
The Impact of Drought on Structural Transformation

in India∗

Sayahnika Basu†

November, 2020

Most recent version available here

Abstract

Household labor reallocation provides a potentially important channel for rural
households to adapt to changing weather patterns. Exploiting the temporal and spatial
variation of drought occurrence in India, I find that drought reduces the share of
agriculture labor hours by 110 hours (3% at the mean). This reduction is driven by
households that do not own land. Motivated by these facts, I develop a model of labor
allocation across the agriculture and non-agriculture sectors to analyze how droughts
may affect structural transformation. My results imply that projected increases in the
frequency of droughts over the next 30 years will induce landowning households to
allocate 2% more labor to agriculture and induce landless households to reduce their
agricultural labor. The net effect is a 1% to 2% reduction in agricultural labor. While
small in percentage terms, this implies that 2.5 to 5 million individuals would leave
agriculture. I use the model to analyze how projected climate change would affect the
cost to the government of achieving its stated target of increasing the manufacturing
share of GDP to 25% by 2035. In the absence of climate change, the government would
have to subsidize non-agriculture wages by 28% with respect to 2011 non-agriculture
wages. Under the current climate change projections, the subsidy would need to be
73% larger.
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1 Introduction

Developing countries with large agricultural sectors are vulnerable to climate change.

Rural households engaged in the agricultural sector have an incentive to insure themselves

against climate risk. For example, informal arrangements can allow households to insulate

themselves against income shocks in the absence of formal insurance markets (Rosenzweig

and Stark, 1989; Udry, 1994; Townsend et al., 1994; Morten, 2019). Another less studied

way of insuring against income risk is sectoral labor reallocation (Colmer, 2018). However,

labor market frictions can limit the extent of adjustment. In particular, the land market

in India is notoriously rigid due in part to cultural norms concerning land ownership and

65-70% of rural households are landowners (Fernando, 2020). These households’ attachment

to their land may reduce the rates at which they choose to reallocate their labor to the

manufacturing and service sectors.

In India, climate change is expected to increase the frequency and severity of

drought (Bisht et al., 2019). This raises serious concerns because 60% of agricultural land re-

mains rainfall dependent. While India has witnessed a falling agricultural employment share

since the 1970s, more than 50% of the Indian workforce is still employed in agriculture, con-

tributing to 17-18% of the total GDP (World Bank, 2015). Figure 1 shows the percentage of

drought districts within each state, the percentage of agricultural land, and the percentage of

agricultural land that is rain-fed for 2014. The considerable overlap between locations with a

high occurrence of drought and agricultural land that is rainfed underscores rural households’

vulnerability to droughts. Additionally, Pachauri et al. (2014) predicts agricultural losses of

$7 billion USD by 2030 due to droughts. In this context, it is important to understand the

degree to which household reallocation of labor is possible given the labor market barriers

and the extent to which it could help moderate the consequences of droughts.

The goal of this paper is to understand how drought affects household labor allo-

cation and the extent to which land ownership modifies the reallocation of household labor

in rural India. I combine a rich household survey, spanning almost twenty years, with a
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high-resolution climate dataset. Panel data regressions reveal that rural households reduce

their share of agricultural labor by 3% in response to a one standard deviation decrease in

district-level rainfall. This 3% reduction is equivalent to 110 annual household labor hours.

I investigate heterogeneity in this response across landed and landless households and find

that landless households reduce agriculture labor hours by 10.2% whereas households that

own land do not reduce their share of agricultural labor.

Figure 1: Drought, Agriculture and Rainfed Land Proportion

(1) (2) (3)

(1): More than 50% of the districts experienced drought in dark brown shaded states, more than 25% of the districts experienced
drought in light brown shaded states (2): Green shaded states have more than 50% of land used for agriculture (3): Orange
shaded states have more than 50% of agricultural land dependent on rainfall

Motivated by these empirical facts, I build a model of a household labor allocation

with two sectors - agriculture and non-agriculture and use the model to formalize hypothe-

ses about how land ownership modifies the effect of drought on labor allocation. I model

attachment to agriculture following Zimmermann (2020). For landless households, the at-

tachment to agriculture reflects adjustment costs and barriers to entering the non-agricultural

sector, and for landed households, the attachment to agriculture additionally includes the

psychological cost of leaving one’s land, for example, due to religious and cultural norms.

I calibrate the model to match the average labor hours for landed and landless households

across drought and non-drought years and I use the calibrated model to analyze how the

projected near-future increase in the frequency of droughts will affect structural transfor-

mation in India. Finally, I use the model to predict how climate change will affect the size
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of subsidy payments needed for the government to achieve its future targets for increasing

employment in the manufacturing and service sectors.

My counterfactual scenarios simulate the effects of increasing the frequency of

drought over the next thirty years as predicted by the IPCC 5th assessment report (Pachauri

et al., 2014). For landed households, I find that the average share of agriculture labor in-

creases marginally as they move from the status quo to an extreme regime where droughts

occur every year. This counterintuitive result follows from the fact that land ownership

hinders sectoral movement and requires additional labor during inclement weather. On the

contrary, for landless households, I find that the agriculture labor share falls as droughts

increase in frequency. Combining the effects predicted for landed and landless households,

I find that there is a net reduction of 1-2% in average agriculture labor hours from the sta-

tus quo to a constant-drought regime. This relatively small percentage change, however, is

equivalent to 2.5 to 5 million individuals moving out of agriculture.

