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Evidence from India’s Labor Market*

Using nationally representative data from India, this study estimates the effect of calorie 

intake on wages. To account for endogeneity and heterogeneity, we apply Instrumental 

Variable and Instrumental Variable Quantile Regression methods. Results suggest that 

higher calorie consumption positively affects workers’ wages. A 10% increase in per capita 

calorie intake per day leads to a 2.5% increase in daily wages. The wage effect varies by 

occupation type and across the wage distribution; the marginal effect of calorie intake on 

wage is higher at lower quantiles of the wage distribution and for non-elementary workers. 

Our findings highlight the need for nutritional supplementation, particularly for workers at 

low and median wage levels, to maximize the wage gains from nutritional public policies.
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1 Introduction

Approximately 700 million people live on less than $2.15 per day in low-income countries,

while an estimated 3.5 billion people in upper-middle-income countries subsist on less than

$6.85 per day (World Bank, 2024). Despite notable progress in reducing global poverty over

the past two decades, e!orts tomeet the poverty-related Sustainable Development Goals have

slowed considerably. A substantial share of the world’s population remains trapped in ex-

treme poverty, with progress uneven across regions and income groups. In this context, it

has become critically important for policymakers in resource-constrained countries to iden-

tify and address the structural drivers of poverty and to better understand the mechanisms

that perpetuate poverty traps.

Among the many factors a!ecting poverty, the rate and quality of human capital forma-

tion are widely recognized as key determinants of economic development and poverty dy-

namics. Human capital encompasses education, health, on-the-job training, and migration

— all of which enhance individual productivity in the labor market (Kiker, 1966; Jorgenson

and Fraumeni, 1989; Schultz, 1994; Laroche et al., 1999). Health, in particular, serves both

as a dimension of human capital in its own right and as an input into the formation of other

forms of human capital, such as education (Bleakley, 2010). Poor health negatively a!ects la-

bor productivity, reduces incentives to invest in other forms of human capital, and ultimately

results in lower income and poverty. Inadequate nutrition and widespread malnutrition fur-

ther constrain employability and earning potential. Improved nutritional status enhances an

individual’s ability to work longer hours, increases work intensity, and reduces absenteeism

due to illness (Bloom and Canning, 2000).

The relationship between nutrition and labor market outcomes was first formalized by

(Leibenstein, 1957) through the “E"ciency Wage Hypothesis” (EWH). Subsequent work by

Mirrlees (1975) and Stiglitz (1976) expanded on this framework, arguing that higher calorie

intake enables workers to performmore physically demanding tasks, thereby increasing their

productivity and wages. At the core of the EWH is the idea that low-income households are

trapped in poverty due to inadequate nutritional intake, which limits their capacity to be

productive in the labor market.
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This paper revisits the empirical relevance of this hypothesis in the context of India, a

country that continues to grapplewithwidespreadpoverty, lowemployment rates, lowwages,

and high levels ofmalnutrition among both children and adults. Using data from a nationally

representative employment survey, we examine the causal relationship between nutritional

intake, proxied by calorie consumption, andwages earned byworkers in India. We further ex-

plore heterogeneity in this relationship by comparing elementary and non-elementary occu-

pations.1 We examined heterogeneity in this relationship by comparing elementary and non-

elementary occupations and by estimating calorie-wage elasticities across di!erent points of

the wage distribution for both types of workers (elementary and non-elementary workers).

We use data from the 68th round of the National Sample Survey (NSS), conducted in

2011-12, to estimate the e!ect of calorie consumption on wages. A key challenge in estimat-

ing the causal impact of calorie intake on wages is the potential endogeneity concerns, par-

ticularly those stemming from reverse causality, simultaneity, and measurement error. For

example, higher wages could enable workers to a!ord more nutritious, higher-calorie diets,

creating a feedback loop that complicates causal inference. Additionally, unobserved district-

or state-level characteristics, such as industrial development or political conditions, could si-

multaneously influence both wages and nutritional intake. For instance, southern states in

India tend to have higher average wages and better population health than northern states.

If these sources of endogeneity are not addressed, ordinary least squares (OLS) estimates

would be biased and would contaminate the true causal impact of calorie intake on wages.

To address these issues, we apply the Instrumental Variable (IV) method and estimate the

two-stage least squares (2SLS) model, which allows us to estimate the causal e!ect of calorie

consumption on wages while correcting for endogeneity in calorie intake. Following Strauss

(1986) and Weinberger (2004), we use the price of calories, the household’s monthly per

capita expenditure (MPCE), and the household head’s education level as instruments for

calorie intake.

In addition to addressing endogeneity, it is important to consider heterogeneous e!ects

of nutrition on labor market outcomes because the productivity returns to calorie intake may
1According to the International standard classification of occupation (ISCO-2008), elementary occupation consists of

tasks that are of a simple and routine nature, mainly entail the use of hand-held tools, some physical e!ort, little or no
previous experience and understanding of the work and limited initiative or judgment (ILO, 2008).

2



vary across di!erent segments of the workforce. Workers at lower levels of nutrition or lower

points in the wage distribution may experience larger marginal gains from improved calorie

intake, while e!ects may taper o! at higher levels of income or nutritional adequacy (Strauss

andThomas, 1998; Behrman et al., 1997a; Dasgupta, 1997). To fully capture this heterogeneity,

we estimate quantile regression (QR) and instrumental variable quantile regression (IVQR)

models, as proposed by Chernozhukov and Hansen (2008). These approaches allow us to

explore how the e!ect of calorie intake on wages varies across the calorie distribution, pro-

viding richer insights into the heterogeneous impacts of nutrition on labor market outcomes.

Our findings show that calorie intake has a statistically significant positive impact on

wages. For the full sample of currently employed workers, we estimate calorie-wage elas-

ticity of 0.25, implying that a 10% increase in calorie intake leads to a 2.5% increase in wages

at themean of thewage distribution. When disaggregated by occupation types, the estimated

elasticity is 0.10 for elementary workers and 0.33 for non-elementary workers. Moreover, we

find substantial heterogeneity in the calorie–wage relationship across the wage distribution.

For the full sample, the calorie-wage elasticity is 0.25 at the 25th quantile and 0.20 at the 90th

quantile, suggesting that lower-wage workers derive relatively larger benefits from improved

nutrition. This pattern is consistent across occupation types, with non-elementary workers

exhibiting larger wage gains from increased calorie intake at all quantiles compared to ele-

mentary workers.

This paper contributes to the existing literature on the nutrition–productivity nexus in

several important ways. First, while most prior studies have focused on estimating average

e!ects of nutrition on wages, we provide the first comprehensive evidence on how this re-

lationship varies across the entire wage distribution in India. By documenting these distri-

butional e!ects, we shed light on whether improved nutrition disproportionately benefits

lower-wage or higher-wage workers — a question with important implications for poverty

reduction and inclusive growth. Second, we apply the IVQR method, which simultaneously

addresses concerns of endogeneity and allows for heterogeneity in the calorie–wage elastic-

ity. In contrast, much of the earlier literature — including Deolalikar (1988) and Jha et al.

(2009)— has relied on OLS or 2SLS, or used household religion as an instrument. Our study
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improves on this by employing more robust instruments: food prices, household head ed-

ucation, and per capita monthly consumption expenditure. Third, we expand the scope of

analysis beyond agricultural workers — the focus of many earlier studies — to include both

elementary and non-elementary workers across a wide range of sectors, including services,

construction, manufacturing, and transport. This broader occupational scope allows us to

provide evidence that is more representative of India’s evolving labor market. Finally, while

some prior studies have either not measured health and nutrition in terms of calorie intake

(Deolalikar, 1988), or have provided mixed or dated evidence (Jha et al., 2009), our study

o!ers new, up-to-date estimates of the causal impact of calorie intake on wages using recent

nationally representative data from India. Together, these contributions provide new empir-

ical insights on the role of nutrition in shaping labor market outcomes in one of the world’s

largest and most diverse developing economies.

The remainder of this paper proceeds as follows. Section 2 reviews the existing literature

on the calorie-productivity/wage relationship. Section 3 describes the data, while Section

4 explains the econometric framework. Section 5 presents the results, and Section 6 o!ers

conclusions and policy recommendations.

2 Literature Review

The relationship between nutrition and economic outcomes, particularly labor productivity

and wages, has been widely studied in both development and health economics literature.

Nutrition is often conceptualized as a key component of human capital, enhancing an indi-

vidual’s productivity by improving physical health, cognitive abilities, and stamina (Schultz,

1961). Early theoretical models by Becker (1965) and Strauss (1986) emphasized that nutri-

tional investments yield returns in the form of higher productivity and wages. The Becke-

rian framework suggests that better nutritional status increases work capacity, reduces ab-

senteeism, and enhances e"ciency in work performance. The interdependence between nu-

trition and income further highlights the bidirectional nature of this relationship: improved

nutrition leads to higher wages, while higher income facilitates better dietary intake (Strauss

and Thomas, 1998).

4



Several influential studies have documented the positive e!ect of improved nutrition on

labor productivity. For example, the seminal work by Fogel (1994) highlighted the historical

role of nutrition in driving economic growth, showing that better nutritional intake was a key

factor in the productivity gains observed during the Industrial Revolution. Similarly, Thomas

and Strauss (1997) found a strong association between caloric intake and agricultural pro-

ductivity in developing countries. In addition to calories, specific micronutrients have also

been found to influence productivity. Basta et al. (1979) showed that iron supplementation

significantly reduces fatigue and increases productivity among iron-deficient workers in In-

donesia. The positive e!ect of iron supplementation on productivity has also been reported

by Pollitt (1997). Similarly, a study byHorton and Ross (2003) quantified the economic losses

attributable to micronutrient deficiencies, underscoring the importance of nutritional inter-

ventions in enhancing productivity. Several non-experimental studies have also found that

better nutritional or health status,measured in terms of calorie intake, height, or BMI, has pos-

itive e!ects on labor productivity per time unit worked and labor supply per adult (Strauss,

1986; Thomas and Strauss, 1997; Strauss and Thomas, 1998; Thomas and Frankenberg, 2002).

