled households, the average educational attainment of household heads, and the
percent of the households who are from richer castes.31 The vector Miht captures
maternal health: whether the mother of child i is short (< 150 cm), was anemic at the
time of survey, and whether she ever lost a child during pregnancy. Last, the vector Dht
captures household wealth and demographics.32
Hiht = β2 +α2 Zh +κ2 Fh +γ2 Sh +λt +π2 Ciht +ψ2 Iht +ν2 Wht +η2 Miht +τ2 Dht +εiht (2)
So neither Equation 1 nor Equation 2 capture the precise, causal effect of interest.
While α̂1 is likely biased by omitted, relevant variables, α̂2 may capture something in
between the total causal effect of interest and a partial effect that excludes long-term
impact working through infrastructure, wealth, or maternal health. Furthermore, α̂2
may suffer from a new source of omitted variable bias: the “bad controls” problem
discussed by Acharya, Blackwell, and Sen (2016) and others.33 However, perhaps these
biases are small, relative to the causal effect of interest, or predictable – if so, α̂1 and α̂2
might still be of interest. Therefore, we wish to gauge the size of the bias in α̂1 and α̂2 .
To do this, we assess the sensitivity of our results to unobserved relevant variable bias
using statistical sensitivity tests. Sensitivity tests have long been used by statisticians
29

For instance, soil Zn availability might shape agricultural intensity and hence population density,
eventually even the location of cities. As a contributor to soil fertility, soil Zn availability might also
shape migration patterns and ultimately spatial patterns in caste or wealth.
30
Conflict exposure is at the district-round level; children in the first two rounds were expose to conflict
if in a conflict zone, according to conflict maps put out by UN’s OCHA, the South Asian Terrorism
Portal, and a Swiss travel company. Children in the third round were born after the conflict. A more
accurate map was recently created by Phadera (2020), but it is not publicly available.
31
We synthesize the complex caste system in Nepal: (i) Richer castes include the Newar and Hill Brahmin,
(ii) Poorer castes include Hill Dalit, Tarai Dalit and Tarai Janajati, (iii) Remaining castes include Hill
Chehetri, Tarai Chehetri, Hill Janajati, Tarai Brahmin, and other infrequently listed castes.
32
It contains: household head’s sex and age and age2 , mother’s age and age2 , educational attainment,
in years, for the household head and for the child’s mother and father, number of household members,
number of children, binary indicators for the household owning land, a toilet, a mobile phone, or an
automobile, household wealth index, caste (lower, upper or neither), religion (indicator for Muslim),
and a binary indicator for all children above 6 mo being fully vaccinated (bcg, dpt, polio).
33
Even if extractable soil Zn was randomly distributed, or if it was as good as randomly distributed
conditional on the controls in Equation 1, introducing mediators in Equation 2 could bias α̂2 through
inducing conditional correlation between extractable soil Zn and omitted factors correlated with the
mediators (Acharya, Blackwell, and Sen, 2016; Huber, 2019).
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(Rosenbaum and Rubin, 1983; Rosenbaum, 1995), and have experienced a recent uptick
in popularity among economists (Imbens, 2003; Altonji, Elder, and Taber, 2005b; Oster,
2019; Conley, Hansen, and Rossi, 2012; van Kippersluis and Rietveld, 2018). We
conduct three tests that quantify the confounding effect of unobservables, relative to the
confounding effect of observables, that would be necessary to explain away the estimated
treatment effect. These are: the sensitivity test innovated by Oster (2019), a novel,
linear adaptation of the Altonji, Elder, and Taber (2005a) test, and a computational
generalization of the Imbens (2003) test innovated by Harada (2013), as well as the
Imbens test itself. All of these tests follow on the original logic of Rosenbaum (1995).
We focus, however, on the method innovated by Oster (2019) for two reasons. First, it
can produce a bias-adjusted treatment effect that does not necessitate the assumption
α = 0 (i.e., that the true effect is zero). Second, it makes the reasonable assumption
that not all sources of variation in one’s outcome can be theoretically observed – some
variation is due to measurement error or random heterogeneity. This is particularly true
for an outcome like child height-for-age z-score, which suffers from both serious
measurement error34 and child-specific heterogeneity. This makes the assumptions
underlying the Oster (2019) test more reasonable than those underlying the Altonji,
Elder, and Taber (2005b) test. More details on all three tests are found in Appendix C.
Aside from the typical concerns about omitted variable bias, one might be concerned
about results based on gridded soil data for two reasons. First, even high-resolution
gridded data contains measurement error: the soil Zn availability given for any 250m2
cell is merely a close proxy for true Zn availability at any point within the cell. If the
measurement error is classical, the estimated coefficient on soil Zn will be biased towards
zero. If not, the direction of bias is not guaranteed. Second, gridded data created by a
model rather than interpolation may result in a special form of omitted variable bias:
gridded Zn availability, predicted by a random forest model with 167 covariates, may be
more closely correlated with one of those covariates than true Zn availability would
be.35 If so, leaving relevant spatial covariates out of the child stature regression might
bias the coefficient on gridded soil Zn more than it would the coefficient on true soil Zn.
To address this concern, we estimate results with both the original and gridded soils
data, and show that these two estimates form a bound around those that would be
achieved with true village-level soils data. Gridded soil characteristics are extracted
from the soil maps at the offset location of each DHS cluster. “Nearest sample” soil
characteristics are borrowed from the closest soil sample to the offset DHS cluster – a
form of spatial interpolation. Both proxies contain measurement error, and in Appendix
D we lay out the analytical form of that measurement error, building on Bound and
Krueger (1991). Then, using the dataset of original soil samples, we explore the
empirical form of each type of measurement error. Because error in the gridded data
follows a strong regression to the mean pattern, estimates using gridded soil Zn
availability will be biased away from zero. Because error in the nearest sample data is
more random, estimates using nearest sample soil Zn will be biased towards zero. These
two data-specific estimates can therefore be used to form a bound around the α̂1 and α̂2
coefficients that would be estimated if true village-level soil Zn availability was known.
34
35

In both height/length and age. See Larsen, Headey, and Masters (2019) and Agarwal et al. (2017)
If a vector of sample Zn availability values Z is modeled on spatial covariate matrix X, and this model
is used to predict Z G , then any column of X should predict Z G better than it predicts Z if R2 < 1.
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5

Initial Results and Sensitivity to Unobservables

Column 2 of Tables 2 and 3 display the results from estimating Equation 1 with child
height-for-age z-score (HAZ) and stunting as the outcomes, both with gridded soil Zn
availability (top panel) and nearest-sample soil Zn availability (bottom panel). Column
2 of Table 2 suggests that a 1 part per million (ppm) increase in extractable soil Zn
predicts something between a tenth and a fourth of a standard deviation in child
height-for-age z-score, since we know that the top panel is over-estimating the true
coefficient and the bottom is under-estimating the true effect, due to measurement
error.36 Column 2 of Table 3 displays an analogous impact on stunting: a 1 ppm
increase in soil Zn availability predicts a reduction in stunting of somewhere between
3.3 and 7.5 percentage points. These decreases are substantial, a 9-21% decrease from
the sample mean. A 1 ppm increase in extractable soil Zn is also large, but feasible;
application of Zinc Sulfate or Zinc Oxide enriched fertilizer at recommended rates of
20kg/ha will generally increase available soil Zn by more than 1 ppm in the Tarai.37
The first three columns of Tables 2 and 3 suggest that spatial omitted variable bias is
unlikely to manufacture a spurious treatment effect. As we first control for exogenous
topographical factors and climate patterns in column 2, and then large-scale community
infrastructure in column 3, the coefficients on gridded soil Zn availability rise. This
suggests that the omission of relevant spatial characteristics from Equation 2
(topographical, climate-related, agricultural and infrastructural) is biasing the α̂1 on
gridded Zn towards zero, under-stating the treatment effect. In the bottom panel of
Tables 2 and 3, we see that adding spatial controls leaves the coefficient on nearest
sample soil Zn a bit smaller, but largely unchanged. (This difference in patterning could
be driven by model-induced correlation between gridded soil Zn availability and the
spatial covariates that predicted it, as discussed in Section 2. Estimates based on
gridded soil Zn availability may be more vulnerable to spatial omitted variable bias.)
Examining spatial patterns in child stature and soil Zn suggests why spatial factors are
unlikely to drive a spurious treatment effect (Table A5). Children tend to be taller in
low, flat areas that are densely populated with strong nightlights and high cropping
intensity (e.g., the hottest, most productive agricultural areas bordering India and far
from the mountains). Conversely, soil Zn availability seems to be higher in the hillier,
cooler, lower cropping intensity areas with lower population density and less nightlights
(e.g., in less productive areas towards the mountains). This suggests (but cannot prove)
a historical process of Zn formation whereby densely populated farms and intensive
mono-cropping in the Tarai may have driven down soil Zn availability over time.
Columns 4-6 of Tables 2 and 3 introduce potential mediators into the regressions one by
one, and Column 6 displays α̂2 from Equation 2. In both the top and bottom panels,
and for both outcomes, the coefficient on soil Zn availability falls with each new set of
mediators, as would make sense if community wealth, maternal health and household
wealth partly mediated the effect of soil Zn availability. The final α̂2 estimates suggests
that 1 ppm increase in extractable soil Zn predicts somewhere between a fourteenth and
36

In fact, the biases estimated in Appendix D suggests that the truth is likely somewhere close to the
middle of these two estimates. Because the bias is impossible to know precisely, however, it is best to
use these two estimates as bounds around the non-errored estimate.
37
Recommendations from the Nepal Agricultural Research Council, supported by CIMMYT Nepal.
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a fifth of a standard deviation increase in child height-for-age z-score, and somewhere
between a 2.0 and 6.7 percentage point decrease in the likelihood of child stunting.
Even this mediated estimate would imply a clinically significant impact on stunting, if
causal: somewhere between a 6% and 19% decrease from the sample mean.
Two points are important to make about the relative magnitudes of α̂1 and α̂2 . First,
while the slightly reduced magnitude of α̂2 , vis-a-vis α̂1 , is in line with the possibility
that it captures a “partial” treatment effect, we also know that α̂2 is biased by the “bad
controls” form of omitted variable bias. Thus, interpreting α̂2 is problematic. Second,
insofar as it may serve to imperfectly estimate a partial effect, the fact that α̂2 reduces
only slightly vis-à-vis α̂1 in each panel and for each outcome, even while R2 increases
substantially between Columns 2 and 6 in each case, suggests that association between
soil Zn availability and child stature is generally robust (to controls and mediators!),
and so unlikely to disappear with any new set of observables.
We can, of course, formalize this last speculation through sensitivity tests. Table 4
provides Oster’s causal bounds around α1 and α2 , based on the assumptions δ = 1 and
Rmax = is 1.3 ∗ R̃2 . By setting δ = 1, we assume that unobservables and observables
have equal power to bias the parameter on soil Zn availability, and that they each drive
bias in the same direction. By setting Rmax = 1.3 ∗ R̃2 , we assume that if we controlled
for all unobservables alongside the observables from Equation 2, R2 would rise no more
than 30%.38 Also, we consider other soil characteristics to be necessary controls (given
their correlation with soil Zn, the first threat to identification), and so bounds are
estimated with those characteristics in all regressions. See Appendix C for more details.
The causal bounds around α1 and α2 never contain zero (Table 4). In fact, when using
gridded soil data, the bounds around each parameter are quite tight, generally about
15% of the original parameter. When using nearest-sample soil data, the bounds around
the parameters are wider. Yet even the nearest-sample soil data bounds around the α2
parameters – which are likely low because α2 reflects a partial effect, and also because
measurement error biases any estimated effect downward – do not contain zero.
Table 4 suggests that soil Zn availability has a non-zero causal effect on child stature;
gauging the size of the effect is harder. The coefficient on “true,” village-level soil Zn
availability would likely fall between the coefficients estimated using gridded and
nearest-sample soil data (Appendix D). For instance, if using true soil Zn availability to
predict child height-for-age, we would find α̂1 ∈ [0.111, 0.247], based on the values in
Table 2. It seems plausible that the causal effect, unbiased by omitted variables would
fall between this in-estimable α̂1 and it’s corresponding α̂2 , and thus falls within
[0.0753, 0.247]. Oster’s bounds further suggest that even if we are wrong, and the causal
effect falls below α̂2 , it is still likely to be non-zero, i.e., to fall within [0.042, 0.247].
It is also possible to estimate the ratio of selection on unobservables vs. observables
that would be necessary to completely manufacture the estimated treatment effect if the
true effect was zero. Oster calls this ratio δ and it is again subject to an assumed value
of Rmax . Altonji, Elder, and Taber call this ratio K and it is subject to the implicit
assumption that Rmax = 1: if all unobservables were entered into the regression, R2
38