I use these results to consider the ‘Make in India’ initiative, which was launched

in September 2014 with the aim of transforming India into a manufacturing hub, raising

manufacturing to 25% of GDP, and creating 100 million manufacturing jobs. Green (2014,

2015) analyze the efficacy of the ‘Make in India’ campaign and predict the sectoral labor

shares needed to achieve these targets. They conclude that to achieve the 25% manufacturing

share, the agricultural labor share must decline to 38%, 33%, and 25% in 2022, 2025, and

2035, respectively. I use my model to calculate how large wage subsidies would have to be

to achieve these sectoral targets. I find that to achieve the 38% agricultural labor share by

2022, the non-agricultural wage would need to be subsidized by 3.26 rupees per hour (a 9.8%

increase from 2011 levels), by 2025 it would need to be subsidized by 4.96 (14.9%) rupees per

hour, and by 2035 it would need to be subsidized by 9.36 (28.1%) rupees per hour. Under the

climate change regime with increased drought, the non-agriculture wage would need to be

subsidized by; 5.37 (16.1%) rupees per hour by 2022, 8.37 (25.0%) rupees per hour by 2025,

and 16.27 (48.7%) rupees per hour by 2035, reinforcing the importance of sectoral barriers.
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Overall, this paper contributes to the “envirodevonomics” literature (Greenstone

and Jack, 2015); particularly the branch studying the impact of weather changes on the

sectoral labor movement (Emerick et al., 2016; Kochar, 1999; Skoufias et al., 2017; Bandy-

opadhyay and Koufias, 2012). I add to this literature by using a new household panel dataset

to provide evidence on how households diversify their labor in response to drought. This

differentiates my study from prior research that has focused exclusively on the occupation of

the household head (Skoufias et al., 2017). This paper also contributes to the literature on

the barriers to sectoral labor movement (Blattman et al., 2013; Bianchi and Bobba, 2013;

Gollin and Rogerson, 2010; Liu et al., 2020; Fernando, 2020). In particular, this is the first

study to investigate how the weather impacts of sectoral mobility are augmented by the fric-

tions related to land ownership. My findings complement earlier studies on the land market

in India (Fernando, 2020). Additionally, I build a model that allows me to perform policy

experiments whereby I contribute to the literature by studying the effects of worsening cli-

mate scenarios and how these effects modify the fiscal costs of achieving stated policy goals

for structural change.

The rest of the paper is arranged as follows. Section 2 summarizes the related

literature. Section 3 discusses the data sources, summary statistics, empirical specifications,

and regression results. Section 4 develops the structural model, which is followed by cali-

bration results in Section 5 and counterfactuals simulations in Section 6. Finally, Section 7

concludes.

2 Related Literature

This paper contributes to the growing literature at the intersection of environmental

economics and development economics. First, I contribute to the strand of literature that

studies the impact of changes in weather and climate on sectoral labor movements. Second,

I contribute to a strand of the literature seeking to understand frictions and barriers to the
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movement of labor out of the agricultural sector. My framework builds on this literature by

modeling how the effect of weather on sectoral labor allocation is modified by frictions in

labor movements in India.

2.1 Weather Effects on Sectoral Labor Movement

Rural households who earn a substantial share of income from agriculture are es-

pecially vulnerable to productivity shocks caused by abnormal weather. Extreme weather

has led to poor agricultural output (Taraz, 2018) and even an increase in farmer suicide in

India (Carleton, 2017). Negative effects of abnormal weather on agricultural productivity

have been found for both positive and negative deviations from historical norms (Kochar,

1999; Ito and Kurosaki, 2009; Emerick et al., 2016).

Households in rural areas can adapt to changing weather patterns in multiple ways.

First, households facing credit constraints can create an informal risk-sharing community

within their villages based on shared social attributes such as caste (Rosenzweig, 1988;

Munshi and Rosenzweig, 2016; Ferrara, 2003; Rosenzweig and Stark, 1989; Townsend et al.,

1994). Second, household members can migrate to the nearest urban areas in bad years for

economic opportunities (Morten et al., 2015; Morten, 2019; Banerjee and Duflo, 2007; Jessoe

et al., 2018; Mueller et al., 2014; Bohra-Mishra et al., 2014; Maystadt et al., 2016). A final

form of adaptation is labor market reallocation. Households can reallocate labor from more

weather dependent sectors to more weather resilient sectors (Emerick, 2018; Colmer, 2018;

Kochar, 1999; Rose, 2001; Bandyopadhyay and Koufias, 2012; Skoufias et al., 2017; Noack

et al., 2019).

Prior studies of how weather affects sectoral labor reallocation can be divided into

those focusing on temperature changes and those focusing on changes in precipitation. Rising

temperature and unpredictable rainfall are both detrimental to agricultural productivity

(Pachauri et al., 2014). Extreme temperature affects agricultural productivity (Welch et al.,
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2010) and in turn leads to sectoral reallocation (Colmer, 2018; Liu et al., 2020). Deviations in

precipitation from historical norms have also been found to affect labor market participation

(Rose, 2001) and household labor allocation (Emerick et al., 2016; Kochar, 1999; Skoufias

et al., 2017; Bandyopadhyay and Koufias, 2012). All of these studies focus on labor markets

in rural India except for Bandyopadhyay and Koufias (2012) which focuses on Bangladesh.

My paper contributes to the literature on the impact of weather changes on sectoral

labor movement in several ways. First, I provide evidence of sectoral labor reallocation in

response to drought, using a household-level panel that spans twenty years. This differen-

tiates my work from prior studies that focused on individual (rather than household) labor

outcomes and/or used cross-section (rather than a panel) data. Second, I use labor hours of

all household members instead of just an indicator for the head of the household. This allows

me to advance knowledge on diversification within households. Third, my household sample

covers approximately 8,000 households in 18 states in India providing a larger and more na-

tionally representative sample than earlier studies. Lastly, I focus on short-term fluctuations

in weather as opposed to long-run changes. This makes it easier to identify the effects of

weather patterns separately from concomitant changes in technology and institutions.

2.2 Barriers to Sectoral Labor Movement

The movement of labor across sectors in developing countries is restricted by fric-

tions and barriers. Prior literature has focused on barriers to credit, insurance, information,

transportation, and frictions arising due to possession of assets including land that restricts

allocative efficiency in labor markets (Blattman et al., 2013; Bianchi and Bobba, 2013; Gollin

and Rogerson, 2010; Liu et al., 2020; Fernando, 2020). Low-income households have lim-

ited access to credit and insurance (Townsend, 2011; Banerjee and Duflo, 2005; Karlan and

Zinman, 2009). Further, infrastructure including transportation is underdeveloped in devel-

oping countries, particularly in rural areas that influence labor market movements, and can

be further worsened by bad weather conditions (Burgess and Donaldson, 2010; Viswanathan
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and Kumar, 2015; Dallmann and Millock, 2017). Lastly, even though possession of illiquid

assets such as cattle and land that may serve as collateral in the presence of credit con-

straints, the inability to easily sell these assets may constrain occupational transitions (Das

et al., 2013; Fernando, 2020).