A substantial body of empirical research has examined the relationship between nutri-

tional intake and labor productivity, yielding a range of findings across di!erent contexts and

populations. Early work by Strauss (1986) in Sierra Leone demonstrated that calorie intake

significantly a!ected farm productivity, with an estimated calorie–output elasticity of 0.33.

Subsequent study by Sahn and Alderman (1988) found a positive calorie–wage elasticity of

0.2 for male workers in Sri Lanka, though no e!ect for women. In Brazil, Thomas and Strauss

(1997) showed that multiple nutritional indicators — including calorie and protein intake —

had positive impacts on wages, and that the relationship between calorie intake and wages

was non-linear, with larger gains for severelymalnourished individuals. Positive associations

between calorie intake and wages were also reported in Rwanda by Bhargava (1997). How-

ever, results from India have been more mixed. Using data on agricultural workers in South

India, Deolalikar (1988) found a strong positive e!ect of weight-for-height on wages and

farm output, but no significant e!ect of calorie intake. Similarly, Haddad and Bouis (1991)

reported insignificant e!ects of calorie intake on wages in the Philippines, but positive ef-

fects of height on agricultural wages, indicating that long-term nutritional status, rather than
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short-term calorie intake, is more impactful on agricultural productivity.

More recent work by Jha et al. (2009) highlighted the heterogeneity of nutrition–wage ef-

fects in India, with impacts varying by gender, occupation, and task type — significant only

for certain activities performed by female workers. Other studies have further highlighted

that the strength of the calorie–wage relationship may depend on labor demand conditions,

with higher wage–calorie elasticities observed during peak agricultural seasons (Behrman

et al., 1997a; Swamy, 1997). These findings suggest that the relationship between calorie in-

take and labor productivity is shaped by a range of contextual and behavioral factors, which

may vary across income levels, occupations, and stages of economic development. Berha

et al. (2021) found a positive farm labor productivity e!ect of current nutritional status in

Ethiopia; however, the e!ects varied considerably depending on the initial level of diet qual-

ity and diversity, with a stronger and positive e!ect for low-consumption households. In

contrast, Custodio et al. (2025) showed that daily micronutrient (haem iron, zinc, folate, cal-

cium, vitamins B2 andA) intakes, rather than calorie intakes, have positive impacts on labour

productivity, highlighting the importance of micronutrient intakes over calorie intakes.

Several mechanisms help explain this variation. First, in low-income settings, manywork-

ers are engaged in physically demanding manual labor in primary sectors, where greater en-

durance and stamina — both of which can be improved through higher calorie intake —

are critical for productivity (Becker, 1965; Alleyne and Cohen, 2002). Second, as income

increases, changes in work–leisure preferences and dietary choices may influence the calo-

rie–wage relationship in complex ways. For example, higher income could lead to greater

consumption of processed or convenience foods, or time constraints from longer working

hours could alter food preparation and intake patterns (Fogel, 1994; Strauss and Thomas,

1998). Thus, the net e!ect of income on calorie intake is theoretically ambiguous and context-

dependent. Third, the returns to calorie intake are likely to be highest among malnourished

workers, whereas protein intake and other quality dimensions of nutritionmay becomemore

important as nutritional adequacy improves.

Furthermore, while much of the literature on nutrition and wages emphasizes health and

human capital mechanisms, structural and institutional factors also shape individual out-
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comes in the labor market. For example, Gupta et al. (2018) show that identity-based dispar-

ities continue to influence economic alienation in post-reform India, even after controlling

for household characteristics and education. Their findings underscore that identity-based

disparities persist alongside economic and nutritional constraints, reinforcing the idea that

productivity and wage outcomes are jointly determined by both individual capacity (e.g.,

nutrition) and broader social structures. Kumar et al. (2009) develop a cereal consump-

tion–deprivation index using NSS data, showing rural deprivation declined pre-reform but

stagnated in the reform era, especially in urban areas. Their findings highlight persistent nu-

tritional shortfalls that frame our analysis of calorie–wage e!ects. Rattsø and Stokke (2024)

demonstrate how public sector wage compression drives wage inequality across gender and

regions. Together, these studies underscore that nutrition-driven productivity gains interact

with broader social and institutional determinants of wages.

At low levels of income and nutrition, an increase in calorie intake tends to raise labor

productivity andwages, though at a diminishing rate Deolalikar (1988), Strauss and Thomas

(1998), and Dasgupta (1997). Improved nutritional status enhances work e"ciency, reduces

absenteeism due to illness, and boosts overall productivity (Bloom and Canning, 2000). In

developing countries, where malnutrition and infectious diseases remain widespread, the

marginal productivity of health improvements is typically greater than in more advanced

economies (Strauss and Thomas, 1998). Taken together, the findings from the literature sug-

gest that while improved nutrition can enhance productivity and earnings, the magnitude

and significance of these e!ects are likely to vary across contexts, occupations, and points in

thewage distribution—a gap this study seeks to address across diverse sectors in the broader

Indian labor market. Our study intends to fill this gap by providing up-to-date evidence on

the causal e!ect of calorie intake on wages, disaggregated by occupational type (elementary

and non-elementary workers), using recent nationally representative data from India.
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3 Data and Variables

3.1 Measurement of Health

In terms of nutrition, health can be envisioned as the physical capacity towork, i.e., maximum

work per unit of time someone is capable of doing (Dasgupta, 1997). However, individ-

ual health is a multidimensional concept and hence highly susceptible to measurement error

(Jamison, 1985). Several studies have used disability-adjusted life years, activities of daily

living, instrumental activities of daily living, self-reported health status, and morbidity as

measures of individual health status (Strauss and Thomas, 1998; Bhargava, 2001;Weinberger,

2004). However, these measures are likely to su!er from reporting bias, which could lead to

either an overestimation or underestimation of the association between health status and la-

bor market outcomes (Murray and Chen, 1992; Sen, 2002). Existing studies in development

economics have associated the long-term e!ect of calorie intake among the nutritionally defi-

cient population with increases in height during infancy and income among adults (Strauss,

1986; Fuentes et al., 2001). As discussed before, considering calorie, protein, iron, and other

micronutrient intake as health input, several studies have established positive e!ects of im-

proved health on labor productivity and wages (Deolalikar, 1988; Fogel, 1994; Strauss and

Thomas, 1998; Bhargava, 2001; Weinberger, 2004). Following these important studies, we

measure the health and nutritional status of the individual in terms of daily calorie intake.

3.2 Data description

Our study is based on two nationally representative, employment/unemployment and con-

sumer expenditure surveys, conducted by the National Sample Survey O"ce (NSSO) of In-

dia. Both surveys were conducted from July 2011 to June 2012 (68th round). Using a multi-

stage stratified sampling design, 456,999 (280,763 rural and 176,236 urban) individuals were

enumerated from the 28 states and 7 union territories of India. To capture the seasonal vari-

ation in rural employment, food grains availability, and price fluctuation, the total sampled

villages/urban blockswere equally divided into four groups, and thesewere surveyed in four

di!erent agricultural seasons. The details of the sampling design, concepts, and definitions
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followed in the survey can be referred to from the respective survey report (NSSO, 2014).

The employment survey records the socio-economic, demographic, consumption expen-

diture, and economic activity data for each sampled household’s members. All employed

members of the household are listed by their industry2 and occupation3 of employment. For

the currently working member, total wages received in the last seven days preceding the sur-

vey are also available in the survey. In addition to employment and wage information, the

employment survey also collected information on total monthly and/or yearly consumer ex-

penditure on twelve food groups, consumer durables, medical, education, and other services,

but did not collect information on the quantity of food items consumed. Therefore, we can-

not calculate the price of food items or the price and quantity of calories consumed in the

employment survey.

Therefore, we supplement the employment survey with the 68th round of the NSSO con-

sumer expenditure survey, which was conducted at the same time and has a similar sam-

ple design (NSSO, 2014). The consumer expenditure survey collected consumption data for

more than 300 food items, which fall into the 12 food groups, identical to the food groups in

the employment survey. For each sampled household in the consumer expenditure survey,

consumption expenditure and the quantity consumed in the last 30 days were collected for

each food item in the 12 food groups – cereals; pulses and pulse products; milk; milk prod-

ucts; edible oil; vegetables; fruits & nuts; egg, fish & meat; sugar; salt & spices; beverages &

packaged foods; pan, tobacco & intoxicants were collected. Wemap the 12 food groups in the

employment-unemployment survey with the corresponding 12 food groups in the consump-

tion expenditure survey and use the following formula to calculate calorie consumption in

the employment survey.

12∑

i=1
Calorieemp survey =

12∑
i=1

Total Expenditureemp survey

12∑
i=1

Expenditure per unit calorieconsumption expenditure survey

(1)

2Employment status in an industry of a person has been classified as per the National Industrial Classification NIC-2008
in 2011-12.

3Occupation of the employment has been classified as per the National Classification of Occupations, NCO-2004 in 2011-
12.
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We estimate the price of a calorie and total calorie consumption by the respondents in the

employment survey in the following ways. First, following the Indian Planning Commission

method, we convert the quantity consumed of the 12 food items into calorie intake in the

consumer expenditure survey (Planning Commission, 2009). Second, since the consumer

expenditure survey collected information on total expenditure on these 12 food items, we di-

vide total consumption expenditure by the total amount of calories consumed to estimate the

price of a calorie per unit. Third, assuming that irrespective of the economic status, total calo-

ries gained by the households from the expenditure on each food item vary only by NSS re-

gions, rural-urban, and agriculture seasons, using contemporaneous consumer expenditure

surveys.4 We calculate the mean calorie price5 of each 12 food items in each NSS region by

rural-urban and agriculture seasons.6 Finally, the calculated calorie price from the consumer

expenditure survey is merged with the employment-unemployment survey to estimate the

total amount of calories consumed by households in the employment-unemployment survey.

Total household calorie intake is the sum of calorie intake from each food item, which is equal

to themultiplication of the per-rupee value of calories for each food itemby the corresponding

food expenditure. Since individual calorie intake is seldom collected in household surveys,

the household-level calorie variables estimated from food expenditure were converted into

per-capita calorie consumption. Singh and Kumar (2004) show that for a given amount of

labor per capita calorie requirement varies by age and sex. Hence, taking into account the

age and sex structure of the household members, we estimate per adult equivalent calorie

intake, which is the main independent variable in our regression model.