This rule of thumb of 1.3 is empirically based; beyond this point, Oster notes that the bounds around
even RCT impacts begin to include zero.
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would rise to 1 because no measurement error or random heterogeneity exists. Table A8
holds both estimates. Oster’s δ estimates range from 1.7 to 3.3, suggesting that
selection on unobservables would need to be (perhaps much) stronger than selection on
observables to manufacture a spurious treatment effect. The K̂ values are smaller,
which makes sense given the assumption that unobservables would push R2 to 1.
Harada’s GSA results also suggest that omitted variables are unlikely to drive either α̂1
or α̂2 (Figures A12, A13). All observables lie far below the partial R2 line that defines
the set of unobserved variables U that would render the treatment effect insignificant.
This suggests that unobservables are also unlikely to lie above this line, and thus are
unlikely to manufacture the treatment effect. Results using the Imbens sensitivity
analysis show the same (Figures A14, A15).39
We examine suggestive evidence of causality and/or robustness in a few further ways.
First, as a placebo test, we compare the Zn-stature relationship to the relationship
between other soil characteristics and child stature. Table A9 illustrates that no other
soil characteristic predicts child stature in a reliable way across both nearest-sample
data (columns 1-2) and gridded data (columns 3-4). Extractable soil K does predict
child stature in the gridded data. This could be a true relationship, but may also reflect
the fact that gridded K is strongly correlated with gridded soil Zn, and also predicts
nearest sample Zn even conditional on gridded soil Zn (Table A10). We take this to
mean that gridded, extractable K may be proxying for “negative” soil Zn in Table A9.
Table A9 further illustrates that the relationship between soil Zn and child stature is
robust to extracting soil characteristics over a 10 km buffer rather than at the offset
community/ cluster GPS location (columns 5-6).40 Both α̂1 and α̂2 are also robust to
specifying characteristics with a right-skewed distribution (Zn, K, P, N, B, and organic
matter) in log form (Table A11). Last, the association between soil Zn availability and
child stature holds across time (Table A12), though some statistical power is lost.41

6

Suggestive Evidence on Pathways

Recall that three pathways may connect soil Zn availability to child health, and
therefore to child growth and stature (Figure A3). (1) Established literature shows that
soil Zn deficiency reduces cereal, legume, and even horticulture yields in northern India
and Nepal, and reduced yields are likely to reduce agricultural income and food supply.
(2) Established literature also demonstrates that soil Zn deficiency reduces Zn
concentration in the edible parts of cereals, legumes, and even horticulture. Reduced Zn
concentration in food crops will lead to reduced Zn intake and status for families
dependent on locally grown crops for consumption. (3) If either of these two pathways
exists then they likely existed for decades, and populations on Zn deficient soils might
39

Under the Imbens sensitivity test, four covariates are highly predictive of treatment and lie slightly
above the bound for cutting α̂2 by half. However, they are the fixed effect for the far west development
region, and the interactions between that fixed effect and longitude, latitude, and (log) altitude.
40
This buffer can be thought of in two ways: capturing a wider conception of “local”, or guarantying
that the true community location is within the extraction zone, since displacement is at most 10km.
41
When using the gridded soil data, the association appears stronger in the later years; when using
the nearest sample soil data, the reverse is true. Analysis with randomly generated “placebo years”
illustrates that such variation is expected with the lost power (results available upon request).
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be poorer and less healthy, leading to worse child health. While it is difficult to gauge
the existence and/or importance of these three pathways in DHS data, which include
few details on agriculture, we proceed in two ways.
First, we examine the relationship between soil Zn availability and pathway mediators.
While we do not view either crop yields or agricultural income, we do view household
wealth by some measures. We can proxy for community wealth by average wealth
within the sampled households of a community, and we view maternal height. So, we
begin by examining whether soil Zn availability predicts household wealth (pathway 1),
or community wealth and maternal health/stunting (pathway 3). We do this using
Equation 3, a household-, mother-, or community-level variant of Equation 1 containing
year fixed effects, soil fertility characteristics, Fh , and exogenous spatial controls, Sh .42
Yht = β3 + α3 Zh + κ3 Fh + γ3 Sh + λt + υht

(3)

Using a similar line of reasoning, we also examine whether soil Zn availability predicts
other measures of child health, besides stature. This is because both the first and third
pathways affect child health generally, not Zn deficiency and/or child stature in
particular. Therefore, if these are the only two pathways in operation, we might expect
child weight-for-height z-score or child mortality measures, for instance, to be strongly
associated with soil Zn deficiency just as child stature is.43
Table 5 illustrates that available soil Zn is weakly, positively associated with a few
measures of household wealth: household head education and mobile ownership (with
gridded Zn), and child dietary diversity (with nearest sample Zn). For all other wealth
measures but one, available soil Zn is positively associated with household wealth, just
not significantly so. Similarly, Table 6 suggests that communities on higher Zn soils
seem to be very slightly wealthier, though the association is too weak to be statistically
significant for any outcome except mobile ownership.
Table 7 indicates that mothers living on high Zn availability soils are slightly less likely
to be stunted; this relationship is insignificant when using gridded soil data and more
strongly significant when using nearest sample soil data. These same mothers are
slightly less likely to lose a child during pregnancy or childbirth – a relationship that is
statistically significant when using gridded data, but not nearest-sample data. Because
many Nepali women relocate for marriage, these soil-health relationships could be
stronger for those raised in the local area, but we do not observe location of mother’s
birth. Taken together, Tables 5-7 suggest that today’s soil Zn concentration is weakly
associated with wealth and health, in line with (but not proving) a historical process
where soil Zn availability plays a small role in shaping the formation of local welfare.
Table 8 illustrates that high soil Zn availability is also associated with lower child
mortality – but again, the relationships are generally too weak to be statistically
significant. Children on high-Zn soils are slightly less likely to be born low birthweight,
42

For the mother-level outcomes, one must take h to indicate a single mother within a household. While
the dataset holds 3,133 households, it holds 3,449 mothers. For the community-level outcomes, h
indicates one of 390 DHS clusters.
43
Of course, this is not a definitive test; even if these were the only two pathways in operation, child
stature might simply capture “general health” better than other measures.
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to be anemic, or to have experienced fever or acute respiratory disease in the last week,
according to both soil data products. Of these associations, only that regarding
respiratory infection is (weakly) statistically significant when using gridded data. The
association with low birthweight is (weakly) significant when using nearest sample data.
Last, we examine whether heterogeneity in α̂2 falls in line with particular pathways. We
choose α̂2 rather than α̂1 to reduce the chance that omitted variables drive observed
heterogeneity; still, these results do not indicate causal relationships. Pathway 1 (crop
yield → income) is likely to be most important for farming families who depend on
crop-based income; the other two pathways do not depend on farming status.44 We
therefore examine whether α̂2 varies by farming status, and find that it does not (Figure
2). While in line with the results in Table 5, this test is imperfect for practical and
conceptual reasons, and so cannot rule out the existence of the crop yields mechanism.45
Pathway 2 (crop Zn concentration → dietary Zn intake) will occur only in areas where
families depend on locally grown food for their consumption. However, the DHS surveys
do not collect information on food sourcing, and even if they did it would be impossible
to know where market-purchased foods were grown locally. So, we examine whether α̂2
varies with local reliance on food (rather than cash) crops in the 2010 HarvestPlus data,
or with district-level consumption reliance on home-produced grain from the 2010 NLSS
data. We find that α2 rises with both proxies for local food reliance (Figure 3).46
Neither result is statistically significant – unsurprising as both tests are under-powered.
(Neither variable varies over time, and the NLSS variable has only 21 values.)
The results in Tables 2-8 and Figures 2-3 suggest that soil Zn shapes child stature
primarily through influencing crop Zn concentration and dietary Zn intake, with some
smaller role for the other two pathways. The results in Tables 5-8 are in line with the
existence of a crop yield and income effect (pathway 1) and with historical soil Zn
availability shaping community welfare and women’s health (pathway 3). However,
these pathways appear weak – Zn coefficients are statistically insignificant or only
weakly significant when predicting their mediators – and therefore unable to explain the
entire relationship between soil Zn availability and child stature. The fact that soil Zn
availability is so strongly, robustly associated with child stature while only weakly
associated with other measures of child health suggest that soil Zn availability impacts
stature through some channel other than crop yields, income/wealth, and maternal
health. The fact that farming status does not seem to mediate the Zn-stature
relationship further suggests that a non-yield pathway exists. The dietary Zn intake
pathway alone would seem to explain why child stature is so strongly associated with
soil Zn availability when no other health or even wealth indicator is so clearly linked,
and why this Zn-stature association seems to grow stronger with local food reliance.
44

Zn concentration in locally produced crops will influence the dietary Zn intake of farmers and nonfarmers, as long as non-farmers source their food locally.
45
First, pathway 1 may also exist for non-farming families who indirectly depend on local yields for food
or income (Adhvaryu, Chari, and Sharma, 2013; Jayachandran, 2006). Second, if higher yields force
down prices in non-integrated markets, then non-farming families may benefit from these lower prices,
while farming families may experience both lower food costs and lower incomes (Barrett, 2010). Third,
neither primary occupation nor ownership of agricultural land perfectly proxies for agricultural income.
46
It does not rise with the share of legume consumption that stems from own production (Figure A17).
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7