In India, there are additional barriers to the sectoral labor movement related to land

ownership. Laws regarding buying and selling of farmland are very restrictive (Deininger

et al., 2007a), leading to limited sales and rental markets (Deininger et al., 2007b; Morris

and Pandey, 2007; Skoufias, 1995). There is also a strong prevalence of patrilineal land

inheritance customs (Agarwal and Bina, 1994). This may be because the land is deemed

as a mark of identity in Indian rural societies (Jodhka, 2006; Sharma, 2007) and also be-

cause individuals take pride in taking care of inheritance as it is a sacred duty in Hindu

culture (Bhat and Dhruvarajan, 2001). These barriers matter as Fernando (2020) finds that

individuals who inherit land are significantly less likely to enter non-agricultural work.

This paper advances knowledge on the role of barriers to the sectoral labor move-

ment in three ways. First, I provide evidence with new household-level panel data and

complement earlier work on labor market frictions related to land ownership in rural India.

Second, this is the first study that attempts to understand how the weather impacts of sec-

toral mobility are augmented by the frictions related to land ownership. Lastly, I build a

model of household labor allocation that incorporates attachment to agriculture arising from

sectoral barriers such as land ownership. This model allows me to analyze how the effect of

climate change on labor allocation is modified by land ownership.
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3 Empirical Evidence

3.1 Data and Descriptive Statistics

I use two main sources of data. The first is household-level data from the India

Human Development Survey (IHDS). The second is a series of gridded temperature and

precipitation datasets from Willmott and Matsuura (2001).

3.1.1 Household Data

The IHDS is a nationally representative survey of urban and rural households in 33

states and 372 districts across mainland India. The first round of interviews was completed

during 2004-05 and the second round during 2011-12. Part of the IHDS sample is linked to

data from an earlier study conducted by researchers at the University of Maryland and the

National Council of Applied Economic Research, India. The 1993-94 survey, known as the

Human Development Profile of India (HDPI), consists of 33,230 rural households living in

16 states and 184 districts.1

I merge the two datasets and use them to construct a long panel for approximately

20 years from 1993 to 2012. This reduces the sample size to 7,999 rural households that

were interviewed during all three rounds. These households remained in the same house

for almost 20 years. The sample is restricted to households living in rural areas because

agriculture is primarily concentrated in the rural parts of the country. 2

The earliest survey wave in 1993-94 (henceforth ‘Wave 1’) contains information on

occupational categories but not labor hours worked. In contrast, the following two waves

1Data collection in Appendix section A elaborates on the sample collection of the three waves. Table A1 summarizes the

three waves of data.

2A rural area in India is defined as an area with population density up to 150 per square miles and a minimum of 75%

of the male working population involved in agriculture and allied activities. However, in the current context, I use code for

urbanization used by IHDS.
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in 2004-05 (‘Wave 2’) and 2011-12 (‘Wave 3’) report both labor hours and occupational

categories. Therefore I impute the labor hours for the first wave (using Lasso regression) in

order to utilize other features of the long panel.3

Every job is categorized into two groups: agricultural or non-agricultural.4 House-

hold members may work in more than one job. I address this by defining the key outcome

variable as the number of agricultural hours worked within the household divided by the

total household labor hours, expressed in percentage terms.5. The final sample encompasses

18 states, covering 184 districts.6

3.1.2 Weather Data

Terrestrial Precipitation: 1900-2017 Gridded Monthly Time Series (V 5.01) data

archives precipitation measures in mm for each month from 1900 to 2017 for every 0.5-degree

by 0.5-degree latitude/longitude grid node. Terrestrial Air Temperature: 1900-2017 Gridded

Monthly Time Series (Version 5.01) data archives temperature measures in degree celsius

for each month from 1900 to 2017 for every 0.5-degree by 0.5-degree latitude/longitude grid

node. To compute the rainfall and temperature measures for a latitude-longitude node, they

combine data from 20 nearby weather stations using an interpolation algorithm based on

the spherical version of Shepard’s distance-weighting method.

I compute district-level rainfall as the monthly average of the precipitation levels

3Appendix section B documents the imputation process.

4Occupational categorization differs slightly across the three waves. In Wave-1, agricultural jobs included cultivation, allied

agricultural activities, agricultural wage worker, and cattle tending. Non-agricultural jobs included non-agricultural wage

worker, artisan/independent work, petty shop/other small business, organized business/trade, salaried employment/pension,

qualified profession/not classified, and domestic servants. In subsequent waves, the categorization was coarser. Agricultural

jobs included farmworkers, agricultural wage workers, and animal tending; and non-agricultural jobs include non-agricultural

wage workers, salaried workers, and business.

5Table A2 summarizes the panel households across three waves and the households that are unique to each wave of data,

categorized into urban and rural.

6Refer to Table A2. The number of states in the panel HH sample (18) is greater than Wave-1(16). There has been division

and renaming of administrative units (states) during that period. In Wave-1, Uttaranchal, Jharkhand, and Chattisgarh were

part of Uttar Pradesh, Bihar, and Madhya Pradesh respectively. Later, by Wave-3, Uttaranchal, Jharkhand, and Chhattisgarh

were separate states.
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of each 0.5 degrees by 0.5 degrees latitude/longitude grid cell within the boundaries of the

district using the Terrestrial Precipitation: 1900-2017 Gridded Monthly Time Series (V 5.01)

data archives. I convert these district-level precipitation measures into z-scores for the lagged

monsoon and non-monsoon periods. Then the z-scores are re-coded to represent a drought

in the following way: districts with positive z-scores are re-coded as zero (i.e., no drought)

and districts with negative z-score are re-coded as the absolute value of the z-score (i.e.,

below average rainfall). Therefore, a higher z-score implies a more severe drought. India

receives 90% of its annual rainfall within the monsoon months of June, July, August, and

September. Agriculture is heavily dependent on the monsoon. I account for the possibility

for multiple cropping cycles by using the yearly z-score in my primary specification.7 Then I

investigate sensitivity to instead defining the drought variable over the monsoon period only

(June-Sep) and non-monsoon (Oct-May) period to explore the potentially heterogeneous

effects of rainfall during the rainy and dry seasons (Mueller et al. (2014)). To disentangle

the effect of low precipitation from temperature in a district, I control for temperature over

the period for which the drought variable is defined. I include two temperature variables:

minimum and maximum temperature calculated from the Terrestrial Air Temperature: 1900-

2017 Gridded Monthly Time Series (Version 5.01) dataset. This allows my model to account

for the evidence that variation in minimum and the maximum temperature have opposite

effects on crop yields (Welch et al., 2010). 8

3.1.3 Summary Statistics

The main estimation sample is formed by combining household and climate data.