Since demand for calories and returns to calorie consumption depend on the nature of

labor activities performed, we extend our analysis by the occupational types of the indi-

viduals. Based on the International Standard Classification of Occupation (ISCO-2008), we

classify workers either as elementary or non-elementary workers (ILO, 2008). Elementary

occupations include (1) cleaners, helpers, food preparation, street, and related sales and ser-

vice workers, refuse workers, and other elementary workers; (2) agricultural, fishery, and
4Using the same sampling frame up to the first-stage unit or ultimate stage-units NSS simultaneously conducts the quin-

quennial rounds of Employment and Unemployment and Consumer Expenditure surveys.
5Calorie price is the calorie obtained from one rupee on food items.
6There are 88 NSS regions and districts in each region share similar socio-economics and agro-climatic characteristics.
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related laborers; (3) laborers in mining, construction, manufacturing, and transport (ILO,

2008). Non-elementary occupations include legislators, senior o"cials and managers, pro-

fessionals, associate professionals, clerks, service workers, and shop & market sales workers,

skilled agricultural and fishery workers, craft and related trades workers, plant and machine

operators, and assemblers.

We classify the workers by occupation type as per the usual principal activity status in the

NSS data. There might be a chance that some of the elementary workers would have been

employed as per the usual principal activity status, but would not have been employed as per

the current daily activity status. One of the strategies would have been to study only the ele-

mentary workers who were employed as per the current daily activity status, but it does not

consider the agricultural seasons, business cycles, and long-term determinants of employ-

ment status. Therefore, we proceed to include and analyze workers who were employed as

per the usual principal activity status in the NSS data.

3.3 Outcome and Control Variables

Ourmain outcome variable, the log of daily wages, is the log of the average wages received in

the last 7 days preceding the survey. We converted this into daily wages. Wage information

was collected in the employment survey by NSSO. The primary independent variable is the

log of calorie intake per consumer unit. The calorie intake per consumer unit is defined as

calorie intake per capita adjusted for di!erent calorie needs by gender and age. We used

NSSOadjustment parameters to calculate per consumer unit calorie intake. It should be noted

that calorie intake per consumer unit is di!erent than calorie intake per capita, which is equal

to the total calorie intake at the household level divided by the household size. Since the

Government of India focuses on calorie intake per consumer unit, our analysis is based on

calorie intake per consumer unit and not on calories per capita. Previous studies on the health

andwage relationship identify several socio-demographic factors thatmay be associatedwith

the wages received in the labor market. Therefore, we control for age, age square, gender,

general education, technical education dummy, religion, and caste of the household head,

land-holding size, urban dummy, agricultural seasons (sub-round), type of occupations, and
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agro-climatic regions. We include fixed e!ects of the NSS agro-climatic region to control for

the fixed characteristics of the NSS regions. The NSS surveys define 88 NSS agro-climatic

regions sharing similar agro-climatic conditions.

4 Estimation framework

The relationship between calorie consumption and wages can be examined by estimating the

following log-log model in the OLS framework:

log(wage)ihd = ωihd + ε log(calorie)ihd + ϑXihd + ϖDd + ϱihd (2)

where log(wage)ihd is the wages received by individual i in household h in district d. The

main explanatory variable is log(calorie)ihd, the log of calorie consumed per consumer unit

in household h, X includes the household and individual level control variables, and Dd is

the NSS region fixed e!ect that controls for time-invariant NSS region characteristics.7 ϱihd

is the error term. Standard errors are clustered at the district level to account for intra-class

correlations. All regression models are weighted with sampling weights. ε in equation (2)

can be interpreted as a causal estimate of the e!ect of calories on wages if there are no omit-

ted variables correlated either with calorie intake or wages, and there is no reverse causality

running from wages to calorie intake, conditional on the controls.

Bydefinition, only currently employedworkers have reportedwages in our sample, whereas

unemployedworkers havemissingwagedata. Consequently, analyzing the calorie-wage rela-

tionship using only the employed sample introduces an upward bias, as the analysis excludes

individuals without wages. Workers who are employed and have received positive wages are

more likely to self-select into the labor market, and they di!er from unemployed workers in

distinctive ways that can make these two groups incomparable. To correct the sample selec-

tion bias due to non-random employment and missing wages, we use the Heckman two-step

correction model. The first step models the likelihood of being included in the sample (e.g.,
7There are 88 NSS regions. The NSS regions are agro-climatic units above districts but below states. Our dataset includes

approximately 523 observations across 88 NSS regions, with each region contributing a su"cient number of observations to
ensure adequate data variability.
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being employed and thus having observed wages). A probit model is used in the first step to

compute the Inverse Mills Ratio (IMR). In the second step, the wage equation is estimated,

incorporating the IMR to account for selection bias. This method ensures that the calorie-

wage elasticity is not upward biased due to the non-random selection of employed workers

in the sample (Heckman, 1979).8 The robustness of the Heckman sample selection model re-

lies on the exclusion restriction—a variable included in the selection equation but not in the

outcome equation. In our analysis, we have used “marital status” as the excluded variable.

The marital status of the workers is likely to influence the likelihood of employment, but is

unlikely to directly a!ect wages once employment status is controlled for.

However, several reasons can make the causal interpretation ! in eq (2) challenging. One

major concern is that the primary independent variable, calorie intake, may not be free from

endogeneity, raising issues of simultaneity and reverse causality in the calorie-wage relation-

ship. In the case of reverse causality, wages may influence an individual’s nutritional status,

asmeasured by calorie intake, which in turn could a!ect wages (Dasgupta, 1997; Thomas and

Strauss, 1997; Jha et al., 2009).9 As a result, reverse causationwould bias theOLS coe"cient in

the upward direction. Furthermore, simultaneity introduces further bias. Another potential

source of bias is omitted variable bias that arises from unobserved individual characteristics,

such as innate ability, motivation, work ethic, or time preference, that may influence both

dietary behavior and wage outcomes. For example, these unobserved characteristics may

influence both nutritional behavior (e.g., higher calorie consumption due to better planning

or food access) and wage outcomes (e.g., through higher productivity or job performance).

If not properly accounted for, such factors can bias the estimated e!ect of calorie intake on

wages, leading to overestimation of the true causal relationship. Additionally, calorie intake

may su!er from measurement error, making it endogenous and potentially correlated with

the unobserved error term. Thus, whether due to reverse causality, simultaneity, or measure-

ment error, the OLS coe"cient is likely to be upwardly biased, undermining the validity of

the causal interpretation of !.
8The caveats of the Heckman model discussed by Deaton (1997) remain a concern, such as the Heckman model relies

heavily on the assumption that the errors in the outcome and selection equations are jointly normally distributed, particularly
in household survey data where error structures may be more complex.

9Dasgupta (1997) argued that there is no one-to-one reverse causation betweenwage and calorie intake as laborers spend
no more than 15-20% of their wage on energy requirements.
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4.1 Two-stage least square model

We use the IV method to address the concerns regarding endogeneity in the OLS estimation.

We estimate the 2SLS estimator of the following form.

First-stage equation:

log(calorie)ihd = ωihd + εZihd + ϑXihd + ϖDd + ϱihd (3)

Second-stage equation:

log(wage)ihd = ωihd + ε log
(
⊋calorieihd

)
+ ϑXihd + ϖDd + ϱihd (4)

Where Z in equation (3) is the instrumental variable. In the first-stage, we regress the en-

dogenous variable, calorie intake, on instruments and all exogenous control variables, and in

the second stage, the outcome variable is regressed on calorie intake predicted from equation

(3) and control variables. We estimate the 2SLS models for all workers as well as the type of

workers (elementary and non-elementary workers) to capture heterogeneity in the e!ects of

calorie intake on wages by workers’ occupation types.

Before estimating the wage model, we assess whether it is appropriate to pool workers

across di!erent sectors and occupation types. Figures A1 and A2 in the Appendix present a

non-parametric distribution (Kernel density) of the natural log of wages. The kernel density

graph in Figure A1 shows that the wage distribution of the workers employed across various

elementary occupations is similar in shape, suggesting that these groups can be combined for

analysis. While elementaryworkers in agriculture earnmarginally higherwages than those in

manufacturing and services, the di!erences are not statistically significant. Similarly, Figure

A2 shows that although average wage levels vary across broader occupational or sectoral

groups, the shape of the wage distributions is comparable. These patterns support the use of

a pooled estimation strategy in the analysis that follows.
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4.2 Instruments Validity

Several studies in the literature have used instruments such as food prices, household charac-

teristics (e.g., household size), and religious a"liation to address the potential endogeneity

of calorie intake (Strauss, 1986; Weinberger, 2004; Jha et al., 2009). Following this approach,

we instrument per capita calorie intake using multiple variables that are plausibly correlated

with calorie consumption but not directly with wage outcomes. Specifically, our instruments

include per capita monthly consumption expenditure, the price per unit of calorie consumed,

and the education level of the household head. Since the number of instruments exceeds the

number of endogenous variables, our IV model is overidentified (number of instruments >

number of endogenous variables), allowing us to test the validity of the instruments.

We consider these instruments valid under the assumption that they satisfy the relevance

condition— exhibiting a strong correlation with calorie intake — and the exclusion restric-

tion, whereby they a!ect wages solely through their e!ect on calorie intake, conditional on

the covariates included in the IV specification. Asmentioned before, previous studies guided

our choice of instruments in our analysis. For example, Strauss (1986) instrumented calorie

intake by food price and farm assets and reported a significant positive e!ect of calorie intake

on farm labor productivity in Sierra Leone. Calorie intake may also depend on the house-

hold socio-economic conditions, such as the household head or father’s education & job, and

household assets such as land (Strauss, 1986; Jha et al., 2009). Calorie consumption ofworkers

belonging to the better socio-economic strata is usually higher, which is not much correlated

with the wage and productivity of the workers.