Conclusion

A vibrant literature documents the natural environment shaping health and human
capital (Graff Zivin and Neidell, 2013), and another literature debates the possible,
long-run impacts of the natural environment on comparative development (Acemoglu
and Johnson, 2007; Bloom, Canning, and Fink, 2014; Sachs, 2003). In both areas of
literature the endogeneity of environmental characteristics is a problem for causal
identification. In the first, plausibly exogenous temporal shocks are often used to obtain
causal identification, and in the second, instrumental variables.
We propose and explore a third option: accepting that some bias may exist due to
omitted, relevant variables, and directly examining the extent to which unobservables
are likely to drive estimates. In some settings, this approach will be the only option.
More audaciously, in other settings it may be the best option. Instrumental variables,
even if truly exogenous, identify a local average treatment effect that may differ from
the average treatment effect of interest (Angrist and Imbens, 1995). The effects of
short-run temporal shocks, even if exogenous to other time-varying factors, may not be
comparable to the effects of long-held spatial variation or a steady-state change induced
by policy (Graff Zivin and Neidell, 2013). The advantage of these approaches stems
from a presumption that they nonetheless identify something closer to the average
treatment effect of interest than is estimated by ordinary least squares. In cases where
treatment might be considered close to (conditionally) random, and/or where temporal
or instrument variation is not quite exogenous, this presumption may not hold.
Our base results and sensitivity analyses suggest that soil Zn availability drives child
stature in the Tarai. A 1 ppm increase in soil Zn availability seems to increase child
height-for-age z-score by somewhere within 4-25% of a standard deviation, and to
decrease child stunting by 1-7.5 percentage points (Table 4). These are our most
conservative bounds, based on Oster’s sensitivity test. If we are willing to assert that
measurement error in soil Zn causes the treatment effect to be over-estimated when
using gridded soil data and under-estimated when using nearest sample soil data, and
additionally that the true treatment effect falls within [α1 , α2 ], then we find that a 1
ppm increase in soil Zn availability increases child height-for-age z-score by somewhere
within 7.5-25% of a standard deviation (Table 2), and decreases child stunting by 2-7.5
percentage points (Table 3).
The causal treatment effect that falls within these bounds implicitly combines the
long-run effect of soil Zn availability, working through community wealth, health, and
infrastructure, and a short-run effect working through household agricultural income,
food availability and dietary Zn intake. The difference is important. The long-run effect
reflects the importance of environmental influences on societal development, while the
short-run effect is relevant for agricultural policy. If Zn-enriched fertilizers were
subsidized or mandated in the Tarai, and through that Zn applied at approximately 8
kg−1 ha on agricultural soils as recommended by CIMMYT Nepal, we would expect
available soil Zn to rise by about 1ppm. If we assume that α̂2 is closer to the short-run
effect than α̂1 – since α̂2 is our best estimate of a partial effect that excludes impact
working through infrastructure, wealth, or women’s health – then we might expect such
a policy to reduce child stunting by somewhere within 1-7 percentage points (Table 4).
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Is it reasonable to imagine that widespread adoption of Zn-enriched fertilizer might
reduce child stunting by 1-4 percentage points? Scarce historical examples with
soil-level mineral interventions suggest that it is. The Finnish government mandated
selenium enrichment of all fertilizers in the 1980s, another trace mineral critical to
human health. This policy seems to have resulted in a 70 percent increase in human
serum selenium concentration, on average (Aro, Alfthan, and Varo, 1995). In China’s
Xinjiang Province, potassium iodate was added as a 5% solution into the irrigation
water for 1 season in 1992, an attempt to increase the iodine content of locally grown
food. Subsequent measurements indicated that added iodine persisted in the soil for
more than four years, elevating iodine content in plants and animals and iodine status in
humans. After the experiment infant mortality declined by 50%, and increased IQ, head
size and stature were observed for children born after the iodization (Ren et al., 2008).
Is such a policy cost-effective when compared to more traditional food fortification? It
would seem not. Back-of-the-envelope calculations suggest an upper bound of 16 million
US dollars per year to subsidize Zn-enriched DAP fertilizer for all farmers in the
Tarai.47 With targeting and time this cost could be reduced: the primary agronomic
benefits of Zn will be on lower-Zn soils, and regular application of Zn builds the stock of
available soil Zn (Shukla and Behra, 2019). However, it would almost certainly cost
much less to provide Zn to all households in the Tarai through the fortification of
processed foods: perhaps $95,000-206,000 per year.48 While no food fortification
program has been run in Nepal, a large-scale program in Mongolia distributing multiple
micronutrient (MMN) powder to children for 13 months reduced stunting 5 percentage
points, from a baseline of 23% to 18% two years later (Hess and Brown, 2009).49 This
reduction in stunting falls within our estimated causal bounds.
Yet, while Zn-enriched fertilizer is unlikely to provide the most cost-effective method of
reducing human Zn deficiency, Nepal’s Ministry of Agriculture and Livestock
Development has considered trace nutrient enrichment of fertilizer with purely
agricultural goals in mind: increased crop yields, improved animal health, and increased
agricultural incomes. Seen in this light, the potential impacts of Zn-enriched fertilizer
on human health are a positive externality – a gift from the ministry of agriculture to
the ministry of health. While the connection between soil Zn deficiency and human
nutritional status could form the basis of a nutrition-based, geographic poverty trap
(Barrett, Garg, and McBride, 2016; Kraay and McKenzie, 2014), more optimistically, it
might offer a rare instance of “win-win” policy. However, experimental evidence is
needed before national policies can be considered.

The Nepal government subsidizes DAP at $8.35 per 50kg bag; the additional cost stems from 5.8%
ZnO enrichment, which costs about $2 per bag. 400,000 megatons of enriched DAP should increase
soil Zn availability by 1 ppm, on average, in the Tarai.
48
Hess and Brown (2009) estimate that a woman can receive her yearly requirement of Zn through
food fortification at $0.006 to $0.013 per year in low-income contexts. We assume this same cost for
every person in the Tarai, which has an estimated population of 15,831,003 in 2021 (MoHP, 2014). If
economies of scale exist within households this cost may reduce.
49
This effect should not be attributed wholly to Zn. Also, baseline stunting in Mongolia is higher than
the average in our dataset, suggesting a likely larger effect size for an identical program in Nepal.
47
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Figures
Figure 1: Extractable Soil Zn Concentration (CIMMYT Map)

Figure 2: Heterogeneity in α2 : Farming Status

(a) By Primary Occupation

(b) By Ownership of Agricultural Land

Coefficients obtained by estimating Equation 2 with an added interaction between Zh and: (a) the primary occupation
of the household head, or (b) household agricultural land ownership status. In each case, the proxy for farming status is
also included in the equation.

31

Figure 3: Heterogeneity in α2 : Local Food Reliance

(a) Local Food Crop Reliance

(b) Own Grain Reliance

Coefficients obtained by estimating Equation 2 with an added interaction between Zh and: (a) local food crop reliance,
given by the share of local crop value contributed by food rather than cash crops in the gridded HarvestChoice 2010 data,
or (b) household reliance on own grains, given by the average share of grain consumption in the last year that stemmed
from own farm production, for households in any given district in the 2010/11 NLSS data. In each case, the proxy for
local food reliance is also included in the equation.
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Tables
Table 1: Health Outcomes (Mean Values)

All
Height-for-age (Z-score)
-1.516
Stunting (binary, HAZ<-2)
0.355
Low birth size (binary)
0.157
Anemia (binary, hemoglobin≤10.9g/dl) 0.572
Diarrhea (binary)
0.116
Fever (binary)
0.192
Acute respiratory infection (binary)
0.079
Wasting (binary, WHZ<-2)
0.132
Observations
4,392

2006

2011

2016

-1.650
0.401
0.154
0.594
0.109
0.158
0.063
0.159
2,331

-1.403
0.317
0.161
0.501
0.157
0.228
0.133
0.094
901

-1.368
0.302
0.160
0.595
0.088
0.223
0.057
0.115
1,160

Observations are weighted to provide national averages.

Table 2: Child Height-For-Age

Gridded Zn (ppm)
Observations
R2
Nearest Zn (ppm)
Observations
R2
Year, child controls
Soil fertility
Exogenous topography/climate
Community infrastructure
Community wealth
Mother health
Household demographics/wealth

(1)
HAZ

(2)
HAZ

(3)
HAZ

(4)
HAZ

(5)
HAZ

(6)
HAZ

0.237∗∗∗
(0.0745)

0.247∗∗∗
(0.0663)

0.278∗∗∗
(0.0631)

0.232∗∗∗
(0.0581)

0.222∗∗∗
(0.0555)

0.212∗∗∗
(0.0537)

4392
0.156

4392
0.199

4392
0.209

4392
0.223

4392
0.255

4392
0.279

0.124∗∗∗
(0.0347)

0.111∗∗∗
(0.0398)

0.0829∗∗
(0.0343)

0.0753∗∗
(0.0333)

4382
0.150

4382
0.196

4382
0.204

4382
0.216

4382
0.250

4382
0.274

Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes
Yes
Yes

0.114∗∗∗ 0.0971∗∗∗
(0.0382) (0.0363)

Outcome child height-for-age z-score (HAZ) is measured in standard deviations from mean. Column 2 estimates
Equation 1, Column 6 estimates Equation 2. In the (top) [bottom] panel, soil Zn availability and other soil characteristics are (extracted from the gridded data) [taken from the nearest soil sample]. Observations are weighted.
Standard errors are clustered at the DHS cluster level. ∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01.
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Table 3: Child Stunting

Gridded Zn (ppm)
Observations
R2
Treatment effect % of mean
Nearest Zn (ppm)
Observations
R2
Treatment effect % of mean
Year, child controls
Soil fertility
Exogenous topography/climate
Community infrastructure
Community wealth
Mother health
Household demographics/wealth

(1)
Stunted

(2)
Stunted

(3)
Stunted

(4)
Stunted

(5)
Stunted

(6)
Stunted

-0.0736∗∗∗
(0.0240)

-0.0750∗∗∗
(0.0235)

-0.0890∗∗∗
(0.0229)

-0.0758∗∗∗
(0.0204)

-0.0729∗∗∗
(0.0197)

-0.0673∗∗∗
(0.0189)

4392
0.104
20.73

4392
0.137
21.14

4392
0.145
25.10

4392
0.157
21.36

4392
0.185
20.56

4392
0.204
18.97

-0.0386∗∗∗
(0.0113)

-0.0331∗∗∗
(0.0126)

-0.0336∗∗∗
(0.0123)

-0.0279∗∗
(0.0120)

-0.0228∗∗
(0.0113)

-0.0203∗
(0.0104)

4382
0.0976
10.88

4382
0.133
9.342

4382
0.141
9.461

4382
0.153
7.865

4382
0.182
6.431

4382
0.201
5.724

Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes
Yes
Yes

Outcome child stunted indicates HAZ ≤ -2, i.e., child is too short for their age. Column 2 estimates Equation 1, Column
6 estimates Equation 2. In the (top) [bottom] panel, soil Zn availability and other soil characteristics are (extracted from
the gridded data) [taken from the nearest soil sample]. Observations are weighted. Standard errors are clustered at the DHS
cluster level. ∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01.