Appendix Table A3 shows the geographic distribution of 7,999 households across 184 districts

in 18 Indian states. Figure 2 highlights the districts (in shades of blue) in which the sample

households are located. Madhya Pradesh and Maharashtra are the states with most districts

7There are three cropping cycles in India: Kharif (July-October), rabi (October-march) and summer (march-June). Kharif

is the main cropping season, significantly affected by monsoon rainfall (Prasanna, 2014) Rabi season depends on the moisture

retained in the soil from the monsoon rainfall.

8For more details on weather data, please refer to Appendix section B, ‘Rainfall and Temperature Data’.
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and households. Assam is the state with the fewest households. The districts are more or

less evenly distributed across the country.9

Figure 2: Variation of Drought Intensity in Wave-1 across Sample Districts in the Study

The blue shaded districts are included in the sample. 184 in-sample districts are spread across 18 states (North: Himachal
Pradesh, Punjab, Uttaranchal, Haryana, Rajasthan, Uttar Pradesh; East: Bihar, Assam, West Bengal, Jharkhand, Orissa;
Central: Chhatishgarh, Madhya Pradesh; West: Gujarat, Maharashtra; South: Andhra Pradesh, Kerala, Tamil Nadu. The
shades of blue shows the intensity of the drought. Darker shades indicate more intense drought.

Table 1 summarizes the study sample. The top half of the table shows that the

average number of household members decreases from 6 to 4, reflected through decreases

in males (3 to 2 members) and females (3 to 2 members) because of household splits and

migration.10 Population aging over the last twenty years has led to an increase in the number

of seniors and a decrease in the number of children. The number of working-age members

remains more or less the same across the three waves. Approximately 70% of households

own land and 60-70% of those households cultivate their farmland. More than half of the

working-age members are employed in agriculture, which is also reflected in the fraction of

9Appendix Figure F1 shows the drought intensity across sample districts in Wave-2 and Wave-3.

10Household splits are events characterized by some members, particularly a son moving into a new household.
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Table 1: Summary statistics across three waves

Characteristics Wave-1 Wave-2 Wave-3

Number of States 18 18 18

Number of Districts 184 184 184

Number of Households 7,999 7,999 7,999

Household members 6.13 6.17 4.29

Household female members 2.94 3.01 2.02

Household male members 3.18 3.16 2.27

Household working age members 3.52 3.81 3.17

Land Owners 0.68 0.67 0.69

Land Cultivators 0.71 0.60 0.64

Working age household members employed in Agriculture 1.70 2.63 2.26

Household Job Count 2.63 3.41 2.90

Fraction of Agricultural Jobs 0.69 0.73 0.65

Household Annual Labor Hrs 3500 4206 3619

Fraction of Agricultural Labor Hrs 61.50◦ 62.81 55.84

Mean household Income (in 2012 rupees) 32,069 92,246 118,784

Mean household Agricultural Income 17,964 49,823 57,547

Yearly z-score last year 0.79 0.49 0.29

Monsoon z-score last year 0.70 0.41 0.28

Non-monsoon z-score last year 0.53 0.54 0.42

Min temp last year 17.73 17.03 17.19

Max temp last year 32.30 32.92 33.26

Min monsoon temp last year 26.91 27.18 27.32

Max monsoon temp last year 31.59 31.66 31.65

Min non-monsoon temp last year 17.73 17.03 17.19

Max non-monsoon temp last year 31.45 32.33 33.16

The upper panel of the table summarizes the mean of the household characteristics across the three waves. The lower panel
tabulates the z-scores and temperature variables for the last year for each wave. The agricultural hours for the first wave
(◦) is imputed based on a Lasso-type regression, elaborated in appendix section ‘Imputation of Labor Hours in Wave-1’.
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agricultural jobs and hours. There has been an increase in real household income across the

three waves from 32,906 rupees in Wave-1 to 118,784 rupees in Wave-3 (expressed in 2012

rupees). The mean and median household income differs greatly due to the concentration of

income among a small number of households with large land-holdings.

The lower part of the table summarizes the climate variables. The lagged z-score

measures show a higher value for yearly and monsoon-season measures of drought in Wave-1

relative to later waves. This implies that more households experienced drought or that the

drought that households faced in Wave-1 was more severe compared to the next two waves or

both. The minimum and maximum monthly temperatures vary between 17-degree Celsius

and 33-degree celsius across the three waves. The monsoon season has a hotter minimum

temperature because of the earlier onset of monsoon which overlaps with the late summer.

3.2 Regression-Based Evidence

In this section, I use panel-data regressions to document two key facts that motivate

the model that I build in section 4.

Fact 1: Diversification from Agriculture. Households allocate more labor to the non-

agriculture sector following a drought.

Supporting evidence for Fact 1 comes from a regression where the dependent vari-

able measures the agricultural labor share expressed as the percentage of total labor for

household i, living in district d, in year t (Yidt).

Yidt = β0 + β1Ddt−1 + Tdt−1β2 + Xidtβ3 + αi + δt + εidt (1)

The covariates include a vector of time-varying household characteristics, Xidt,

which contains the number of household members, the number of adult female members,
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the number of adult male members (age 14 to 65), and two indicators for the household

head’s education level: secondary and above, and college and above. These characteristics

help to control for the changing demographics of household composition over time. Ddt−1

is a lagged measure of drought that varies by district d and year t-1. Specifically, Ddt−1 is

the z-score measure of drought defined in Section 3.1.2. Higher z-scores indicate more severe

droughts. I also include a vector of the additional temperature-related variables defined in

Table 1, Tdt−1. Finally, household and year dummies are included to absorb the effects

of unobservable household characteristics (αi) and time effects (δt) that may influence job

allocation within and across households. I cluster standard errors at the district level to

coincide with the spatial resolution at which drought is measured (Bertrand et al. (2004),

Wooldridge (2003)).

In equation (1) the effect of drought on household labor allocation is identified by

spatial and temporal variation in the timing of drought experienced by individual households.