The rationale for using per capita consumer expenditure as an instrument comes from the

fact that at the low level of economic equilibrium, monthly per capita consumption expendi-

ture is highly correlatedwith food expenditure. However, as per Engel’s law, the share of food

expenditure to the total expenditure either remains constant or declines with an increase in

MPCE. Hence, per capita consumption expenditure will be highly correlated with calorie in-

take, demonstrating strong first-stage correlations. Regarding exclusion restriction, one may

argue that wages represent the income of the household, and consumption expenditure is a

proxy for income; thus, daily wages and consumption expenditure are likely to be correlated.
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We argue that consumption expenditure is plausibly exogenous, as in developing countries

like India, consumption expenditure captures the household’s overall economic status rather

than individual wages, incorporating income from diverse sources such as remittances, agri-

cultural activities, and rentals, rather than being solely tied to individual wages. This broader

scope reduces its direct correlation with the respondent’s wages, particularly in households

with multiple income streams. Its exogeneity is supported by the assumption that household

consumption patterns, especially nutrition, are primarily driven by long-term income and

wealth, rather than short-term wage fluctuations, are often predetermined independently

of labor market participation decisions, and are relatively stable and predate wage changes

(Ravallion, 1990). This temporal separation between consumption decisions and labor mar-

ket outcomes further supports instrument exogeneity. Additionally, the weaker relationship

between per capita consumption expenditure and individual wages, due to intra-household

resource allocation and non-wage income influences, is likely to strengthen the validity of the

instrument.

While acknowledging that the correlation between consumption expenditure and wages

may not be exactly zero, potentially causing upward bias, we implementmultiple strategies to

minimize this concern. Following Strauss (1986), we strengthen identification by combining

consumption measures with additional instruments, allowing for formal over-identification

tests. Finally, the third instrument, the education level of the household head, is plausibly

related to calorie intake because it may determine household food choices and nutritional

knowledge. This choice of the household head’s education as an instrument is grounded

in the literature (Strauss, 1986; Thomas and Strauss, 1997) that demonstrates how parental

or household head education shapes household food choices, dietary knowledge, and nutri-

tional investments, making it a strong predictor of calorie intake. Importantly, our empiri-

cal strategy controls for the worker’s own education, occupation, household socio-economic

characteristics, and regional fixed e!ects, thereby limiting the potential for direct e!ects of

the household head’s education on wages, apart from its influence through calorie intake.

While we recognize that shared genetic traits or personality characteristics could pose some

risk of violating the exclusion restriction, we mitigate this concern by employing multiple in-

struments (including per capita consumption expenditure and calorie price), which allows
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us to conduct formal over-identification tests. These tests do not reject the validity of our in-

struments. Overall, we believe that combining multiple instruments and a rich set of house-

hold socio-economic control variables in the IV model 2SLS reduces reliance on any single

instrument and helps minimize the risk of violation of the exclusion restriction from a single

instrument.

4.3 Instrumental Variable Quantile Regression

The e!ect of calories onwages is unlikely to be constant throughout the distribution of wages.

The association between calories and wages depends not only on the wealth status of the

farmers but also on the stages of production and agricultural season (Behrman et al., 1997b;

Swamy, 1997). Therefore, the wage elasticity of calorie intake depends on the wage distri-

bution, and such heterogeneity is informative while estimating the calorie-wage association.

This is particularly useful in contexts where the impact of an endogenous variable, such as

calorie intake, may vary at di!erent points of the wage distribution—for example, the e!ect

of improved nutrition might be more pronounced for low-wage workers compared to high-

wage workers. To analyze the causal relationship between calorie intake and wages when

both endogeneity and heterogeneity in treatment e!ects are present, we estimate the IVQR

model developed by (Chernozhukov and Hansen, 2008). By combining QR with the IV ap-

proach, the IVQR model accounts for unobserved heterogeneity and enables the identifica-

tion of causal e!ects that vary across quantiles, o!ering richer insights into the underlying

economic relationships. Finally, all models, OLS, 2SLS, QR, and IVQR, account for sample

selection bias through the Heckman two-step correction model.

5 Empirical results

5.1 Descriptive statistics

Table 1 displays summary statistics for the main dependent and independent variables as

well as the control variables. The data shows significant disparities in wages and calorie
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consumption between elementary and non-elementary workers. The average daily wage of

currently employed workers is Rs 232.6 (about $4 at the 2020 exchange rate). Elementary

workers earn lower wages than the wages earned by non-elementary workers. On average,

elementary workers earn Rs 124, while the mean wage for non-elementary workers is Rs

336. The per consumer unit calorie consumption of all workers is 2653 kcal/day, while the

average calorie consumption per capita is 2167 kcal/day. Elementary workers consume fewer

calories than non-elementary workers (2067 kcal/day vs. 2262 kcal/day). The average age

of the workers is 36 years, and the majority of the workers are male. The female labor force

participation rate in the sample is 22%. Approximately one-third of the sampled workers are

illiterate, and 14%of themhave completed primary schooling. Since the sample includes non-

elementary workers, who require a slightly higher level of education, the higher secondary

schooling completion rate is 21%.

The majority of the workers are rural (66%), Hindu (84%), and only 5% of the sample has

acquired some technical education. The caste structure is quite diverse. One-third of the sam-

ple belongs to the socially disadvantaged community, the scheduled caste, and the scheduled

tribe. More than two-fifths of the sample (41%) belong to other backward castes, and 25% of

the workers are from other non-backward castes. The landholding size is quite fragmented

and small. A very high percentage of the sample owns less than one acre of land (85%), and

another 10% own 1-3 acres of land. So, a combined total of 95% of the workers own less than

3 acres of land. The average size of the land is 2.8 acres. In terms of occupational structure,

the sample is quite heterogeneous. Close to 4% of the sample work in skilled agricultural and

fishery work, while another 49% work in elementary occupations that are mainly less skilled

work.

5.2 OLS results

Table 2 presents the OLS and Heckman sample selection model estimates for the relation-

ship between calorie intake and wages. The OLS results indicate a statistically significant

calorie-wage elasticity of 0.17, meaning that a 10% increase in calorie intake per consumer

unit is associated with a 1.7% increase in wages. This relationship remains consistent across
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all specifications with and without NSS region fixed e!ects (columns 1 and 2), reinforcing

the positive impact of calorie consumption on earnings. The results also reveal that age has

a non-linear e!ect on wages, with earnings increasing at a decreasing rate over time. Ad-

ditionally, gender disparities in wages are stark, as female workers earn approximately 41%

less than male workers (column 2). Education plays a crucial role in determining wages,

with higher levels of schooling significantly boosting earnings. For instance, workers with

secondary education earn approximately 28%more than those with only primary education,

while technical education is associated with an additional 27-28% increase in wages. Further-

more, urban workers earn 24-25%more than their rural counterparts, underscoring the wage

disparity between rural and urban labor markets.

To account for potential selection bias, the Heckman sample selection model is applied,

which corrects for the possibility that observed wages are reported only for employed work-

ers, potentially biasing the OLS estimates in columns (1) and (2). Results from the Heckman

sample selectionmodel are reported in columns (3) and (4). The IMR in the Heckmanmodel

is statistically significant, indicating the presence of selection bias. After correcting for this

bias, the calorie-wage elasticity remains similar to the estimates in models without the Heck-

man correction in columns (1) and (2). Since these OLS estimates are likely to be biased

due to endogeneity, we use the 2SLS estimator to correct for biases in the OLS estimates and

discuss the 2SLS results in the next section.

5.3 Two-stage Instrumental Variable Results

5.3.1 First-stage estimates

Table 3 presents the first-stage results from the IV model, which examines the causal e!ects

of calorie consumption on wages. Panel A shows the first-stage estimates, while Panels B-D

report the diagnostic statistics for the instrument validity. The first-stage regression results

in Panel A are presented for the full sample in columns (1-2) and for elementary and non-

elementary workers in columns (3) and (4), respectively. Column (1) shows results without

region fixed e!ects, while columns (2-4) show results with region fixed e!ects. Columns
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(2-4) use the Heckman sample selection model.

The relevance condition is satisfied as the three instruments are strongly correlated with

the endogenous variable (calorie intake), are statistically significant, and the signs of the first-

stage coe"cients are consistent with theoretical predictions. Monthly per capita expenditure

is positively correlated with calorie intake, while the price of calories is negatively correlated

with calorie intake. The results indicate that MPCE has a strong positive e!ect on calorie in-

take, with an elasticity of 0.66–0.76 across di!erent worker categories. Conversely, the price

of calories negatively a!ects calorie intake, with elasticities ranging from -0.85 to -0.87, high-

lighting that rising food costs reduce calorie consumption. The education of the household

head also plays a role; while primary and middle education levels positively impact calorie

intake, higher secondary education and above exhibit a negative e!ect, possibly reflecting

shifts toward higher-quality, lower-calorie food preferences. The statistical significance of

education coe"cients is mixed and does not follow a consistent pattern.

To assess instrument strength, the first-stage F-statistics exceed 10 in all specifications,

suggesting that the instrumental variables (MPCE, calorie price, and household head’s edu-

cation) are su"ciently strong. Additionally, the Anderson-RubinWald test and Stock-Wright

LMS test confirm the robustness of the instruments. The overidentification test results (Hansen

J-statistics) indicate that the instruments are valid and not correlated with the error term.

These results provide strong justification for using the IV approach in estimating the causal

impact of calorie intake on wages, ensuring that the second-stage wage estimates are not bi-

ased by endogeneity concerns.

5.3.2 2SLS results

Table 4 presents the results of the 2SLS regression estimates, examining the causal impact of

calorie intake per consumer unit on wages. Columns (1) and (2) show results for all workers

with and without region fixed e!ects, respectively. Column 3 shows estimates for elemen-

tary workers, while column 4 shows the results for non-elementary workers. The regression

estimates in Table 4 are positive and statistically significant, indicating that higher calorie con-

sumption has positive impacts on wages, supporting the e"ciency wage hypothesis. Specif-
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ically, a 10% increase in daily calorie intake per consumer unit leads to a 2.5% increase in

wages for all workers. When disaggregated by occupation, the wage elasticity of calorie in-

take is 0.10 for elementary workers and 0.33 for non-elementary workers, highlighting that

non-elementary workers benefit more from increased calorie intake. These results remain

statistically significant at the 1% level of significance, indicating robust evidence of a posi-

tive calorie-wage relationship. All regression models in Table 4 always control for various

demographic and socio-economic factors, such as age, gender, education, urban residence,

caste, religion, landholding size, agricultural seasons, and occupation types. Furthermore,

all models in Table 4 are corrected for sample selection bias through the Heckman sample

selection model.