Table 4: Oster’s Causal Bounds

Outcome
HAZ
Stunted

Source of
Soil Data

(1)
(2)
α̂1
Mediated α̂2
From Equation 1 From Equation 2

Griddded
Nearest
Gridded
Nearest

[0.210, 0.247]
[0.056, 0.111]
[−0.075, −0.051]
[−0.033, −0.008]

[0.180, 0.212]
[0.042, 0.075]
[−0.067, −0.057]
[−0.020, −0.008]

Assumptions: δ = 1, Rmax = 1.3R̃2 , with R̃2 from Equation 2. All estimates maintain soil fertility characteristics, Fh , i.e., Column 1 of Tables
A6 and A7 serves as the base estimates for HAZ and stunting, respectively. Observations are weighted.
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Table 5: Family Wealth Outcomes

(1)

(2)

(3)

(4)

Head
Education

Owns
Mobile

Wealth
Index

All Children
Vaccinated

(5)
Median
Child Dietary
Diversity

Gridded Zn (ppm)

0.428
(0.291)

0.0195
(0.0230)

0.0457
(0.0674)

0.0335
(0.0214)

0.325∗
(0.193)

Observations
R2
Treatment effect % of mean

3133
0.0657
12.92

3133
0.762
4.153

3133
0.171

3133
0.146
4.209

714
0.214
9.883

Nearest Zn (ppm)

0.285∗
(0.153)

0.0214∗∗
(0.0102)

0.0390
(0.0361)

-0.0142
(0.0112)

0.0337
(0.105)

3124
0.105
5.302

3124
0.764
4.542

3124
0.179

3124
0.143
1.779

713
0.215
1.026

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Observations
R2
Treatment effect % of mean
Year
Soil fertility
Exogenous topography/climate

Observations are at the household level. Head education counts years of education. All children are vaccinated
if every child >6 months has received the bcg, polio and dpt vaccine. Dietary diversity ranges 0-8 and median
dietary diversity is measured within children ≤10 months, since prior to 10 months diversity is reliably low. The
data used to define dietary diversity exists for only 30% of children, hence the loss of observations. Regressions
include Equation 1 controls, excluding child characteristics, Cht , since outcomes are at the household level. In the
(top) [bottom] panel, soil Zn availability and other soil characteristics are (extracted from the gridded data) [taken
from the nearest soil sample]. Observations are weighted. Standard errors are clustered at the DHS cluster level. ∗
p < .1, ∗∗ p < .05, ∗∗∗ p < .01.
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Table 6: Community Wealth Outcomes

Gridded Zn (ppm)
Observations
R2
Treatment effect % of mean
Nearest Zn (ppm)
Observations
R2
Treatment effect % of mean
Year
Soil fertility
Exogenous topography/climate

(1)
% Own
Toilet

(2)
% Own
Mobile

(3)
% Own
Automobile

(4)
Mean
Wealth

(5)
Avg Head
Education

0.0422
(0.0442)

0.0322∗
(0.0195)

0.0165
(0.0236)

0.0537
(0.0836)

0.418
(0.287)

390
0.459
7.926

390
0.937
4.792

390
0.340
10.11

390
0.341

390
0.284

0.0364
(0.0240)

0.0152∗
(0.00910)

0.00144
(0.00998)

0.0262
(0.0409)

0.146
(0.145)

390
0.461
6.840

390
0.937
2.265

390
0.339
0.883

390
0.341

390
0.282

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Observations are at the community (i.e., DHS cluster, generally a village) level. Ownership rates are for
sampled households within each community. Regressions include Equation 1 controls, excluding child characteristics, Cht , since outcomes are at the community level. In the (top) [bottom] panel, soil Zn availability
and other soil characteristics are (extracted from the gridded data) [taken from the nearest soil sample]. Observations are weighted. Standard errors are clustered at the DHS cluster level.
∗
p < .1, ∗∗ p < .05, ∗∗∗ p < .01.
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Table 7: Mother’s Health and Stature

(1)

(2)

Short

Anemic

(3)
Ever Lost
A Child

-0.0326
(0.0256)

0.0435
(0.0348)

-0.0443∗∗
(0.0178)

3449
0.0295
7.932

3449
0.0562
8.223

3449
0.0283
24.34

-0.0310∗∗
(0.0146)

-0.0155
(0.0156)

-0.0108
(0.0110)

3449
0.0305
7.531

3449
0.0557
2.926

3449
0.0270
5.935

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Gridded Zn (ppm)
Observations
R2
Treatment effect % of mean
Nearest Zn (ppm)
Observations
R2
Treatment effect % of mean
Year
Soil fertility
Exogenous topography/climate

Observations are at the mother level. Stunted indicates maternal height/age
standard deviation ≤ –2. Anemic indicates moderate or severe anemia:
hemoglobin ≤10.9 g/dl for pregnant women, <11.9 g/dl for non-pregnant
women. Ever lost a child indicates loss during pregnancy or childbirth. Regressions include Equation 1 controls, excluding child characteristics, Cht , since
outcomes are at the mother level. In the (top) [bottom] panel, soil Zn availability and other soil characteristics are (extracted from the gridded data) [taken
from the nearest soil sample]. Observations are weighted. Standard errors are
clustered at the DHS cluster level. ∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01.
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Table 8: Other Child Health Outcomes

Gridded Zn (ppm)
Observations
R2
Treatment effect % of mean
Nearest Zn (ppm)
Observations
R2
Treatment effect % of mean
Year, child controls
Soil fertility
Exogenous topography/climate

(1)
Low
Birthweight

(2)

(3)

(4)
Fever

(5)
Respiratory
Infection

Anemia

Diarrhea

-0.0210
(0.0168)

-0.0146
(0.0213)

4390
0.0496
13.36

(6)
Wasted

-0.00335
(0.0146)

-0.0183
(0.0245)

-0.0165∗
(0.00968)

0.00977
(0.0126)

3871
0.151
2.559

4387
0.0598
2.900

4391
0.0605
9.548

4390
0.0427
21.00

4392
0.0774
7.412

-0.0188∗
(0.0100)

-0.0202
(0.0129)

0.000189
(0.00720)

0.000463
(0.0123)

-0.0115
(0.00709)

-0.000362
(0.00870)

4390
0.0501
11.95

3871
0.151
3.526

4387
0.0598
0.163

4391
0.0602
0.242

4390
0.0429
14.67

4392
0.0773
0.275

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Low birthweight is according to maternal recall, as measured birthweight is often missing. Anemia indicates
altitude-adjusted hemoglobin ≤ 10.9 g/dl. Diarrhea, fever and respiratory infection indicate presence in last
7 days. Wasted indicates weight/height standard deviation < –2. Regressions include Equation 1 controls.
In the (top) [bottom] panel, soil Zn availability and other soil characteristics are (extracted from the gridded
data) [taken from the nearest soil sample]. Observations are weighted. Standard errors are clustered at the
DHS cluster level. ∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01.
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Appendix A

Additional Figures and Results
Figure A1: Mineral availability over pH

Agboola and Corey (1973), pp 367-375

Figure A2: Extractable Soil Zn by Deficiency Categories

Map illustrates deficiency categories in the CIMMYT soil Zn availability data (Figure 1). Categories
were defined by Shukla and Behra (2019): acutely deficient if DTPA-extractable Zn < 0.3, deficient if <
0.6, latent deficient if < 0.9, sufficient otherwise. See their Table 5.
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Figure A3: Conceptual Pathways

Colors delineate the three mechanisms we hypothesize may drive an effect of soil Zn availability on child
stature. The comparatively [thicker] (thinner) arrow linking Child Zn Status to [Child Stature] (General
Child Health) indicates that Zn status has a larger and more reliable impact on growth/stature than on
morbidity, weight gain, or other health indicators.

40

Table A1: Household, Mother, Child Characteristics (Mean Values)

All
Head is from a marginalized caste (binary)
Head is from a wealthy caste (binary)
Head is Muslim (binary)
Head is female (binary)
Head education (years)
Head’s age (years)
Mother’s educational attainment (years)
Mother’s age (years)
Father’s educational attainment (years)
Count of household members (#)
Count of household children ≤ 5yrs (#)
Household owns arable land (binary)
Household owns toilet (binary)
Household owns mobile phone (binary)
Household owns bicycle (binary)
Household owns car or motorbike (binary)
Household wealth index (index)
Household children vaccinated (binary)
Mother is short (binary)
Mother has anemia (binary)
Mother had a terminated pregnancy (binary)
Child age (months)
Child is male (binary)
Child is twin (binary)
Child is first born (binary)
Child is second born (binary)

2006

2011

2016

0.330 0.328 0.376 0.291
0.080 0.083 0.099 0.058
0.105 0.090 0.117 0.122
0.226 0.178 0.250 0.296
3.150 2.958 3.299 3.377
42.781 42.473 41.643 44.451
2.929 2.155 3.338 4.029
26.171 26.270 26.159 25.994
5.239 4.804 5.286 6.030
7.192 7.815 6.447 6.702
1.797 1.928 1.644 1.688
0.630 0.660 0.509 0.687
0.366 0.216 0.399 0.624
0.449 0.016 0.783 0.962
0.694 0.668 0.724 0.715
0.109 0.038 0.117 0.239
-0.045 -0.170 -0.025 0.177
0.821 0.890 0.886 0.626
0.419 0.414 0.424 0.425
0.536 0.553 0.476 0.560
0.184 0.154 0.170 0.254
29.554 29.864 28.981 29.503
0.515 0.517 0.486 0.538
0.011 0.012 0.007 0.012
0.770 0.753 0.790 0.784
0.211 0.225 0.195 0.201

Observations are weighted to provide national averages. Child age spline dummies, season of
birth dummies, and father’s and mother’s age squared are included in controls/mediators but not
shown above.
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Table A2: Community Characteristics (Mean Values)

All
Rural area (binary)
0.778
2
Population density (log #/km )
6.042
Distance to large city (log km)
4.132
Nightlight intensity (log value)
3.037
Reliance on food crops (% crop value)
0.879
Cropping intensity (log value/cell)
15.631
Conflict area (binary)
0.099
Toilet ownership (%)
0.367
Wealth (index average)
-0.042
Mobile phone ownership (%)
0.451
Car/motorbike ownership (%)
0.115
Educational attainment (avg years for household head) 3.188
Wealthy caste (%)
0.078
Observations are weighted to provide national averages.
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2006

2011

2016

0.880
5.814
4.174
3.074
0.876
15.576
0.199
0.223
-0.174
0.016
0.037
2.964
0.081

0.914
6.103
4.111
2.940
0.888
15.673
0.000
0.393
-0.023
0.790
0.135
3.307
0.098

0.455
6.422
4.070
3.057
0.876
15.699
0.000
0.617
0.193
0.964
0.244
3.505
0.054

Figure A4: Other Soil Characteristics (CIMMYT Maps)

(a) Soil pH

(b) Extractable boron (B)

(c) Organic matter

(d) Total nitrogen (N)

(e) Phosphorus pentoxide (P2O5)

(f ) Extractable potassium (K)

(g) Clay content

(h) Sand content
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Table A3: Soil Characteristics

Gridded Zn (ppm)
pH (pH)
Extractable K (kg/ha)
Extractable P (kg/ha)
Total N (%)
Extractable B (ppm)
Organic matter (%)
Clay content (%)
Sand content (%)

Gridded
Soil Data

Nearest-Sample
Soil Data

0.731

0.562

(0.032)

(0.043)

6.695

6.632

(0.053)

(0.079)

192.527

182.351

(7.065)

(11.966)

55.886

45.756

(2.050)

(4.017)

0.108

0.094

(0.003)

(0.003)

1.137

0.896

(0.080)

(0.094)

1.901

1.785

(0.050)

(0.070)

20.584

19.532

(0.758)

(1.269)

35.011

32.943

(1.065)

(1.800)

Soil characteristics extracted at the household level. Household
observations are weighted to provide national averages.