β1 is identified by within-household variation of the timing of last year’s drought shock,

conditional on weather covariates, and household covariates.

Table 2 summarizes the results for three different definitions of drought. Column

(1) defines drought as a z-score over the entire prior year, using the information on rainfall

during both the monsoon and non-monsoon seasons. Columns (2) and (3) define drought

based on z-scores for the monsoon and non-monsoon seasons exclusively. In column (1),

the drought coefficient is negative and significant. The results columns (2) and (3) show

that this is driven by rainfall during the non-monsoon season. The drought coefficient in

column (2) is also negative, but smaller in magnitude and statistically indistinguishable

from zero. Overall, the results suggest that a one-unit increase in drought z-score (one

standard deviation higher), leads to a 1.88 percentage point decrease in agricultural hours

in a household. Since the average households’ percentage of labor in agricultural activities

is 60.05, a standard deviation increase in the z-score (implying a more severe drought) leads

to a 3.05% decrease in the agricultural labor share within the household.11

11The results in Table 2 are also broadly consistent with the findings of Skoufias et al. (2017). One difference is that Skoufias
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Table 2: The effect of drought on the agricultural labor share

(1) (2) (3)

Lagged z-score (year) -1.833∗∗

(0.707)

Lagged z-score (monsoon) -1.367

(0.897)

Lagged z-score (non-monsoon) -2.304∗∗

(0.892)

HH fixed effects Yes Yes Yes

Year fixed effects Yes Yes Yes

N 22,175 22,175 22,175

R2 0.025 0.020 0.022

mean dep var 60.05 60.05 60.05

sd dep var 37.52 37.52 37.52

The dependent variable measures the agricultural labor share,
scaled from 0 to 100. Each column records results for a different
definition of drought. In column (1), drought is defined as the z-
score for last year, in column (2), it is defined as the z-score for
the last monsoon term and in column (3) for the last non-monsoon
term. For each column, household controls and temperature con-
trols for appropriate period corresponding to the drought definition
are used. Standard errors in parentheses.
* p < 0.1, **p < 0.05, *** p < 0.01

These results align with previous findings. For examle, weather-driven reductions

in agricultural labor demand have been found to cause people to move to the manufacturing

sector (Colmer, 2018). Kochar (1999) and Rose (2001) also show that off-farm employ-

ment increases following negative shocks to agriculture. Further, drought is believed to be

one of the primary causes of poor agricultural output (Colmer, 2018) and consequently,

farmer suicides (Carleton, 2017). Labor market adaptation to agricultural shocks through

et al. (2017) defines occupational diversification for each household member as the probability that non-head member ‘i’ in

household ‘j’ in district ’d’ has the same occupation or employment characteristics as the household head. Their sample is

restricted to households whose head works in agriculture. I do not restrict the head to be employed in agriculture. I observe

how the proportion of agricultural hours within a household is changing ex-post a drought. This could potentially imply I am

capturing a more diverse population of rural households, not restricting based on the household head’s occupation.
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migration (Morten et al. (2015), Gray and Mueller (2012)) and through reallocation to he

non-agricultural sector (Kochar (1997), Kochar (1999), Rose (2001), Bandyopadhyay and

Koufias (2012), Skoufias et al. (2017), Noack et al. (2019)) have been well documented.

Fact 2: Landowner Hysteresis. Households that own farmland are less likely to reallocate

labor to the non-agriculture sector following a drought.

To investigate how ties to land affect the way that households adjust to weather

shocks, I extend the regression in (1) to add a new variable Hid1 that interacts the lagged

drought variable with an indicator for whether the household is a landowner in IHDS Wave

1 (1993-94).

Yidt = β0 + β1Ddt−1 + β2Hid1Ddt−1 + Tdt−1β3 + Xidtβ4 + αi + δt + εidt (2)

Notice that Hid1 does not enter the model in levels because it is time-invariant

and would thus be absorbed by the household fixed effect, αi. The parameter of interest,

β2, captures how landownership modifies the effect of drought on labor allocation. β1 + β2

measures the total effect of drought on the fraction of agricultural hours.

Table 3 reports results. A drought significantly reduces subsequent agricultural

hours by 6.12 percentage points for households with no land ownership. Similar effects are

seen both over monsoon and non-monsoon seasons. Agricultural hours decrease by 5.87

percentage points for a unit increase in monsoon z-score and 4.99 percentage points for a

unit increase in non-monsoon z-score. Further, land ownership seems to be an important

determinant of labor reallocation decisions. Landowners’ agricultural labor share is negligibly

affected by a unit increase in last year’s z-score. The average fraction of agricultural hours

in the sample is 60.05%, so landless households see a decrease 10.2% for a unit increase in

lagged z-score for the last year with no significant change in the fraction of agricultural hours

for landed households.12

12I consider three alternate definitions of land ownership. First is the indicator of household land ownership, described in
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Table 3: Hetereogenous Treatment Effect: Land ownership

(1) (2) (3)

Lagged z-score (year) -6.121∗∗∗

(1.250)

Land ownership X Lagged z-score (year) 6.383∗∗∗

(1.434)

Lagged z-score (monsoon) -5.871∗∗∗

(1.461)

Land ownership X Lagged z-score (monsoon) 6.788∗∗∗

(1.647)

Lagged z-score (non-monsoon) -4.998∗∗∗

(1.397)

Land ownership X Lagged z-score (non-monsoon) 3.848∗∗

(1.705)

HH fixed effects Yes Yes Yes

Year fixed effects Yes Yes Yes

Land ownership X Lagged z-score + Lagged z-score 0.262 0.917 -1.150

(0.766) (0.925) (1.071)