These findings further suggest that the return to calorie consumption varies across worker

categories. Non-elementary workers, who are more likely to engage in skilled or knowledge-

based work, experience a greater wage increase compared to elementary workers, who per-

form more physically demanding labor. This suggests that while physical laborers benefit

from increased calorie intake, those in non-elementary jobs may experience greater produc-

tivity gains due to improved cognitive function and overall well-being.

At the sample mean wage of Rs 232.6/day, this e!ect would lead to an increase of Rs

5.52/day. If we assume that these workers are employed for six months in a year, the wage

income of these workers would increase by Rs 1007.4. The increased income is equivalent to

meeting the poverty line expenditure for 31 days.10 The calorie-wage elasticity estimate of 0.25

in this study is non-negligible and is comparable with those reported in other studies in India

and elsewhere (Strauss, 1986; Sahn and Alderman, 1988; Jha et al., 2009). Jha et al. (2009)

estimated calorie-wage elasticity of 0.013-0.017 for female workers in India, but no significant

e!ects of calories on wages were detected for male workers in this study. The calorie-farm

output elasticity estimated by Strauss (1986) ranged from 0.16-0.34 in Sierra Leone, while

Sahn and Alderman (1988) estimated the e!ects of per capita calorie intake on wage labor to

be 0.2 for men in rural areas of Sri Lanka.

Our estimates are slightly larger than the estimates in Jha et al. (2009). This di!erence
10The poverty line is Rs 32 per day in villages, and Rs 47 in cities.
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could be due to variations in study design, data sources, choice of instruments, and method-

ologies. For example, Jha et al. (2009) use data from 1994 on a small sample of 6500 house-

holds spread across only 16 states in India. In contrast, we use nationally representative data

on a sample of 70,000 individuals. Our sample includes both elementary and non-elementary

workers across di!erent occupation sectors, while Jha et al. (2009) focused only on agricul-

tural workers. Jha et al. (2009) data lacked food price information, so they used “religion”

as an instrument for calorie intake, while our study is methodologically di!erent, as we use

multiple instruments and account for selection bias through the Heckman selection model.

Weinberger (2004) estimated the e!ects of iron intake on wages, finding an iron-wage

elasticity ranging from 0.102 to 0.34 among agricultural workers in India. The calorie-wage

elasticity estimated in our study should be interpreted di!erently from iron-wage elasticity,

as micronutrients and calories impact labor productivity and, subsequently, wages through

distinct biological mechanisms. While calorie elasticity measures the responsiveness of total

energy intake, iron elasticity reflects a micronutrient-specific demand shift, often motivated

by dietary diversification. This distinction aids our understanding ofwhether income growth

or policy interventions should prioritize improving overall caloric su"ciency or addressing

specific micronutrient deficiencies, such as iron, which are critical for health outcomes like

anemia reduction. This comparison is particularly relevant given India’s double burden of

malnutrition, where both caloric adequacy and micronutrient deficiencies remain problem-

atic.

5.3.3 Heterogeneous e!ects

Table 5 presents the heterogeneous e!ects of calorie intake onwages using the 2SLS estimates.

The results indicate that the impact of calorie intake on wages di!ers significantly based on

occupational type and calorie consumption levels in India. The results reveal significant het-

erogeneity in the relationship between nutrition and wages. For workers with below mean

calorie intake, the impact is substantially larger (elasticity of 0.33 for all workers and 0.52 for

non-elementary workers) compared to those with above mean calorie intake (elasticity of

0.17 for all workers and 0.20 for non-elementary workers). The average daily calorie intake
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per capita varies across worker categories, with all workers consuming an average of 2,228

kcal/day. However, elementary workers have a lower calorie intake of 2,036 kcal/day, while

non-elementary workers consume a higher average of 2,329 kcal/day. We used these cuto!s

to conduct the heterogeneity analyses in Table 5.

It should be noted that these cuto!s are based on calorie intake per capita and not on

calorie consumption per unit. All estimates are statistically significant at a 1% level of sig-

nificance. This pattern suggests diminishing returns to nutrition as calorie consumption in-

creases. The results further show that non-elementary workers experience much stronger

wage benefits from improved nutrition compared to elementary workers. For elementary

workers, the calorie-wage elasticity ranges from 0.07-0.11, while for non-elementary workers

it ranges from 0.20-0.52, depending on their initial nutritional status. These findings empha-

size that non-elementary workers experience a larger return on increased calorie consump-

tion, likely due to the role of cognitive functions and skill-based productivity in these occu-

pations. The results remain robust after including NSS region fixed e!ects and the analysis

accounts for potential selection bias usingHeckman’s correctionmethod. The statistical diag-

nostics (F-statistics and Hansen J-statistics) confirm the relevance and validity of the instru-

ments. Overall, results from the heterogeneity analyses provide strong evidence for targeted

nutritional interventions focused on workers with low calorie intake, particularly those in

elementary occupations.

5.3.4 Robustness checks

Table 6 presents robustness checks for the relationship between calorie intake per capita and

wages across di!erent worker categories. In this table, we use calorie intake per capita in-

stead of calorie intake per consumer unit. The regression results are qualitatively similar to

our main findings in Table 4. The results indicate that an increase in daily calorie intake per

capita has a significant positive e!ect onwages for all workers, with a coe"cient of 0.27. How-

ever, when disaggregated by occupation type, the e!ect varies: the coe"cient for elementary

workers is 0.09, whereas for non-elementary workers, it is substantially higher at 0.37. These

findings suggest that non-elementary workers, who likely engage in more skill-intensive or
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physically demanding tasks, benefit more from increased calorie consumption in terms of

wage gains.

5.3.5 Estimated return to investment in calorie

So far, we interpreted our results as the estimated impacts on wages due to a 10% increase

in calorie intake per consumer unit. The calorie-wage elasticity of 0.25 in Table 4 reflects the

causal e!ects of calorie intake on wages, but it should be interpreted in the broader context

of overall dietary quality and cost-e!ectiveness. It is important to note that while increasing

calorie intake may improve productivity for undernourished workers, the associated costs

may outweigh the wage benefits if calories are sourced from expensive foods or if workers

are already consuming near-adequate levels of calories.

To assesswhether the observedwage gainswould outweigh the cost of additional calories,

we conduct a back-of-the-envelope calculation. We estimate the cost of consuming an addi-

tional 250 kilocalories, the threshold used in the interpretations of our main findings. Our

calculations suggest that the wage benefits of increased calorie intake outweigh the costs. Us-

ing rice as an example (widely consumed staple diet), 250 additional calories would require

about 76 grams of rice, costing approximately Rs. 1.52 per day in 2011.11 Given the estimated

calorie-wage elasticity of 0.25 in Table 4, a 250-calorie increase would lead to a wage rise of

Rs. 5.8 per day, significantly exceeding the cost of calorie intake (Rs. 1.52 per day). While rice

is used as a reference food due to its status as a dietary staple across most Indian states, we

acknowledge that individuals consume a range of food items, and it is di"cult to identify the

exact sources of calorie intake, particularly the more expensive ones. However, we also com-

pute the average cost per kilocalorie using detailed food consumption data from our sample,

which provides a more representative estimate of dietary behavior. The average price per

kilocalorie is approximately Rs. 0.011, implying that 250 additional kilocalories would cost

about Rs. 2.75. This is substantially lower than the estimated wage gain of Rs. 5.80, suggest-

ing that even modest improvements in income are su"cient to cover the cost of increased

caloric intake.
11The average cost of a kilo of rice in 2011 was about Rs 20, and one kilo of rice contains approximately 3300 calories (?).
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However, the economic returns to improvednutritionmaynot be uniformlypositive across

all worker groups, particularly for elementary workers, who tend to have lower baseline

wages and lower calorie-wage elasticities. For instance, the estimated cost of consuming

an additional 250 kilocalories per day—approximately Rs. 1.52—exceeds the correspond-

ing wage gain of Rs. 1.10 among elementary workers. This cost is likely even higher for those

at the lower end of the calorie distribution, where food prices may be less e"cient or dietary

needs more acute. In contrast, the same nutritional improvement yields a much larger es-

timated wage gain of Rs. 11.02 for non-elementary workers, reflecting both higher returns

and better baseline nutritional status. These calculations underscore the broader economic

rationale for investing in nutritional improvements, especially for undernourished workers.

At the same time, they highlight that for elementary workers—who often experience more

severe calorie deficits, lower dietary diversity, and limited earnings potential—nutritional in-

terventionsmay need to bemore intensive and targeted in order to generatemeaningful wage

gains.

5.4 IVQR Results

The OLS and 2SLS results in Tables 2 and 4 provide the average e!ect of calories on wages

when the e!ect of calories is constant at each point of the wage distribution. However, these

results mask the distributional impact of nutrition on earnings when the e!ect of higher calo-

rie consumption is not constant at di!erent levels of wages. To further examine the distribu-

tional impact of calorie intake at di!erent points of the distribution of wages, we estimate the

relationship between calories and wages in a QR and an IVQR framework. Both the QR and

IVQR models are estimated for wage quantiles 0.1, 0.25, 0.5, 0.75, and 0.9.12

Table 7 presents the results of the QR and IVQR models, highlighting how the impact

of calorie intake on wages varies across di!erent points of the wage distribution. Panel A

shows the results for all workers, Panel B shows the results for elementaryworkers, and Panel

C shows the results for non-elementary workers. Column (1) shows the results of the QR

model, while column (2) shows the results from the IVQR model. The results indicate that
12We conducted diagnostic checks, including assessments of data variability within each quantile, to ensure that there is

su"cient variability in both the dependent and independent variables to support the QR and IVQR analysis.
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the impact of calorie consumption on wages is most pronounced at the lower end of the wage

distribution and diminishes at higher wage levels. For all workers, the calorie–wage elasticity

ranges from 0.21 to 0.25 at the 10th and 25th quantiles, while the IVQR estimate falls to 0.20 at

the 90th quantile. This pattern suggests that lower-wage workers derive greater wage gains

from increased calorie intake compared to their higher-wage workers at the 90th quantiles.

This implies that a 10% increase in calorie consumption will increase wages by 2.5% at the

25th quantile.