Figure A5: Crop Value Variables (2010)

(a) Reliance on local foods

(b) Cropping intensity

(Value of food crops / total crop value)

(Value/cell)

Data obtained from HarvestChoice: https://www.mapspam.info/data/
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Figure A6: Black Marble Nightlight Intensity (2012)

(a) Color scheme by percentiles

(b) Color scheme evenly distributed

Data obtained from the Earth Observatory at NASA: https://earthobservatory.nasa.gov/features/NightLights

Figure A7: Average rainfall (mm) by month (1994-2003)

jan
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jun

20

30°N
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28°N
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Latitude

15
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0

82°E 84°E 86°E 88°E

82°E 84°E 86°E 88°E

Longitude

Era-Interim data obtained from the European Center for Medium Range Weather Forecasting:
https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era-interim
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Figure A8: Historical Weather Patterns (1994-2003)

(a) Average Monsoon Rainfall

(b) Average Monsoon GDD

Era-Interim data obtained from the European Center for Medium Range Weather Forecasting:
https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era-interim

Figure A9: Population Density

(a) 2005

(b) 2010

(c) 2015
Population density data (GPWv4) was procured from the Socioeconomic Data and Applications Center at NASA: https://sedac.ciesin.columbia.edu/data/set/gpw-v4-population-density-adjusted-to-2015unwpp-country-totals-rev11
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Figure A10: DEM: Altitude and Slope

(a) Altitude

(b) Slope

This global DEM was produced by NASA’s Shuttle Radar Topographic Mission (version 4.1).

Figure A11: Rivers

This shapefile was published by the International Steering Committee for Global Mapping.
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Table A4: Raw Soil Characteristic Correlations

pH (pH)
Extractable K (kg/ha)
Extractable P (kg/ha)
Total N (%)
Extractable B (ppm)
Organic matter (%)
Clay content (%)
Sand content (%)
Extractable Zn (ppm)

pH
1.00
0.15
0.09
-0.02
0.12
0.05
0.44
-0.37
0.06

K

pH (pH)
Extractable K (kg/ha)
Extractable P (kg/ha)
Total N (%)
Extractable B (ppm)
Organic matter (%)
Clay content (%)
Sand content (%)
Nearest Zn (ppm)

pH
K
1.00
0.22 1.00
-0.10 0.21
-0.10 0.35
0.01 -0.02
-0.12 0.36
0.22 0.22
-0.17 -0.23
-0.01 -0.01

1.00
0.62
0.54
0.16
0.64
0.05
0.05
0.31

P

Gridded Soil Data
N
B
OM

Clay

Sand

1.00
0.54 1.00
0.20 0.11 1.00
0.62 0.79 0.21 1.00
0.09 0.01 0.18 0.11 1.00
0.24 0.40 -0.15 0.15 -0.24 1.00
0.38 0.20 0.05 0.21 0.08 0.09
Nearest Sample Soil Data
P
N
B
OM Clay Sand

1.00
0.44
0.02
0.49
0.14
-0.00
0.01

1.00
0.04
0.90
0.18
-0.08
0.07

1.00
0.05
0.05
0.01
0.03

1.00
0.21
-0.14
0.07

1.00
-0.44
0.15

1.00
-0.04

Soil characteristics extracted at the household level. Household observations are not weighted.
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Zn

1.00
Zn

1.00

Table A5: Location Predictors for Soil Zn Availability and Child Stature

(1)
HAZ

(2)
Gridded
Soil Zn

(3)
Nearest Sample
Soil Zn

Log altitude for highest locations (>500m)

-0.263∗∗∗
(0.0532)

-0.0538
(0.0498)

-0.00103
(0.0645)

Distance to river (log km)

-0.0159
(0.0230)

0.00130
(0.0190)

-0.00119
(0.0338)

Slope (log degrees)

-0.0917∗∗
(0.0377)

-0.0308
(0.0381)

0.127∗
(0.0667)

Historical temperature (avg GGD)

-0.0246
(0.0752)

-0.0539
(0.0668)

-0.186∗
(0.100)

Historical rainfall (avg mm/day)

-0.0653
(0.0680)

0.0844∗
(0.0463)

-0.147
(0.116)

Rural area (binary)

-0.0676
(0.0741)

-0.000838
(0.0587)

-0.0971
(0.121)

Population density (log #/km2 )

0.0306
(0.0422)

-0.0350
(0.0377)

-0.0151
(0.0668)

Distance to large city (log km)

-0.0819
(0.0557)

-0.0362
(0.0442)

0.0166
(0.0647)

Nightlight intensity (log value)

0.135∗∗∗
(0.0451)

-0.00522
(0.0388)

-0.0244
(0.0722)

Reliance on food crops (% crop value)

-0.357
(0.574)

-0.460
(0.374)

-0.789
(0.708)

Cropping intensity (log value/cell)

0.0735
(0.0802)

-0.257∗∗∗
(0.0873)

-0.177
(0.126)

Conflict area (binary)

-0.0480
(0.107)

0.0391
(0.0686)

-0.114
(0.125)

Yes
Yes

Yes
Yes

Yes
Yes

4392
0.204

4392
0.462

4392
0.230

Year, child controls
Soil fertility
Observations
R2

Notes: In Columns 1-2, the outcome child height-for-age z-score (HAZ) is measured in standard
deviations from mean. In Column 3, the outcome extractable soil Zn is measured in parts per million
and extracted from gridded data. In Column 4, the outcome extractable soil Zn is measured in parts
per million and taken from the nearest soil sample. Regressors shown are either exogenous topography
/climate controls or community infrastructure controls. Log altitude, latitude, longitude, development
region fixed effects, and development region interactions with log altitude, latitude, longitude are all
included but not shown. Observations are weighted. Standard errors are clustered at the DHS cluster
level. ∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01.
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Table A6: Base Estimate for Oster’s Bounds Alongside α̂1 and α̂2

(Child Height-For-Age)

Gridded Zn (ppm)
Observations
R2
Nearest Zn (ppm)
Observations
R2
Soil fertility
Year, child controls
Exogenous topography/climate
Community infrastructure
Community wealth
Mother health
Household demographics/wealth

(1)
HAZ

(2)
HAZ

(3)
HAZ

0.264∗∗∗
(0.0796)

0.247∗∗∗
(0.0663)

0.212∗∗∗
(0.0537)

4392
0.0284

4392
0.199

4392
0.279

0.154∗∗∗
(0.0419)

0.111∗∗∗
(0.0398)

0.0753∗∗
(0.0333)

4382
0.0197

4382
0.196

4382
0.274

Yes

Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes
Yes
Yes

Notes: Outcome child height-for-age z-score (HAZ) is measured in standard
deviations from mean. Column 1 provides the base, or no-controls, regression
used for Oster’s bounds. Column 3 estimates Equation 1, Column 4 estimates
Equation 2. In the (top) [bottom] panel, soil Zn availability and other soil
characteristics are (extracted from the gridded data) [taken from the nearest
soil sample]. Observations are weighted. Standard errors are clustered at the
DHS cluster level. ∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01.
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Table A7: Base Estimate for Oster’s Bounds Alongside α̂1 and α̂2

(Child Stunting)

Gridded Zn (ppm)

(1)
Stunted

(2)
Stunted

(3)
Stunted

-0.0845∗∗∗
(0.0259)

-0.0750∗∗∗
(0.0235)

-0.0673∗∗∗
(0.0189)

4392
0.0184
23.83

4392
0.137
21.14

4392
0.204
18.97

-0.0494∗∗∗
(0.0130)

-0.0331∗∗∗
(0.0126)

-0.0203∗
(0.0104)

4382
0.0106
13.93

4382
0.133
9.342

4382
0.201
5.724

Yes

Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes
Yes
Yes

Observations
R2
Treatment effect % of mean
Nearest Zn (ppm)
Observations
R2
Treatment effect % of mean
Soil fertility
Year, child controls
Exogenous topography/climate
Community infrastructure
Community wealth
Mother health
Household demographics/wealth

Notes: Outcome child stunted indicates HAZ ≤ -2, i.e., child is too short for their
age. Column 1 provides the base, or no-controls, regression used for Oster’s bounds.
Column 3 estimates Equation 1, Column 4 estimates Equation 2. In the (top)
[bottom] panel, soil Zn availability and other soil characteristics are (extracted from
the gridded data) [taken from the nearest soil sample]. Observations are weighted.
Standard errors are clustered at the DHS cluster level. ∗ p < .1, ∗∗ p < .05, ∗∗∗
p < .01.
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Table A8: Selection on Unobservables Necessary to Manufac-

ture Estimated Effects
(1)

(2)
(3)
(4)
α̂1
Mediated α̂2
From Equation 1 From Equation 2
Outcome

Soil Data

HAZ
Stunted

K̂

δ̂

K̂

δ̂

Griddded 0.388
Nearest 0.311

2.169
1.706

0.341
0.218

3.257
2.063

Gridded
Nearest

1.662
1.247

0.226
0.114

3.252
1.604

0.220
0.170

Assumptions: α1 = α2 = 1, Rmax = 1.3R̃2 , with R̃2 from Equation 2.
All estimates maintain soil fertility characteristics, Fh , i.e., Column 1 of
Tables A6 and A7 serves as the base estimates for HAZ and stunting,
respectively. Observations are weighted.