R-squared 0.0284 0.0233 0.0231

Observations 22,175 22,175 22,175

mean dep var 60.05 60.05 60.05

sd dep var 37.52 37.52 37.52

The dependent variable is the percentage of agricultural hours in household ‘i’ located in dis-
trict ‘d’ in year ‘t’. Each column records results for a different definition of drought. In column
(1), drought is defined as the z-score for last year, in column (2), it is defined as the z-score
for the last monsoon term and in column (3) for the last non-monsoon term. For each col-
umn, temperature controls are used for the appropriate period corresponding to the drought
definition. Land Ownership is an indicator that takes value 1 if the household owns land at
baseline, 0 otherwise. Standard errors in parentheses. * p < 0.1, **p < 0.05, *** p < 0.01

the text. This definition allows me to identify the effect of ownership alone. It does not indicate that farmland is used for

agricultural activities. To understand how ownership alone differs from ownership of farm-land used for cultivation, I repeat

the estimation after replacing the ownership indicator with an indicator for cultivation at baseline. The final measure is the

fraction of agricultural income at baseline. A higher fraction of baseline agricultural income would imply a greater investment

in agriculture. I expect the sign of β2 to be positive with varying magnitude for the three above mentioned definitions as

land attachment prohibits sectoral mobility of labor Appendix Table A4 and Table A5 resonate the same result in Table 3

with varying magnitude when the heterogeneous treatment effect is land cultivation and the fraction of agricultural income at

baseline respectively.
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I consider several potential explanations for the differential effect of drought on

landed and landless households. First, rural Indian households have strong ties to the land

due to patrilineal land inheritance customs (Agarwal and Bina, 1994; Fernando, 2020), per-

ceiving land as a mark of identity (Sharma (2007), Jodhka (2006)) and taking care of inheri-

tance as a sacred duty as prescribed in Hindu customs (Bhat and Dhruvarajan, 2001). I test

this hypothesis by using the data on religion. Appendix Table A6 shows that Hindu house-

holds with land (around 62% of households in the sample) allocate more labor to agriculture

when they experience drought last year relative to non-Hindu households with land.

Second, high capital investment in agriculture may create large fixed costs of moving

out of agriculture. Rural households own farm equipment that facilitates agricultural pro-

duction. However, this equipment can be costly and hard to sell. The most common types of

farm equipment owned by IDHS households include tubewells, electric pumps, diesel pumps,

bullock carts, tractors, thresher, and biogas plants. Since most households in the sample

own basic farming equipment there is not much variation in the data to enable me to test

for switching costs due to farm equipment ownership.13 However, data on spending on new

equipment in Wave-2 and Wave-3 allowed me to check whether landowners are investing

more in farm equipment following a drought. I find that there is no significant effect of

landownership on farm equipment spending, implying that investment in farm equipment is

a reason to stay in agriculture. Appendix Table A9 tabulates the results.

Lastly, to understand whether land ownership helps in networking and credit access,

I test whether landed households have accessed more loans in the last 5 years. I use the

“loan taken” indicator as the dependent variable in specification (2). I find that there is no

significant effect of land ownership on loans taken in the last five years. Appendix Table

A10 documents the results of the specification.

In summary, I find that drought increases the likelihood that landless households

move away from agriculture in the year following a drought, whereas I do not find any

13There are only 5 households at baseline that do not possess any farm equipment. Appendix Table A7 and Table A8 report

data on specific and total tool count of households in Wave-1.
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such effect for landed households. Most evidence suggests that landed households exhibit an

attachment to land which stems from non-pecuniary factors. In order to explain these results

and consider their policy implications, I develop a partial equilibrium model of household

labor allocation in an economy with agricultural and non-agricultural sectors.

4 Model

4.1 Setting

Consider an economy with two types of households indexed by j = {f,nf}. Those

indexed by ‘f’ own farmland and those indexed by ‘nf’ do not own farmland. I will continue

to refer to these two groups as “landed” and “landless”. There are two sectors of production:

agriculture, a, and non-agriculture, m. Every household j is endowed with τ units of labor.

Households face drought realizations at the beginning of each period z ∈ {0, 1} that affects

wages (wa(z), wm(z)) and farm income (π(z)). After drought shocks are realized, household

j decides how to allocate labor to the agriculture sector, lajz , to the non-agriculture sector,

lmjz , and to leisure, ljz. They receive the associated wages and farm income at the end of

the period, which in turn, determines household consumption cjz. The landed households, ‘f’

only receive the farm income. The timeline is as follows:

Figure 3: Timeline

Drought

Weather

z ∈ {0, 1}

Realization

↓
{wm, wa, π}

Ag Labour : laz

Decision

Non-Ag Labour : lmz
Leisure : lz

Consumption: cz

Wages

Payoffs

wm(z)
wa(z)
π(z)
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4.1.1 Preferences

Households receive utility from consumption, cjz, and from working in agriculture,

lajz . They experience disutility from working, Ljz. The utility function is as follows:

U j
z (cjz, l

aj
z , L

j
z) =

(cjz)
1−σ

1− σ
+ ψjz(l

aj)δ − kjz(Ljz)α (3)

The first part of the utility function is a standard CARA specification. The second

term represents the attachment to agriculture, similar to Zimmermann (2020). The last term

represents the preference for leisure. This follows Greenwood et al. (1988) and is standard

in the literature. The parameter σ is the curvature parameter on consumption. δ is the

curvature parameter on the utility benefit of working in agriculture. ψjz is the heterogeneous

land attachment parameter. It is allowed to differ across landed and landless households and

across drought and non-drought states. A higher value of ψjz implies a stronger preference for

agricultural work. kjz is the heterogeneous leisure parameter that also varies across household

types and drought states. A higher value of kjz implies a higher preference for leisure.

4.1.2 Constraints

Agriculture wages, waz , and non-agriculture wages, wmz , are both potentially affected

by the weather realization, z. Additionally, households that own land receive farm income,

π(z), which is also affected by drought occurrence z. Total household time, τ , is divided

into labor supplied, Ljz, and leisure, ljz. Labor hours are then divided between agricultural

work, lajz , and non-agricultural work, lmjz . The budget and time constraints for the landed

households are thus as follows:
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cjz = waz l
a,j
z + wmz l

m,j
z + πz (4)

Ljz = la,jz + lm,jz (5)

τ = Ljz + ljz (6)

Landless households face the same set of constraints except that their budget constraint

excludes farm income, as they do not own land.

4.2 Household Optimization Problem

The optimization problem for a landed household can be represented as follows:

max
la,fz ,lm,f

z

(cfz )
1−σ

1− σ
+ ψfz (la,fz )δ − kfz

2
(Lfz )

α (7)

s.t. cfz = waz l
a,f + wmz l

m,f + πz (8)

Lfz = la,fz + lm,fz (9)

τ = Lfz + lfz ∀z ∈ {0, 1} (10)

Given the intital weather realizaton, the wages in the agriculture and non-agriculture

sectors, and the total time endowment, landed households solve the constrained optimiza-

tion problem in (7)-(10) by choosing their optimal labor allocation and consumption in both

drought (i.e., z= 1) and non-drought (i.e., z=0) states i.e. by choosing l̂a,f1 , l̂m,f1 , L̂f1 , ĉf1 , l̂a,f0 ,

l̂m,f0 , L̂f0 , and ĉf0 .