The pattern di!ers by worker type: for elementary workers, the elasticity is 0.11 at the

10th quantile and declines to 0.09 at the 90th quantile, while for non-elementary workers, it

is significantly larger, peaking at 0.35 at the 25th quantile and decreasing to 0.25 at the 90th

quantile. In general, the calorie e!ect is larger among non-elementary workers than among

elementary workers, findings consistent with the IV estimates. These results indicate that

calorie intake has a greater e!ect on wages for lower-income workers, particularly those in

non-elementary occupations. The IVQR results for non-elementary workers in column (2)

show that the calorie-wage elasticity increases from 0.25 to 0.35 from the 10th to 25th quantile

of the wage distribution. Calorie-wage elasticity at the highest (90th) quantile of the wage

distribution is 0.25, which means that a 10% increase in calorie intake per consumer unit will

lead to a 2.5% (Rs 9.5) increase in the daily wage of non-elementary workers. We used the

Wald test to check the joint significance of coe"cients across quantiles, and we rejected the

null at a 99% level of significance.13

Figure 1 graphically presents the results from QR, 2SLS, and IVQR models. The x-axis

represents the wage distribution of workers, and the y-axis represents wage elasticities. The

QR estimates are considerably lower than the IVQR estimates at each level of the wage dis-

tribution. This again reinforces the need to correct the endogeneity bias. If we ignore the

endogeneity bias, the estimates obtained from the QRmodel severely underestimate the true

e!ect of calories on wages. Both the QR and IVQR models show that the e!ects of calorie

intake on wages decrease by the quantile order, with substantially larger e!ects at the lower

tail of the wage distribution. Among the three models, the wage elasticity is highest in the
13The p-value for all workers sample is tau (0.1, 0.25, 0.5, 0.75, 0.90) = 0.03; the p-value for elementary workers sample is

tau (0.1, 0.25, 0.5, 0.75, 0.90) < 0.000; the p-value for non-elementary workers sample is tau (0.1, 0.25, 0.5, 0.75, 0.90) < 0.000.
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IVQR model.

A comparison of the quantile and linear regression estimates is presented in Figure 2.

Results show that the linear regression coe"cient does not converge with the QR coe"cient,

except at one or two points. Calorie-wage elasticity for the elementary workers at themean of

the wage distribution is equal to the calorie-wage elasticity between the 80th to 90th quantiles

of the wage distribution (Figure 2a). Similarly, Figure (2b) shows that the linear regression

coe"cient converges with the QR coe"cient at the 10th and 20th, and about the 60th quantile

of wage distribution for non-elementary workers. These figures justify the need for a QR

model rather than a simple mean-based regression.

Comparing the QR and IVQR results, we find that QR results consistently underestimate

the true e!ect of nutrition on wages. Our results also support that the self-selection bias is

more pronounced among workers at the upper tail of the wage distribution. For instance, the

IVQR e!ect of nutrition on wages for all workers at the extreme right of the wage distribu-

tion is 50% larger than the QR estimate (0.9 quantiles) but only 26% larger at the extreme left

of the wage distribution (0.1 quantiles). For non-elementary workers, the percent di!erence

in QR and IVQR estimates is larger at 0.9 quantiles (47%) than at 0.1 quantiles (21%). This

implies that if we ignore the self-selection bias and endogeneity in calorie consumption, the

calorie-wage elasticity is more underestimated for workers at the upper tail of the wage dis-

tribution than the workers at the lower tail of the wage distribution. These findings suggest

that variation in the magnitude of selection bias in the nutrition-wage link depends on the

initial distribution of wages.

6 Conclusions

How does calorie intake a!ect wages in India? Is there evidence of the e"ciency-wage hy-

pothesis in India? These questions have intrigued policymakers for a long time. Previous

studies havemodeled the e"ciency wage hypothesis as the reasonwhy people are trapped in

poverty in developing countries. According to EWH, poor people are stuck in a vicious cycle

of poverty due to inadequate nutrition intake and have identified undernutrition as a source
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of an S-shaped poverty trap. Undernourished people are less productive at the workplace

and therefore receive lower wages compared to adequately nourished people. Furthermore,

lower wage and earning exacerbates their ability to consumemore calories, and thus they are

stuck in a self-perpetuating poverty trap. Banerjee and Duflo (2011) argue that inadequate

nutrition can be a source of the poverty trap in developing countries.

We explore this question in India using NSS data collected in 2011-12. We examine the

causal relationship between calorie intake andwages in India, applying 2SLS and IVQRmeth-

ods to account for endogeneity and heterogeneity. Our results support the e"ciency wage

hypothesis, showing that higher calorie consumption significantly raises wages. However,

the wage benefits of calorie intake vary across occupational groups and along the wage dis-

tribution, with lower-wage (10th quantiles) and non-elementary workers gaining the most

from increased calorie intake. The IVQR model shows a declining calorie-wage elasticity

at higher wage levels, suggesting that elementary workers, who generally consume fewer

calories, would gain the most from nutritional interventions. This aligns with prior research

indicating that in low-income settings, such as elementary occupation-based households, im-

proved nutrition enhances earnings but at a diminishing rate (Strauss, 1986; Deolalikar, 1988;

Strauss and Thomas, 1998). Among the non-elementaryworkers, the regression coe"cient at

the 10th quantile is 0.34 compared to 0.28 at the 90th quantile of the wage distribution. This

implies that the same amount of food supplementation among the non-elementary workers

at the 10th wage quantile will result in more wage gain compared to the wage gain at the 90th

quantile.

These findings have significant policy implications, particularly in the context of India’s

contemporary food security initiatives. Our study suggests that targeted nutritional support

for the poorest populations could maximize both income gains and social welfare, given the

constraints of limited economic resources. However, the steady decline in per capita calorie

intake over the past three decades underscores the need for universal food security mea-

sures (Srivastava and Chand, 2017). Additionally, our findings highlight the vulnerability of

workers in elementary occupations, who face lower wage gains from increased calorie intake.

Since a majority of the poor are employed in the elementary sectors, inadequate nutrition can
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have devastating consequences for their productivity and well-being. Policymakers should

consider designing specialized nutritional interventions to break the cycle of low wages and

undernutrition for these workers.

Our results should be interpreted with caution. The average calorie consumption per

consumer unit in our sample is 2,657 kcal/day, exceeding the recommended daily intake.

However, when interpreting these findings for policy recommendations, it is essential to dis-

tinguish between calorie intake per consumer unit versus per capita intake. Simply increasing

calorie intakemay not always lead to proportional health or productivity gains; in some cases,

excessive calorie consumption could result in diminishing returns or even adverse health ef-

fects. This underscores the importance of targeted nutritional policies that go beyond calorie

quantity and emphasize dietary quality and micronutrient su"ciency.

Furthermore, for workers already meeting their caloric needs, improving the nutritional

composition of their diet—throughgreater intake of proteins, iron, and essential vitamins—may

be more beneficial than increasing calorie consumption alone. Our findings highlight the

marginal e!ect of calorie intake on wages, demonstrating a positive but not limitless impact

on productivity. Beyond a certain threshold, additional calorie intake is unlikely to yield

proportional wage or e"ciency gains. Therefore, policy e!orts should focus not only on en-

suring adequate caloric intake for undernourishedworkers but also on enhancing diet quality

to promote better health, sustained productivity, and long-term economic well-being.

Finally, it is important to note that household calorie requirements vary based on physical

activity, age, and sex. While our study accounts for age and sex-based adjustments in calo-

rie consumption, future research should incorporate more detailed measures of individual

energy needs. Additionally, while our study establishes a strong link between calorie intake

and wages among elementary workers, calorie intake alone does not fully capture nutritional

adequacy. Awell-balanced diet that includes proteins, vitamins, and essentialmicronutrients

is crucial for overall productivity and economic mobility. If future datasets capture broader

dietary intake, future research could be expanded to explore the combined e!ects of calorie,

protein, andmicronutrient consumption onwages. Ultimately, our findings reinforce the crit-

ical role of nutrition in enhancing labor productivity and earnings, emphasizing the need for
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comprehensive policies that improve dietary intake to drive economic growth and poverty

reduction.

7 Declaration of generativeAI andAI-assisted technologies in thewriting

process

During the preparation of this work, the authors used ChatGPT to improve the readability

and language of the manuscript. After using this tool, the authors reviewed and edited the

content as needed and take full responsibility for the content of the published article.

30



References

Alleyne, G. A. O. and D. Cohen (2002). Health economic growth and poverty reduction. In
J. D. Sachs and G. H. Brundtland (Eds.), Commission on Macroeconomics and Health. Geneva:
World Health Organization.

Banerjee, A. and E. Duflo (2011). Poor Economics. PublicA!airs.

Basta, S. S., S. S. Soekirman, D. Karyadi, and N. S. Scrimshaw (1979). Iron deficiency anemia
and the productivity of adultmales in indonesia. American Journal of Clinical Nutrition 32(4),
916–925.

Becker, G. S. (1965). A theory of the allocation of time. The Economic Journal 75, 493–517.

Behrman, J. R., A. D. Foster, and M. R. Rosenzweig (1997a). The dynamics of agricultural
production and the calorie-income relationship: Evidence from pakistan. Journal of Econo-
metrics 77, 187–207.

Behrman, J. R., A. D. Foster, and M. R. Rosenzweig (1997b). The dynamics of agricultural
production and the calorie-income relationship: Evidence from pakistan. Journal of Econo-
metrics 77, 187–207.

Berha, A. N., Y. K. Mogess, and M. A. Wassie (2021). Revisiting nutrition–labor productivity
link: new empirical evidence from farm households in ethiopia. Agriculture & Food Secu-
rity 10, 61.

Bhargava, A. (1997). Nutritional status and the modeling of time in rwandese households.
Journal of Econometrics 77(1), 277–295.

Bhargava, A. (2001). Nutrition, health, and economic development: Some policy priorities.
Technical report, Commission on Macroeconomics and Health, World Health Organiza-
tion, Geneva.

Bleakley, H. (2010). Health, human capital, and development. Annual Review of Economics 2,
283–310.

Bloom, D. E. andD. Canning (2000). The health andwealth of nations. Science 287, 1207–1209.