Figure A12: Harada’s GSA: Rendering α1 Insignificant (Height-for-Age Z-score)

Results regard significance of α̂1 from Equation 1, with child height-for-age z-score as the outcome. The
blue curve denotes the point beyond which α̂1 is no longer statistically different from zero at a 95%
confidence level. Gray markers denote Equation 1 covariate partial R2 values. Generalized sensitivity
analysis was run using Stata’s user-written command gsa.
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Figure A13: Harada’s GSA: Rendering α2 Insignificant (Height-for-Age Z-score)

Results regard significance of α̂2 from Equation 2, with child height-for-age z-score as the outcome. The
blue curve denotes the point beyond which α̂2 is no longer statistically different from zero at a 95%
confidence level. Gray markers denote Equation 2 covariate partial R2 values. Generalized sensitivity
analysis was run using Stata’s user-written command gsa.
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Figure A14: Imbens: Halfing α1 (Height-for-Age Z-score)

Results regard magnitude of α̂1 from a variant of Equation 1, with child height-for-age z-score as the
outcome and a binary indicator for soil Zn deficiency as the treatment variable. (The Imbens method
cannot be used for a continuous treatment.) The blue curve denotes the point beyond which this variant
of α̂1 is half of its original value, as the method also cannot examine statistical significance. Gray markers
denote Equation 1 covariate partial R2 values. Sensitivity analysis was was run using Stata’s user-written
command isa.
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Figure A15: Imbens: Halfing α2 (Height-for-Age Z-score)

Results regard magnitude of α̂2 from a variant of Equation 2, with child height-for-age z-score as the
outcome and a binary indicator for soil Zn deficiency as the treatment variable. (The Imbens method
cannot be used for a continuous treatment.) The blue curve denotes the point beyond which this variant
of α̂2 is half of its original value, as the method also cannot examine statistical significance. Gray markers
denote Equation 2 covariate partial R2 values. Sensitivity analysis was was run using Stata’s user-written
command isa.
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Table A9: Placebo Test: Examining Other Soil Characteristics

Nearest Sample

Gridded

Gridded 10km Mean

(1)
HAZ

(2)
HAZ

(3)
HAZ

(4)
HAZ

(5)
HAZ

(6)
HAZ

Extractable Zn (ppm)

0.111∗∗∗
(0.0398)

0.0753∗∗
(0.0333)

0.247∗∗∗
(0.0663)

0.212∗∗∗
(0.0537)

0.288∗∗∗
(0.0824)

0.245∗∗∗
(0.0710)

pH (pH)

-0.0271
(0.0305)

-0.0267
(0.0261)

-0.0466
(0.0857)

-0.0460
(0.0684)

0.00702
(0.131)

-0.0103
(0.115)

Extractable K (kg/ha)

-0.000235
(0.000171)

-0.000102 -0.00239∗∗∗
(0.000138) (0.000791)

-0.00222∗∗∗
(0.000604)

-0.00186∗∗ -0.00186∗∗∗
(0.000816) (0.000600)

Extractable P (kg/ha)

-0.000238
(0.00117)

-0.000234
(0.000850)

0.000969
(0.00137)

-0.0000926
(0.00100)

-0.000521
(0.00253)

-0.000294
(0.00192)

Total N (%)

-0.499
(1.023)

-0.284
(0.898)

-0.0829
(1.605)

0.465
(1.268)

-2.232
(2.594)

-1.469
(2.137)

Extractable B (ppm)

0.00443
(0.0175)

0.00886
(0.0136)

0.0144
(0.0250)

0.0213
(0.0202)

-0.0189
(0.0392)

0.0167
(0.0322)

Organic matter (%)

0.0995∗
(0.0569)

0.0567
(0.0479)

0.0714
(0.105)

0.0650
(0.0904)

0.0473
(0.246)

0.0866
(0.186)

Clay content (%)

-0.00316
(0.00193)

-0.00101
(0.00161)

-0.00476
(0.00388)

-0.00249
(0.00307)

-0.00355
(0.00611)

-0.00283
(0.00549)

Sand content (%)

-0.000889
(0.00147)

0.000350
(0.00118)

-0.00405
(0.00381)

-0.00125
(0.00310)

-0.00503
(0.00511)

0.000310
(0.00414)

Yes
Yes

Yes
Yes
Yes
Yes
Yes
Yes

Yes
Yes

Yes
Yes
Yes
Yes
Yes
Yes

Yes
Yes

Yes
Yes
Yes
Yes
Yes
Yes

4382
0.196

4382
0.274

4392
0.199

4392
0.279

4392
0.199

4392
0.278

Year, child controls
Exogenous topography/climate
Community infrustructure
Community wealth
Mother health
Household demographics/wealth
Observations
R2

Outcome child height-for-age z-score (HAZ) is measured in standard deviations from mean. Columns 1, 3, and 5 estimate Equation
1, Columns 2, 4, and 6 estimate Equation 2. In Columns 1-2, all soil characteristics are taken from the nearest soil sample. In
Columns 3-4, all soil characteristics are extracted from the gridded soil data at the point of the (offset) cluster GPS coordinate. In
Columns 5-6, all soil characteristics are extracted from the gridded soil data as an area-weighted average of all cells within 10km of
the (offset) cluster GPS coordinate. Observations are weighted. Standard errors are clustered at the DHS cluster level. ∗ p < .1, ∗∗
p < .05, ∗∗∗ p < .01.
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Table A10: Predictive power of gridded K

(1)
Gridded
Extractable Zn

(2)
Nearest Sample
Extractable Zn

0.00173∗∗∗
(0.000272)

-0.000704∗
(0.000363)

Gridded Extractable K (kg/ha)

0.761∗∗∗
(0.129)

Gridded Extractable Zn (ppm)
Observations
R2

4392
0.138

4392
0.233

In Column 1 the outcome is soil Zn availability taken from the nearest soil sample.
In Column 2 the outcome is gridded soil Zn availability. Observations are weighted.
Standard errors are clustered at the DHS cluster level. ∗ p < .1, ∗∗ p < .05, ∗∗∗
p < .01.
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Table A11: Log Transform for Right-Skewed Soil Characteristics

Nearest Sample: Log

Gridded: Log

(1)
HAZ

(2)
HAZ

(3)
HAZ

(4)
HAZ

Extractable Zn (log ppm)

0.0484∗∗
(0.0212)

0.0389∗∗
(0.0165)

0.169∗∗∗
(0.0493)

0.133∗∗∗
(0.0405)

pH (pH)

-0.0103
(0.0299)

-0.0162
(0.0260)

-0.0508
(0.0920)

-0.0440
(0.0725)

Extractable K (log kg/ha)

-0.0697∗∗
(0.0274)

-0.0441∗∗
(0.0221)

-0.379∗∗
(0.154)

-0.348∗∗∗
(0.113)

Extractable P (log kg/ha)

0.0638∗∗
(0.0279)

0.0434∗
(0.0233)

0.0415
(0.0778)

-0.0109
(0.0645)

Total N (log %)

-0.0210
(0.0999)

-0.0207
(0.0923)

-0.00349
(0.197)

0.0893
(0.151)

Extractable B (log ppm)

0.0459∗∗
(0.0195)

0.0319∗∗
(0.0151)

0.0441
(0.0484)

0.0369
(0.0403)

Organic matter (log %)

0.0741
(0.0965)

0.0354
(0.0851)

0.0877
(0.225)

0.0306
(0.173)

Clay content (%)

-0.00280
(0.00188)

-0.000861
(0.00159)

-0.00523
(0.00396)

-0.00228
(0.00317)

Sand content (%)

-0.000198
(0.00139)

0.000647
(0.00115)

-0.00496
(0.00369)

-0.00191
(0.00295)

Yes
Yes

Yes
Yes
Yes
Yes
Yes
Yes

Yes
Yes

Yes
Yes
Yes
Yes
Yes
Yes

4366
0.203

4366
0.277

4392
0.199

4392
0.277

Year, child controls
Exogenous topography/climate
Community infrustructure
Community wealth
Mother health
Household demographics/wealth
Observations
R2

Outcome child height-for-age z-score (HAZ) is measured in standard deviations from mean.
Columns 1 and 5 estimates Equation 1, Columns 2 and 4 estimates Equation 2. In Columns
1-2, all soil characteristics are taken from the nearest soil sample. In Columns 3-4, all soil characteristics are extracted from the gridded soil data. In all columns, right-skewed characteristics
(Zn, P, N, B, and OM) are in log form. Other soil characteristics remain in their usual units.
Observations are weighted. Standard errors are clustered at the DHS cluster level. ∗ p < .1, ∗∗
p < .05, ∗∗∗ p < .01.

58

Figure A16: Heterogeneity by Soil Sample Distance when using Nearest Sample Soil

Data

Marginal effects are obtained by estimating Equation 1 with Zh given by soil Zn availability taken from
the nearest soil sample, with an additional control for Dh , the distance between cluster h and that nearest
soil sample, and an interaction between Zh and Dh . Marginal effects are graphed over Dh above.
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Table A12: Child Height-for-Age Z-Score by Year

2006 × Gridded Zn (ppm)
2011 × Gridded Zn (ppm)
2016 × Gridded Zn (ppm)
Observations
R2
2006 × Nearest Zn (ppm)
2011 × Nearest Zn (ppm)
2016 × Nearest Zn (ppm)
Observations
R2
Year, child controls
Soil fertility
Exogenous topography/climate
Community infrastructure
Community wealth
Mother health
Household demographics/wealth

(1)
HAZ

(2)
HAZ

(3)
HAZ

0.145
(0.112)
0.412∗∗∗
(0.134)
0.244∗∗
(0.124)

0.181∗∗
(0.0859)
0.349∗∗∗
(0.128)
0.288∗∗∗
(0.104)

4392
0.158

4392
0.200

4392
0.209

0.129∗∗∗
(0.0490)
0.182∗∗
(0.0736)
0.0459
(0.0577)

0.156∗∗
(0.0630)
0.141∗∗
(0.0555)
-0.0106
(0.0599)

4382
0.150
Yes
Yes

(4)
HAZ

(5)
HAZ

(6)
HAZ

0.155∗∗
(0.0647)
0.294∗∗∗
(0.113)
0.292∗∗∗
(0.0895)

0.147∗∗
(0.0644)
0.299∗∗∗
(0.106)
0.266∗∗∗
(0.0831)

4392
0.223

4392
0.256

4392
0.279

0.169∗∗∗
(0.0587)
0.127∗∗
(0.0581)
-0.0102
(0.0584)

0.156∗∗∗
(0.0464)
0.0715
(0.0725)
0.00995
(0.0533)

0.144∗∗∗
(0.0447)
0.0505
(0.0685)
-0.000207
(0.0520)

0.129∗∗∗
(0.0450)
0.0429
(0.0645)
0.00660
(0.0534)

4382
0.197

4382
0.205

4382
0.217

4382
0.250

4382
0.274

Yes
Yes
Yes

Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes
Yes
Yes

0.223∗∗∗ 0.172∗∗
(0.0823) (0.0674)
0.376∗∗∗ 0.306∗∗
(0.117) (0.120)
0.303∗∗∗ 0.288∗∗∗
(0.0981) (0.0892)

Outcome child height-for-age z-score (HAZ) is measured in standard deviations from mean. Column 2 estimates
Equation 1, Column 6 estimates Equation 2. In the (top) [bottom] panel, soil Zn availability and other soil characteristics are (extracted from the gridded data) [taken from the nearest soil sample]. Observations are weighted.
Standard errors are clustered at the DHS cluster level. ∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01.
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Figure A17: Heterogeneity by Own Legume Reliance

Coefficients obtained by estimating Equation 2 with an added interaction between Zh and household
reliance on own legumes, given by the average share of legume consumption in the last year that stemmed
from own farm production, for households in any given district in the 2010/11 NLSS data.
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Appendix B