Rearranging the first-order conditions yields two key equations that summarize households’
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decision rules.14

(cfz )
−σwmz = kfzα(la,fz + lm,fz )α−1 (11)

(wmz − waz ) =
ψfz δ(l

a,f
z )δ−1

(cfz )−σ
=
MUlaz
MUcz

(12)

The comparative statics of equation (11) imply that landed households decide how

much labor to supply (Lfz ) across drought and non-drought based on the wages in that

state. If wages fall, households supply less labor. Total labor supply (Lfz ) is allocated to

the agriculture (la,jz ) and non-agriculture sectors (lm,jz ), governed by the first-order condition

shown in equation (12). Specifically, the amount of labor allocated to agriculture is governed

by the difference in wages between the two sectors and the ratio of the marginal utility of

working in agriculture to the marginal utility of consumption.

Figure 4: Household Labor Allocation Decision

0 Ag Labor, la,j0

Consumption, cj

U j
1 (cj, la,j, ψj1)

U j
2 (cj, la,j, ψj2)

wm1 − wa1(drought)

wm0 − wa0(non-drought)

la,j1

A

la,j0

B

The above figure shows the allocation of labor across drought and non-drought states. A higher value of ψj implies greater
attachment to land and a higher allocation of labor into the agriculture sector.

14For the detailed first-order conditions, refer to the Appendix section E, ‘Model’.
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Figure 4 provides the graphical intuition for the sectoral labor allocation decision.

The utility function parameters are set to make utility concave. The slope of the utility

function in the consumption-agriculture labor space is given by the rightmost part of equation

(12). The smaller the difference in sectoral wages, the higher the allocation of labor to

agriculture (labeled B). The wage difference during drought (wm1 − wa1) is higher compared

to the wage difference during non-drought (wm0 − wa0). Therefore, households allocate less

labor to agriculture during a drought (labeled A). It is important to note that the total

labor supplied is different in each state. Thus, the reduction in agricultural labor does not

necessarily imply a decrease in the share of agriculture labor hours. All else constant, a

higher value of ψ implies higher attachment to agriculture and hence a higher utility level.

Therefore irrespective of the wage difference in each state, households with higher ψ will

allocate more labor to the agriculture sector.

The optimization problem for a landless household can be represented as follows:

max
la,nf
z ,lm,nf

z

(cnfz )1−σ

1− σ
+ ψnfz (la,nfz )δ − knfz

2
(Lnfz )α (13)

s.t. cnfz = waz l
a,nf + wmz l

m,nf (14)

Lnfz = la,nfz + lm,nfz (15)

τ = Lnfz + lnfz ∀z ∈ {0, 1} (16)

Given the intital weather realizaton and taking wages, waz and wmz and the total

time endowment τ as given, landed households maximize their utility function (13) given

the constraints (14)-(16) by choosing the optimal labor allocation and consumption in both

drought (i.e., z= 1) and non-drought (i.e., z=0) states by choosing l̂a,nf1 , l̂m,nf1 , L̂nf1 , ĉnf1 , l̂a,nf0 ,

l̂m,nf0 , L̂nf0 , and ĉnf0 .
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The tradeoffs faced by landless households are similar to the landed households with

two distinctions. First, landless households may have different values for the attachment

to land parameter ψnfz and the leisure parameter knfz compared with landed households.

Second, as noted earlier, the landless households do not have farm income, π. Apart from

these differences, the landed and landless households face similar tradeoffs in deciding how to

allocate labor across the agriculture and non-agriculture sectors in drought and non-drought

states.

5 Results

I calibrate the model to match the labor allocation decisions of rural Indian house-

holds across drought and non-drought periods. First, I calculate wages using the National

Sample Survey (NSS) data of India. Next, I calibrate a subset of the parameters that are

not identifiable in my data by fixing them at values estimated in prior studies of developing

countries. Lastly, I use the method of moments to recover the remaining parameters to

match data moments.

5.1 Calibration

The Employment and Unemployment surveys of the National Sample Survey (NSS)

provides national and state data on wages paid to labor. I use three rounds of the NSS dataset

(that correspond to the survey years of the IHDS dataset) to calculate hourly wages in rural

India for 2011-12, 2004-05, and 1993-94. The NSS does not follow the same households

over time. However, the NSS income module is more detailed than IHDS. The NSS records

industry code, hours worked in any job in the last week, and the total payment at the end of

the week. I assume that a full day of work is equivalent to eight hours of work. I convert the

days of work into hours worked last week. The hourly wage is the total weekly payment di-

vided by the number of hours worked. Based on the National Industrial Classification (NIC),
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the wages are classified as agriculture or non-agriculture. I further stratify agriculture and

non-agriculture wages into drought and non-drought periods. For instance, agriculture wage

during drought is measured as the average agriculture wage among districts that experienced

a drought. I use the most recent round of 2011-12 wages for the calibration exercise.

Table 4: Calibration Summary

Parameter Source Value

Hourly ag wage (drought) wa1 Data 17.09

Hourly ag wage (non-drought) wa0 Data 20.82

Hourly non-ag wage (drought) wm1 Data 33.43

Hourly non-ag wage (non-drought) wm0 Data 33.34

Farm Income (drought) π1 Data 32,648

Farm Income (non-drought) π0 Data 51,215

Curvature parameter on consumption σ Literature 0.7

Curvature parameter on leisure α Literature 2

Curvature paramter on ag attachment δ Literature 0.5

Ag attachment for Landed HH (drought) ψf1 Method of Moments 0.4480

Ag attachment for Landed HH (non-drought) ψf0 Method of Moments 0.2883

Leisure parameter for Landed HH (drought) kf1 Method of Moments 2.3250

Leisure parameter for Landed HH (non-drought) kf0 Method of Moments 2.0260

Ag attachment for Landless HH (drought) ψnf1 Method of Moments 0.4018

Ag attachment for Landless HH (non-drought) ψnf0 Method of Moments 0.3065

Leisure parameter for Landless HH (drought) knf1 Method of Moments 2.6370

Leisure parameter for Landless HH (non-drought) knf0 Method of Moments 2.5400

Note: The leisure parameter is measured in units of 10−6. Hourly wages are measured in rupees.