Chernozhukov, V. and C. Hansen (2008). Instrumental variable quantile regression: A robust
inference approach. Journal of Econometrics 142(1), 379–398.

Custodio, E., S. Jiménez, M. P. Ramos, et al. (2025). Diet quality rather than caloric intake
associated with labour wages in kenya. Food Security 17, 345–361.

Dasgupta, P. (1997). Nutritional status, the capacity for work, and poverty traps. Journal of
Econometrics 77, 5–37.

Deaton, A. (1997). The Analysis of Household Surveys: A Microeconometric Approach to Develop-
ment Policy. Washington, DC: World Bank Publications.

Deolalikar, A. B. (1988). Nutrition and labor productivity in agriculture: Estimates for rural
south india. The Review of Economics and Statistics 70(3), 406–413.

31



Fogel, R. W. (1994). Economic growth, population theory, and physiology: The bearing of
long-term processes on the making of economic policy. The American Economic Review 84,
369–395.

Fuentes, J. A., J. Fernandez, andM. Pascual (2001). The e!ects of early nutritional intervention
on human capital formation. Technical Report WG1:11, Commission on Macroeconomics
and Health, Institute of Nutrition of Central America and Panama, Geneva.

Gupta, P., S. K. Mallick, and T. Mishra (2018). Does social identity matter in individual alien-
ation? household-level evidence in post-reform india. World Development 104, 154–172.

Haddad, L. andH. Bouis (1991). The impact of nutritional status on agricultural productivity:
Wage evidence from the philippines. Oxford Bulletin of Economics and Statistics 53(1), 45–68.

Heckman, J. J. (1979). Sample selection bias as a specification error. Econometrica 47(1), 153–
161.

Horton, S. and J. Ross (2003). The economics of iron deficiency. Food Policy 28(1), 51–75.

ILO (2008). ISCO-08: Structure and Preliminary Correspondence with ISCO-88. International
Labour Organization, Geneva, Switzerland.

Jamison, D. T. (1985). Energy intake and activity. In E. Pollitt and P. Amante (Eds.), Energy
Intake and Activity. New York: Alan R. Liss.

Jha, R., R. Gaiha, and A. Sharma (2009). Calorie and micronutrient deprivation and poverty
nutrition traps in rural india. World Development 37(5), 982–991.

Jorgenson, D. and B. M. Fraumeni (1989). The accumulation of human and nonhuman cap-
ital, 1948–84. In R. E. Lipsey and H. S. Tice (Eds.), The Measurement of Saving, Investment,
and Wealth, NBER, pp. 227–286. Chicago: University of Chicago Press.

Kiker, B. F. (1966). The historical roots of the concept of human capital. Journal of Political
Economy 74, 481–499.

Kumar, T. K., S. K. Mallick, and J. Holla (2009). Estimating consumption deprivation in india
using survey data: A state-level rural–urban analysis before and during reform period. The
Journal of Development Studies 45(4), 441–470.

Laroche, M., M. Mérette, and G. C. Ruggeri (1999). On the concept and dimensions of hu-
man capital in a knowledge-based economy context. Canadian Public Policy / Analyse de
Politiques 25, 87–100.

Leibenstein, H. (1957). Economic Backwardness and Economic Growth. New York: Wiley.

Mirrlees, J. A. (1975). A pure theory of underdeveloped economies. The Review of Economic
Studies 42(3), 175–185.

Murray, C. J. L. and L. C. Chen (1992). Understanding morbidity change. Population and
Development Review 18(3), 481–503.

NSSO (2014). Employment and Unemployment Situation in India. New Delhi: Government
of India, Ministry of Statistics and Programme Implementation, National Sample Survey
O"ce.

32



Planning Commission (2009). Report of the Expert Group to Review the Methodology for Estima-
tion of Poverty. New Delhi: Government of India.

Pollitt, E. (1997). Iron deficiency and educational deficiency.Nutrition Reviews 55(4), 133–140.

Rattsø, J. and H. E. Stokke (2024). Public sector wage compression and wage inequality:
Gender and geographic heterogeneity. Oxford Economic Papers 76(3), 722–740.

Ravallion, M. (1990). Income e!ects on undernutrition. Economic Development and Cultural
Change 38(3), 489–515.

Sahn, D. E. and H. Alderman (1988, September). The e!ects of human capital on wages,
and the determinants of labor supply in a developing country. Journal of Development Eco-
nomics 29(2), 157–183.

Schultz, T. P. (1994). Human capital, family planning, and their e!ects on population growth.
The American Economic Review 84, 255–260.

Schultz, T. W. (1961). Investment in human capital. The American Economic Review 51(1),
1–17.

Sen, A. (2002). Health perception versus observation. BMJ 324(7342), 860–861.

Singh, P. and A. Kumar (2004). Calorie norm and calorie deficiency. Journal of the Indian
Society of Agricultural Statistics 57, 145–158.

Srivastava, S. K. and R. Chand (2017). Tracking transition in calorie-intake among indian
households: Insights and policy implications. Agricultural Economics Research Review 30(1),
23–35.

Stiglitz, J. E. (1976). The e"ciency wage hypothesis, surplus labour, and the distribution of
income in ldcs. Oxford Economic Papers 28(2), 185–207.

Strauss, J. (1986). Does better nutrition raise farmproductivity? Journal of Political Economy 94,
297–320.

Strauss, J. and D. Thomas (1998). Health, nutrition, and economic development. Journal of
Economic Literature 36, 766–817.

Swamy, A. V. (1997). A simple test of the nutrition-based e"ciency wage model. Journal of
Development Economics 53, 85–98.

Thomas, D. and E. Frankenberg (2002). Health, nutrition and prosperity: a microeconomic
perspective. Bulletin of the World Health Organization 80, 106–113.

Thomas, D. and J. Strauss (1997). Health and wages: Evidence on men and women in urban
brazil. Journal of Econometrics 77, 159–185.

Weinberger, K. (2004). Micronutrient intake and labor productivity: Evidence from a con-
sumption and income survey among indian agricultural laborers. Outlook on Agricul-
ture 33(4), 255–260.

World Bank (2024). Poverty, prosperity, and planet report 2024: Pathways out of the polycri-
sis. Technical report, World Bank, Washington, DC.

33



Table 1: Descriptive statistics

All workers Elementary workers Non-elementary workers
(N: 70,202) (N: 23,907) (N: 46,295)

Variable Mean SD Obs Mean SD Obs Mean SD Obs
(1) (2) (3) (4) (5) (6) (7) (8) (9)

Daily wages (INR) 232.6 337 70,202 123.9 144 23,907 336.1 424.1 46,295
Calorie intake per consumer unit 2653.4 1230.1 70,202 2539.8 1071.3 23,907 2761.4 1355.4 46,295
Calorie intake per capita 2167.2 990.7 70,202 2067.3 850 23,907 2262.3 1100 46,295
Age in years 36 11.8 70,202 37 12 23,907 35 11 46,295
Gender (Male) 0.78 0.41 55,939 0.73 0.44 17,615 0.83 0.37 38,324
Education level (%)
Illiterate 0.28 0.45 13,458 0.43 0.50 8,957 0.14 0.35 4,501
Below primary 0.11 0.31 6,124 0.15 0.36 3,409 0.07 0.26 2,715
Primary completed 0.14 0.34 8,400 0.16 0.37 4,025 0.11 0.32 4,375
Middle education 0.16 0.36 11,545 0.15 0.36 4,257 0.17 0.37 7,288
Secondary education 0.11 0.31 8,975 0.08 0.26 2,168 0.14 0.34 6,807
Higher sec. and above 0.21 0.41 21,700 0.04 0.19 1,091 0.37 0.48 20,609
Technical education (Yes) 0.05 0.21 4,156 0.00 0.04 63 0.09 0.29 4,093
Rural (%) 0.66 0.47 38,365 0.85 0.36 16,905 0.48 0.50 21,460
Hindu (%) 0.84 0.37 54,028 0.86 0.35 19,204 0.82 0.38 34,824
Muslim (%) 0.11 0.31 8,338 0.10 0.30 2,927 0.12 0.32 5,411
SC/ST 0.34 0.48 23,912 0.45 0.50 10,461 0.25 0.43 13,451
OBC 0.41 0.49 26,120 0.40 0.49 9,030 0.41 0.49 17,090
Other caste 0.25 0.43 20,170 0.15 0.36 4,416 0.34 0.47 15,754
Landholding (%)
Less than one acre 0.85 0.35 58,255 0.87 0.34 20,615 0.84 0.36 37,640
1-3 acre 0.10 0.29 7,578 0.10 0.30 2,433 0.09 0.29 5,145
More than three acres 0.05 0.22 4,369 0.03 0.18 859 0.07 0.25 3,510
Occupation of the worker (%)
Legislators, o"cials, manager 0.02 0.14 1,693 – – – 0.04 0.19 1,693
Professionals 0.05 0.21 5,419 – – – 0.09 0.29 5,419
Associate professionals 0.06 0.23 7,820 – – – 0.11 0.31 7,820
Clerks 0.04 0.20 4,257 – – – 0.08 0.27 4,257
Service workers, shops, marketing 0.07 0.26 7,271 – – – 0.14 0.35 7,271
Skilled agricultural and fishery 0.04 0.21 2,398 – – – 0.09 0.28 2,398
Craft and related trades 0.16 0.36 11,672 – – – 0.30 0.46 11,672
Plant, machine operators, assembler 0.08 0.26 5,765 – – – 0.15 0.35 5,765
Elementary occupations 0.49 0.50 23,907 – – – – – –
Types of elementary occupation (%)
Sales, service, and elem occup – – – 0.08 0.27 3,373 – – –
Agr., fishery, and related labour – – – 0.65 0.48 10,516 – – –
Labourer in elem. occup. – – – 0.27 0.44 10,018 – – –

Notes: SD denotes the standard deviation. SC refers to scheduled caste, ST refers to scheduled tribe, and OBC refers to other
backward caste. INR refers to Indian rupees.
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Table 2: OLS and Heckman sample selection results for all workers

Log(Daily wage)
Currently employed workers All workers

OLS Heckman sample selection model
(1) (2) (3) (4)