Agricultural Outcomes of Soil Zn
Deficiency

We observe that half of the Tarai’s agricultural soils are deficient in Zn, and evidence
suggests that Zn deficiency is widespread in the rest of South Asia, too. In
India, recent national sampling found 36% of India’s agricultural soils are Zn deficient
(Shukla and Behra, 2019; Shukla et al., 2018). In Bihar, the state positioned along the
border of Nepal, 45% of soils were found deficient.50 In Bangladesh, the majority of
agricultural soils used to grow paddy rice are Zn deficient (Moslehuddin, Laizoo, and
Egashira, 1999; Shaheen, Samim, and Mahmud, 2007), and Zn deficiency is also
widespread in at least some soils in Pakistan (Rafique et al., 2006; Harris et al., 2008).
A large body of evidence confirms that soil Zn deficiency constraints crop yields in
South Asia. For instance, on Indian soils with acute Zn deficiency, rice, wheat, maize,
barley, and oat yields increase 92, 78, 79, 48, and 88% with additional application of Zn
alongside NPK (Nitrogen, Phosphorus and Potassium) fertilizer (Singh, 2008). Similar
yield benefits have been found across an array of crops and Zn-enriched fertilizer types
in many areas of India (Shukla and Behra, 2019; Shivay et al., 2008; Shivay, Kumar,
and Prasad, 2008; Rego et al., 2007; Palsaniya et al., 2016). Combined application of Zn
and B increased wheat, cauliflower and tomato yields in Nepal by up to 46, 454 and
175%, respectively (Shrestha et al., 2020). Using remote sensing, Campolo et al. (2021)
also find that soil Zn deficiency limits wheat yields in Nepal’s Tarai.
A second body of evidence illustrates that soil Zn deficiency constraints crop Zn
concentration in South Asia (Cakmak, 2009; Shivay et al., 2008; Rego et al., 2007;
Sahrawat et al., 2008). For instance, wheat grain Zn concentration doubles between
low-Zn areas and high-Zn areas of India, from an average of 22 to 53 ppm (Joshi et al.,
2010). Enriching urea with Zn oxide (at 3.5% mass) increased the Zn concentration of
rice [wheat] grain from 26 to 44 ppm [39 to 49 ppm] during field trials in Delhi (Shivay,
Kumar, and Prasad, 2008). Even on Zn-adequate soils within Nepal, application of Zn
increases Zn uptake in wheat, tomato, and cauliflower, relative to that observed under
NPK (or NPK plus B) fertilizer alone (Shrestha et al., 2020). Unpublished CIMMYT
field trials suggest that joint application of Zn and B increases Zn concentration in the
edible portion of crops grown in the western Tarai, and also that Zn-biorfortified maize
kernels are higher in Zn when maize is irrigated and/or grown on higher-Zn soils.
When soils and forage are low in Zn concentration, this can even influence the Zn status
of locally-raised animals (Hill and Shannon, 2019), and presumably therefore the Zn
concentration of animal-sourced foods. This connection has been better fleshed out for
other minerals, however. For instance, selenium concentration in cow milk and meat
rose with mandated selenium-enrichment of fertilizer in Finland (Hartikainen, 2005).
Iodine concentration in animal meat and eggs was elevated after iodine was introduced
to soil via irrigation in a southern province of China, Xinjiang (Ren et al., 2008).
50

Rates of soil Zn deficiency in India rose in the 1960s and 1970s with increased cropping intensity,
then declined with the adoption of Zn-enriched fertilizers (Shukla and Behra, 2019). This may explain
why older sampling efforts found over half (Singh et al., 2005) or half (Singh et al., 2009) of India’s
agricultural soils Zn deficient, just as current sampling finds in Nepal, where Zn-enriched fertilizers are
practically non-existent.
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Appendix C

More on the Sensitivity Tests

Comparing Three Sensitivity Tests
In the second half of this appendix, we adapt the sensitivity test used by Altonji, Elder,
and Taber (2005b) to the ordinary least squares setting. Altonji, Elder, and Taber
(2005b), henceforth AET, begin by bounding parameter bias in a non-linear setting
under the assumption that “selection on unobservables is no worse than selection on
observables.” Acknowledging that this might not be the case, they subsequently
estimate the ratio of selection on unobservables: selection on observables that would be
necessary to explain the entire, estimated treatment effect if the true treatment effect
was zero. We follow this second procedure, but adapted to the ordinary least squares
setting. Let us consider the sensitivity of α̂2 . To summarize the procedure succinctly,
we consider the projection of Zh on [γXiht ] ≡ [κ2 Fh + γ2 Sh + λt + π2 Ciht + ψ2 Iht
+ν2 Wht + η2 Miht + τ2 Dht ] and εihrt , the observables and the unobservables from
Equation 2. This projection is shown in Equation A1. We define K ≡ φε /φγx , and we
estimate the K̂ necessary to drive our entire estimated treatment effect α̂2 under the
null hypothesis that α = 0.
Proj(Zh |γXiht , εiht ) = φ0 + φγx (γXiht ) + φε εiht

(A1)

While Equation A1 is directly from AET, our method of estimating K̂ is not. This is
because they estimate this ratio in a non-linear context. Our adaptation also does not
follow that of Bellows and Miguel (2009), subsequently used by Nunn and Wantchekon
(2011). Their adaptation is flawed in a way that is partly explained by Gonzalez and
Miguel (2015), who point out that the ratio of covariances in Equation A.7 of the
Bellows and Miguel (2009) appendix is meaningful only if one assumes equality of
variance for observables and unobservables. However, even with this assumption,
Equation A.5 from Bellows and Miguel (2009) is incorrect; it does not account for the
fact that controls must be partialled out of the treatment variable, as done by AET, and
as we do. That is, it provides a bivariate regression coefficient instead of a multivariate
one. Correcting this makes the coefficient fraction on the left-hand side of Equation A.7
less meaningful; it serves only as a lower bound for the ratio of interest. So as far as we
know, ours is the only ordinary least squares adaptation of the AET sensitivity test.
We also use the sensitivity test innovated by Oster (2019), which can produce either: (i)
the ratio of selection on unobservables to observables necessary to explain the entire
estimated treatment effect under the null α = 0, which Oster calls δ, or (ii) a biasadjusted treatment effect that relies on an assumed value of δ, which Oster calls β ∗ and
we will call α∗ . While the ratio δ is similar to the ratio K proposed by AET, Oster’s test
is distinct from that of AET in two ways. First, while AET’s K is valid only under the
null hypothesis α = 0, Oster’s test can produce the δ that achieves any specified null.
Second and more important for our purposes, the AET method implicitly assumes that
all elements of the unobserved error (εihrt ) are true drivers of the outcome in Equation
2, theoretically possible to observe but not available in one’s data. If εihrt were observed
the model would be fully specified and so resulting R2 , which Oster calls Rmax , would
be 1. Oster instead allows some elements of εihrt to be fundamentally unobservable —
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random noise or measurement error — while the rest is theoretically observable. If only
the theoretically observable components of εihrt were included in Equation 2, the
resulting Rmax would be less than 1. Oster motivates the need for allowing Rmax < 1 by
referencing measurement error, but also by noting that under the stringent assumption
Rmax = 1, we would dismiss the findings of even most RCTs as spurious.51
Last, we use the generalized sensitivity analysis (GSA) designed by Harada (2013),
which follows closely upon the sensitivity analysis developed by Imbens (2003), itself
based on earlier work by Rosenbaum and Rubin (1983) and Rosenbaum (1995). All four
papers illustrate that bias in an estimated treatment effect due to the omission of the
unobserved relevant variable U is controlled by two coefficients, providing (i) the
relationship between U and treatment, and (ii) the relationship between U and the
outcome. Imbens (2003) transforms these two coefficients into “partial R2 values,” and
compares the partial R2 values of a U that could manufacture the treatment effect to the
partial R2 values of observed covariates. This comparison allows us to speculate as to
the likelihood of such an existing U . While the Imbens (2003) test assumes a continuous
outcome and binary treatment, Harada (2013) allows the treatment, the outcome, and
the omitted variable to each be either continuous or binary. He also estimates partial
R2 values computationally rather than analytically. We implement both tests, using a
binary threshold for soil Zn deficiency when following Imbens (2003).52
Functionally, both the Imbens (2003) and Harada (2013) tests can be used to visually
display the partial R2 curve that defines the set of unobserved variables U that would
render the treatment effect statistically insignificant (Harada) or a certain value such as
zero (Imbens). That is, in order to manufacture the treatment effect, any unobserved
variable U would have to lie above the demonstrated partial R2 curves. Then observed
covariates are mapped onto this figure, for comparison. If all observed covariates are
quite far below the partial R2 curve, then it seems unlikely that unobserved covariates
would lie above it – that is, less likely that the treatment effect is being manufactured
by omitted, relevant variables. If, however, some observed covariates lie near to or
above the line, it seems feasible that unobserved covariates might also lie above that
line, making it possible that the treatment effect is being manufactured.
How does this style of test compare to those of AET and Oster? The comparison of the
partial R2 values for treatment-manufacturing U s to the partial R2 values of existing
covariates is analogous to AET and Oster’s comparison of the treatment-manufacturing
selection on unobservables to selection on observables. However, Imbens and Harada
consider a single unobserved but relevant variable U , alone. If entered into the
regression of interest, it would be multiplied by a parameter, say βU . AET and Oster
define “unobservables” as the linear combination of all theoretically observable
unobservables. That is, their conceptual “unobservables” are ε ≡ βU ∗ U rather than
being U itself. This allows them to dispense with the relationship between unobservables
and the outcome — if ε was entered into the regression of interest it would be
multiplied by 1 – thus reducing the dimensionality of the omitted variable bias formula.
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Based on 76 results from 27 “top 5” articles, Oster notes that 90 percent of results from RCTs would
stand (the bias-adjusted parameter would be statistically different from zero) if we assume δ = 1 and
we choose a maximum R2 equal to 1.3 times the R2 observed when all observables are included in the
regression. Far less (about half) of results from non-RCT analysis would stand under this same choice.
52
The user-written Stata commands that execute these tests are gsa and isa.
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A Linear Adaptation of the AET Sensitivity Test
Equation 2 can be condensed by defining the linear combination γXihrt ≡ [κ3 Fhr +
γ3 Shr + ν3 Thr + ψ3 Ehrt + τ3 Whrt + θ3 Dihrt ]. For simplicity, we drop all subscripts in this
appendix. Thus, Equation A2 restates Equation 2 but with β and α replacing β3 and
α1 , and with H, Z, X and ε replacing Hihrt , Zhr Xihrt and εihrt .
H = β + αZ + γX + ε

(A2)

The error ε is defined such that γX ⊥ ε and therefore, assuming X is full rank, X ⊥ ε.
That is, following Altonji, Elder, and Taber (2005b) (henceforth AET), γ and ε are
defined such that Cov(X, ε) = 0, and γ captures both the “direct”/causal effect of X on
H as well as the relationship between X and the error term in a causal model.53
It may be true that Z 6⊥ ε. It may also be true that Z 6⊥ X.
Let us define Z ∗ as the residual from a projection of Z on X. Naturally, Z ∗ ⊥ X.
Z ∗ ≡ Z − Proj(Z|X)

(A3)

Using the Frisch-Waugh-Lovell theorem, the OLS regression coefficient α̂ estimated via
Equation A2 is also given by Equation A4. The first line provides the coefficient
estimated by a regression of H on Z ∗ . The second simply adds zero; Proj(Z|X) ⊥ ε
since X ⊥ ε. The third line follows from the fact that Z = Z ∗ + Proj(Z|X).
α̂ = α +

Cov(Z ∗ , ε)
V ar(Z ∗ )

α̂ = α +

Cov(Z ∗ , ε) Cov(Proj(Z|X), ε)
+
V ar(Z ∗ )
V ar(Z ∗ )

=α+

Cov(Z, ε)
V ar(Z ∗ )

(A4)

The second term in Equation A4 provides in the bias in α̂ when estimated via Equation
A2. We would like to gauge the magnitude of this bias, which means we would like to
gauge the magnitude of Cov(Z, ε).
Following AET, Equation A5 projects the potentially endogenous treatment variable Z
on both the linear combination γX and the error term ε, each from Equation A2.
Proj(Z|γX, ε) = φ0 + φγx (γX) + φε ε

(A5)

Note that φγx and φε could each be obtained via a bivariate regression — of Z on (γX)
and ε, respectively, if γ and ε were observed. This is because γX ⊥ ε.
AET initially assume that φε and φγx are equal, i.e., that:
φε ≡
53

Cov(ε, Z)
Cov(γX, Z)
=
≡ φγx
V ar(ε)
V ar(γX)

(A6)

In other words, ε serves as a residual when it comes to the relationship between X and H, rather than
an error term in a causal model. The discussion in AET comes below their Equation 7.

65

While strong, AET point out that this assumption is weaker than the assumption
φε = 0. However, with no assumption at all we can follow their second protocol by
defining a constant K ≡ φε /φγx to write:
φε =

Cov(ε, Z)
Cov(γX, Z)
=K
= Kφγx
V ar(ε)
V ar(γX)

(A7)

Using Equation A7 to define Cov(ε, Z) we can re-write Equation A4:
α̂ = α + K

V ar(ε)Cov(γX, Z)
V ar(γX)V ar(Z ∗ )

= α + Kφγx

V ar(ε)
V ar(Z ∗ )

(A8)

The bias term in Equation A8 is not estimable except under the null hypothesis that
α = 0. However, under this null – which implies that the entire treatment effect is
driven by bias only – we can estimate the three quantities in Equation A8.
φγx : Under a non-zero α, γ̂ cannot be identified by Equation A2. However, when the
hypothesis α = 0 is enforced and Z is excluded from the right-hand-side of Equation
A2, γ̂ can be estimated, since X ⊥ ε. With γ̂ in hand we may then estimate φ̂γx
through a regression of Z on γ̂X alone. That is, we can estimate φ̂γx through Equation
A5 even when ε is not included in the equation, because γX ⊥ ε.
V ar(ε): Under a non-zero α, the residual from an OLS regression of Equation A2, r,
cannot be used to consistently estimate V ar(ε). This is acknowledged by AET and
noted by Oster (2019). In this case ε = r + (α̂ − α)Z, and so V ar(ε) = V ar(r)+
(α̂ − α)2 V ar(Z). Problematically, knowledge of the quantity (α̂ − α) is thus necessary
to estimate the quantity (α̂ − α). However, when the hypothesis α = 0 is enforced and
Z is excluded from the right-hand-side of Equation A2, ε is consistently estimated by
the residual from this regression. We will call this residual ε̂.
V ar(Z ∗ ): An estimate of Z ∗ – call it call it Ẑ ∗ – may be obtained through Equation A3.
Furthermore, under the same null hypothesis that we used to identify φ̂γx and ε̂,
Equation A8 must be re-written as:
α̂ = Kφγx

V ar(ε)
V ar(Z ∗ )

(A9)

Plugging in the three estimated quantities from above and re-arranging, we can thus
estimate the relative selection on unobservables vs. observables, K ≡ φε /φγx , that
would be necessary to explain the entire, estimated treatment effect. The estimated
parameter K̂ is given by the following:
K̂ =

α̂V ar(Ẑ ∗ )

(A10)

φ̂γx V ar(ε̂)

Last, note that the theoretical ratio K is positive if selection on unobservables moves
the estimated treatment effect in the same direction as selection on observables, that is,
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if φε and φγx are the same sign. If not, K is negative. Of course, estimated K̂ must
have the same property, and it does. Functionally, K̂ is negative when α̂ and φ̂γx are off
opposite signs, that is, when selection on observables mitigates rather than over-states
the estimated treatment effect.54 In such a scenario, the only possible way for true α to
be zero is for selection on unobservables to do the reverse, over-stating the treatment
effect rather than mitigating it. Thus, the signs of φε and φγx must be opposite, i.e.,
K < 0.
Generally however, controlling for observables erodes the magnitude of an estimated
treatment effect, and we think controlling for unobservables would do the same. If that
is the case, theoretical K is positive, and so is K̂.
How do we interpret a positive K̂? If 0 < K̂ < 1 (e.g., K = 0.5) selection on
unobservables could be even weaker than (half of) selection on observables, and still
explain away the treatment effect. Whereas if K̂ > 1 (e.g., K = 2) selection on
unobservables must be stronger than (twice that of) selection on observables, in order
to explain away the treatment effect.

54

To be explicit: If α̂ and φ̂γx are both positive, then failing to control for X in Equation A1 will lead to
an over-estimate of a positive treatment effect. If both are negative, failing to control for X will lead
to an under-estimation of a negative treatment effect. In both cases, the magnitude of α̂ is larger than
that of α. Only if the two are opposite signs will failing to control for X lead to an under-estimated
positive effect or an over-estimated negative effect, i.e., a mitigated treatment effect.
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Appendix D

Bias Due to Measurement Error
in Soils Data

Define the true generating process as:
Y = βX ∗ + ω

(A11)

The variable X is measured with error υ.
X = X∗ + υ

(A12)

Measurement error υ may be correlated with X ∗ , though it also has a random
(classical) component .
υ = α0 + αX ∗ + 

(A13)

When Y is estimated as a function of the gridded data product X, the coefficient
estimated is given by:
β̂ =

=

Cov(Y, X)
V ar(X)

(A14)

Cov(βX ∗ + ω, X ∗ + α0 + αX ∗ + )
V ar(X ∗ + α0 + αX ∗ + )

(A15)

Because ω is orthogonal to X ∗ and because  is orthogonal to both X ∗ and ω:
=

Cov(βX ∗ , X ∗ + αX ∗ )
V ar(X ∗ + αX ∗ + )

(A16)

=

βV ar(X ∗ )(1 + α)
(1 + α)2 V ar(X ∗ ) + V ar()

(A17)

Equations A16 and A17 are equivalent to the generalization of the reliability
formula first specified by Bound and Krueger (1991). If α = 0 then Equation A17
produces the well-known attenuation bias under classical measurement error. If
β = 0 then no bias exists; bias is multiplicative only.
More generally (when α 6= 0) we can also write Equation A17 as in Equation
A18.
β̂ = β

(1 + α)
(1 + α)2 +

(A18)

V ar()
V ar(X ∗ )

A negative α value describes regression to the mean – that is, truly large values
are being under-estimated, and/or truly small values are being over-estimated.
This is common in gridded data for two reasons: (1) a gridded value is a mean
for the relevant cell, and means necessarily under-estimate high values and
over-estimate low values, (2) predictions from mean-based or regression-based
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models, such as the random forest model used to create our data, necessarily
under-estimate high values and over-estimate low values.
Unfortunately, if −1 < α < 0 and V ar() > 0, measurement error can lead to β̂
either under-estimating or over-estimating the magnitude of β. When
V ar()/V ar(X ∗ ) is very small, the regression to the mean pattern dominates,
and for most of the range α ∈ [−1, 0], measurement error will lead to an
over-estimation of the treatment effect. (For α very close to −1, attenuation bias
will instead exist.) When V ar()/V ar(X ∗ ) is large and α small, measurement
error will behave similarly to classical measurement error, and β̂ will be biased
towards zero.
We proxy for soil characteristics at the DHS cluster in two ways – via gridded
data and via the closest soil samples – and we would like to gauge the direction
of bias for estimates derived from each method. Fortunately, we have the dataset
of measured characteristics for all soils samples collected by the Government of
Nepal between 2012 and 2017. For each soil sample we know the true soil Zn
availability measured. We can also extract the gridded soil Zn availability at each
sample point, and we can also observe the Zn availability in the nearest sample.
This allows us to examine measurement error in gridded soil Zn availability and
nearest-sample soil Zn availability, vis-á-vis the true Zn availability value.
We do this comparison below in Figures A18 and A19. Each point in these
figures represents a soil sample. Rather than use the entire dataset of soil
samples, we mimic the geographic distribution of the DHS data by keeping the
closest soil sample to each DHS cluster, in each round. This means that some soil
samples are included in the dataset multiple times.
Figures A18 shows that gridded soil Zn availability suffers from regression to the
mean (−1 < α < 0), and V ar() is relatively small because true soil Zn
availability does well predicting measurement error υ, the difference between true
soil Zn availability and gridded soil Zn availability. (The R2 in this regression is
0.67.) This creates a multiplicative bias that exaggerates the treatment effect
size by 27 percent (β̂ = 1.272β).
Figures A19 shows that nearest-sample soil Zn availability suffers from primarily
classical measurement error. A weak pattern of regression to the mean exists,
but most of difference between nearest-sample and true soil Zn availability (i.e.,
most of υ) is not explained by true soil Zn availability. (The R2 in this regression
is 0.09.) This makes α small and V ar() large. So, the resulting multiplicative
bias mitigates the estimated treatment effect / biases it towards zero. We
estimate that β̂ = 0.845β.
These estimates cannot be used to directly adjust our original treatment effects,
and should be taken as suggestive only. To begin with, the geographic
distribution of these sample points is similar to, but not precisely the same as,
the geographic distribution of DHS houses. Additionally, DHS results are at the
child level, and these estimations are at the sample level, similar to being at the
DHS cluster level. Last, all DHS results are weighted using the DHS sample
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strata and household weights, and these estimations are not weighted.
So while the precise biases are unknown, this exercise suggest that: (1)
Treatment effects are over-stated by gridded soil Zn data, because of it’s strong
pattern of regression to the mean measurement error. (2) Treatment effects are
under-stated by nearest-sample soil Zn data, because it suffers from measurement
error that is largely classical. These two broad points make intuitive sense, and
are robust to tweaks in specification. (For instance, if we mimic the geographic
distribution of the DHS data by keeping the closest soil sample to each DHS
cluster, but without replacement, these two points hold but both the
under-estimation and the over-estimation appear larger.) We can therefore use
these two styles of estimates to bound the likely, true treatment effect.
Figure A18: Measurement Error in Gridded Data

Each point represents a soil sample gathered by the government.
Only 1 soil sample closest to each DHS cluster is included; repeat matches are allowed.
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Figure A19: Measurement Error in Nearest Measured Sample

Each point represents a soil sample gathered by the government.
Only 1 soil sample closest to each DHS cluster is included; repeat matches are allowed.
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