Log of calorie intake 0.17*** 0.17*** 0.17*** 0.17***
(0.02) (0.02) (0.02) (0.02)

Age 0.04*** 0.04*** 0.05*** 0.04***
(0.00) (0.00) (0.00) (0.00)

Age squared -0.04*** -0.04*** -0.05*** -0.04***
(0.00) (0.00) (0.00) (0.00)

Female -0.42*** -0.41*** -0.51*** -0.44***
(0.01) (0.03) (0.03) (0.01)

Below primary 0.06*** 0.06*** 0.06*** 0.06***
(0.02) (0.02) (0.01) (0.01)

Primary completed 0.10*** 0.09*** 0.07*** 0.08***
(0.02) (0.02) (0.01) (0.01)

Middle education 0.15*** 0.15*** 0.10*** 0.11***
(0.02) (0.02) (0.02) (0.02)

Secondary education 0.28*** 0.28*** 0.19*** 0.22***
(0.02) (0.02) (0.02) (0.02)

Higher sec. and above 0.55*** 0.54*** 0.49*** 0.50***
(0.03) (0.03) (0.02) (0.02)

Technical education 0.28*** 0.27*** 0.28*** 0.25***
(0.03) (0.03) (0.03) (0.03)

Urban dummy 0.24*** 0.25*** 0.21*** 0.23***
(0.02) (0.02) (0.02) (0.02)

Inverse Mills ratio -0.02 0.10**
(0.03) (0.03)

R-squared 0.50 0.54 0.50 0.54
NSS Region fixed e!ects No Yes No Yes
Observations 70,195 70,195 70,182 70,182

Notes: Standard errors, clustered at the district level, are reported in parentheses. Calorie intake is expressed as
per consumer unit consumption per day. Significance levels: * p → 0.10, ** p → 0.05, *** p → 0.01.
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Table 3: First-stage results from the IV model

Log(Calorie intake)
All workers Elementary Non-elementary

workers workers
(1) (2) (3) (4)

Panel A: First-stage estimates
Log of monthly per capita cons exp 0.66*** 0.67*** 0.76*** 0.61***

(0.01) (0.011) (0.02) (0.01)
Log of calorie price -0.85*** -0.86*** -0.87*** -0.85***

(0.02) (0.02) (0.02) (0.03)
Education of the household head
Below primary -0.004 0.02*** 0.02** 0.003

(0.008) (0.008) (0.01) (0.01)
Primary completed 0.002 0.03*** 0.03*** 0.009

(0.008) (0.008) (0.01) (0.009)
Middle education 0.004 0.03*** 0.03** 0.02**

(0.008) (0.009) (0.01) (0.01)
Secondary education -0.014 0.006 0.02 -0.01

(0.009) (0.009) (0.02) (0.01)
Higher sec. and above -0.05*** -0.04*** -0.04 -0.04***

(0.001) (0.01) (0.03) (0.01)
Panel B: First-stage statistics
F-stat 577.12 612.25 467.78 453.68
Weak identification test
K-P Wald rk F stat 577.25 612.25 467.78 453.68
Cragg-Donald Wald F statistic 21462.2 21777.20 7255.79 14460.17
Panel C: Weak-instrument robust inference
Anderson-Rubin Wald test F-stat 135.88 132.80 8.24 130.78
Stock-Wright LM S stat (p-value) < 0.000 < 0.000 < 0.000 < 0.000
Panel D: Overidentification test
Hansen J-stat 124.03 131.49 33.65 113.69
P-value < 0.000 < 0.000 < 0.000 < 0.000
Heckman sample selection No Yes Yes Yes
Observations 70,186 70,182 23,899 46,283

Notes: Calorie intake is expressed as per consumer unit consumption per day. Standard errors, clustered at the
district level, are reported in parentheses. Regression results are adjusted for age, age squared, gender, general
education, technical education, urban dummy, caste, religion, land holding size, agriculture seasons, occupation
types, and NSS region fixed e!ects. Significance levels: * p → 0.10, ** p → 0.05, *** p → 0.01.
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Table 4: Calorie intake and wages (2SLS estimates)

DV: Log(Daily wage)
All workers Elementary Non-elementary

workers workers
(1) (2) (3) (4)

Log of calorie intake 0.27*** 0.25*** 0.10*** 0.33***
(0.03) (0.03) (0.03) (0.04)

R-squared 0.47 0.47 0.19 0.49
NSS Region fixed e!ects Yes Yes Yes Yes
Heckman sample selection No Yes Yes Yes
Observations 70,186 70,182 23,899 46,283

Notes: Standard errors, clustered at the district level, are reported in parentheses. Calorie intake
is expressed as per consumer unit consumption per day. Regression results are adjusted for
age, age squared, gender, general education, technical education, urban dummy, caste, religion,
land holding size, agriculture seasons, and occupation types. Significance levels: * p → 0.10, **
p → 0.05, *** p → 0.01.
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Table 5: Heterogeneity in the e!ects (2SLS estimates)

DV: Log(daily wage)
All workers Elementary workers Non-elementary workers

Calorie Calorie Calorie Calorie Calorie Calorie
intake intake intake intake intake intake

→ mean > mean → mean > mean → mean > mean
(1) (2) (3) (4) (5) (6)

Log of calorie intake 0.33*** 0.17*** 0.06 0.11*** 0.52*** 0.20***
(0.05) (0.04) (0.07) (0.04) (0.06) (0.06)

F-stat 385.26 197.49 141.35 140.9 385.96 122.53
Hansen J-stat 106.79 123.62 24.22 36.22 101.82 105.62
R-squared 0.38 0.54 0.21 0.16 0.42 0.53
NSS Region fixed e!ects Yes Yes Yes Yes Yes Yes
Heckman sample selection Yes Yes Yes Yes Yes Yes
Observations 39,502 30,680 13,223 10,676 26,080 20,203

Notes: Standard errors, clustered at the district level, are reported in parentheses. Calorie intake is expressed as per
consumer unit consumption per day. Regression results are adjusted for age, age squared, gender, general education,
technical education, urban dummy, caste, religion, land holding size, agriculture seasons, and occupation types.
Significance levels: * p → 0.10, ** p → 0.05, *** p → 0.01.
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Table 6: Robustness checks: Calorie intake per capita

DV: Log(Daily wage)
All workers Elementary workers Non-elementary workers

(1) (2) (3)
Log of calorie intake per capita 0.27*** 0.09*** 0.37***

(0.03) (0.03) (0.04)
F-stat 573.35 454.98 425.79
Hansen J-stat 129.73 33.27 109.58
R-squared 0.47 0.19 0.49
Mean calorie consumption 2269.68 2065.32 2375.20
NSS Region fixed e!ects Yes Yes Yes
Heckman sample selection Yes Yes Yes
Observations 70,182 23,899 46,283

Notes: Standard errors, clustered at the district level, are reported in parentheses. The regression models in this table
used daily calorie intake per capita instead of daily calorie intake per consumer unit. Mean calorie consumption
is in per capita terms. Regression results are adjusted for age, age squared, gender, general education, technical
education, urban dummy, caste, religion, land holding size, agriculture seasons, and occupation types. Significance
levels: * p → 0.10, ** p → 0.05, *** p → 0.01.
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Table 7: QR and IVQR coe"cients of calorie intake
on wage

DV: Log(Daily wage)
QR model 2SLS-IVQR model

(1) (2)
Panel A: Total workers
Quantile 10 0.18*** (0.01) 0.21*** (0.02)
Quantile 25 0.18*** (0.01) 0.25*** (0.01)
Median 0.13*** (0.01) 0.20*** (0.01)
Quantile 75 0.13*** (0.01) 0.20*** (0.01)
Quantile 90 0.13*** (0.01) 0.20*** (0.01)
Panel B: Elementary workers
Quantile 10 0.11*** (0.01) 0.11*** (0.02)
Quantile 25 0.11*** (0.01) 0.11*** (0.02)
Median 0.07*** (0.01) 0.06*** (0.01)
Quantile 75 0.04*** (0.01) 0.05*** (0.01)
Quantile 90 0.07*** (0.01) 0.09*** (0.01)
Panel C: Non-elementary workers
Quantile 10 0.21*** (0.02) 0.25*** (0.02)
Quantile 25 0.25*** (0.01) 0.35*** (0.02)
Median 0.20*** (0.01) 0.31*** (0.02)
Quantile 75 0.20*** (0.01) 0.31*** (0.02)
Quantile 90 0.16*** (0.01) 0.25*** (0.02)

Note: Standard errors, clustered at the district level, are in
parentheses. Calorie intake is expressed as per consumer
unit consumption per day. Quantiles are for wages. Re-
gression results are adjusted for age, age squared, sex, ed-
ucation, technical training, place of residence, caste, reli-
gion, land holding, agriculture seasons, type of occupa-
tion, and district agro-climatic region fixed e!ects. The
model is not converging at 0.25 quantiles for elementary
workers; therefore, quantile 0.26 has been used. Signifi-
cance levels: * p < 0.05, ** p < 0.01, *** p < 0.001.
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Figure 1: E!ect of calories on wage: QR, 2SLS, and IVQR estimates
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Panel (a) Panel (b) Panel (c)

Figure 2: 2SLS and IVQR coe"cients at di!erent quantiles of wage distribution.

Notes: Heckman sample selection model used. Inverse Mills ratios were estimated separately for each group.
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Appendix

Table A1: Summary statistics

All workers Elementary workers Non-elementary workers
Daily wage Calorie Daily wage Calorie Daily wage Calorie

intake intake intake
(1) (2) (3) (4) (5) (6)

Inter-quartile range 120 1169 71 1087 286 1213
10th percentile 57 1533 51 1492 71 1587
25th percentile 94 1951 79 1886 114 2020
Median 140 2452 107 2357 200 2545
75th percentile 214 3120 150 2973 400 3234
90th percentile 529 3920 200 3759 800 4090
Observations 70,202 70,202 24,907 23,907 46,295 46,295

Notes: Calorie intake is expressed in per consumer unit per day.
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Figure A1: Kernel density of the natural log of wage earnings of the elementary workers engaged in
di!erent occupations, India, 2011-12
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Figure A2: Kernel density of the natural log of wages of all workers engaged in di!erent occupations,
India, 2011-12
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