The top part of Table 4 reports sectoral wages across drought and non-drought

periods for 2011-12. Agriculture wages are lower by 3 rupees for the drought-affected dis-

tricts. However, the wages in the non-agriculture sector differ only by 0.1 rupees. I calculate
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the average farm profit among landowners from Wave-3 of the IHDS dataset. IHDS records

farm income separately for each household that owns land. Using the drought status for the

year 2011, I calculate the average farm income for drought and non-drought districts. Farm

income is 36% higher for the non-drought period, compared to the drought period, reflecting

lower productivity during drought.

The middle part of Table 4 summarizes how I choose {σ, α, δ} from the prior liter-

ature since they are not easily identified by the available data. First, I set the consumption

curvature parameter to 0.7 which falls toward the middle of the range of estimates from

prior studies. For example, an experimental study conducted on rural households in India

concluded that they are moderately risk-averse (Binswanger, 1980) with a partial risk aver-

sion coefficient is between 0.316 and 0.812. More recently, Sengupta (2011) finds that rural

households exhibit intermediate-risk aversion with a partial risk aversion coefficient between

0.81 and 1.74. After estimating the model with sigma=0.7, I repeat the estimation and anal-

ysis of counterfactuals using alternative values for the consumption curvature parameters in

the interval suggested by prior literature [0.32,1.74] and report the results in the sensitivity

analysis subsection.

Next, I set the value for α, the curvature parameter on total household labor

supplied (L), to be 2, following work on real business cycle models. Lastly, I set δ, the

curvature parameter on the preference for agriculture work, to be 0.5. Zimmermann (2020)

proposes there is an affinity to work on one’s farm in rural India. The additively separable

part of the utility function denoting affinity to work on land exhibits diminishing returns to

scale. Technically, the logical range for δ is (0,1). The sensitivity analysis in appendix F

discusses results for alternative values of δ above and below 0.5.

I jointly calibrate the remaining eight parameters {ψf1 , ψ
f
0 , k

f
1 , k

f
0 , ψ

nf
1 , ψnf0 , knf1 , knf0 }

to match the eight data moments constructed from the three waves of the IHDS dataset.

These parameters are the attachment to agriculture, ψ, and leisure preference, k, across

drought and non-drought periods for landed and landless households. The four data mo-
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ments for the landed households are: average total household labor hours in agriculture dur-

ing drought periods, average total household labor hours in agriculture during non-drought

periods, average total household labor hours in non-agricultural work during drought peri-

ods, and average total household labor hours in non-agricultural work during non-drought

periods. I use these moments to calibrate the attachment to agriculture across drought, ψf1 ,

and non-drought states, ψf0 , and the leisure parameter across drought, kf1 , and non-drought

states, kf0 . I follow an analogous procedure for landless households. Table 5 shows how well

the model moments match the data moments for landed and landless households.

Table 5: Model Fit: Targeted Moments

Data Moments Model Moments % Difference

Landed

Ag labor hours (drought) 2,514 2,513 -0.04

Ag labor hours (non-drought) 2,370 2,368 -0.08

Non-ag labor hours (drought) 1,419 1,420 0.07

Non-ag labor hours (non-drought) 1,522 1,525 0.20

Landless

Ag labor hours (drought) 1,598 1,599 0.06

Ag labor hours (non-drought) 1,691 1,691 0.00

Non-ag labor hours (drought) 2,300 2,297 -0.13

Non-ag labor hours (non-drought) 2,214 2,215 0.04

To see the intuition for identifying sources of variation in the data that support the

joint calibration, first consider the calibration for landed households. The leisure parameter,

kfz , affects the total labor supplied in any state, i.e., the total labor hours in agriculture and

non-agriculture sectors. A lower value of kfz implies more labor supplied, ceteris paribus. The

total agriculture labor hours and non-agriculture labor hours moments help to identify the

leisure parameter. Further, the attachment to land parameter, ψfz , plays a key role in the de-
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cision of how much labor to allocate to the agricultural sector. A higher value of ψfz implies a

higher allocation of agriculture labor hours, holding everything else constant. Therefore, the

agriculture labor hours moment helps to pin down the attachment to agriculture parameter.

The calibration for landless households follows the same logic.

5.2 Interpretation of Parameters

The results of the calibration exercise are presented in the bottom part of Table 4.

For the landed households, the attachment to agriculture parameter is 0.448 during drought

periods and 0.2883 during non-drought periods. A higher value of the attachment to agricul-

ture parameter denotes a higher preference for agricultural work. Drought is characterized

by low rainfall and more generally, very dry weather. Rural landed households in India with

attachment to their land require more workers in the farm to produce during the dry season

(Fernando, 2020). This is reflected through the higher value of ψnf1 . Landless households

show the same pattern for the attachment to agriculture parameter even though the magni-

tude differs; it is 0.4018 for the drought state and 0.3065 for the non-drought state. Taken

together, these results suggest that moving out of agriculture entails adjustment costs or bar-

riers to entry in the non-agriculture sector. A higher value for the attachment to agriculture

parameter for landless households captures these abovementioned costs. These are higher

during drought periods compared to non-drought periods implying a greater impediment to

switching sector during unfavorable weather.

A higher value for the leisure parameter, k, implies a stronger preference for leisure.

All else constant, a higher value for k implies less labor supplied. Since labor is measured

in annual hours, the value of the parameter is very small. The value of leisure is higher

during drought for landed and landless households. The unfavorable weather conditions in

a tropical country during drought leads to a higher preference for leisure.
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5.3 Non-Targeted Moments

Table 6 reports the non-targeted moments. Given that the model is a simple static

model of labor allocation, the choice for non-targeted moments is limited. Total income and

consumption are the most natural options for non-targeted moments. Household surveys are

found to underestimate income data (Ravallion, 2001). Therefore, I compare consumption

across drought and non-drought states for each type of household.

Table 6: Non-Targeted Moments

Data Moments Model Moments % Difference

Landed HH

Consumption (drought) 98,296 1,20,050 -18.12

Consumption (non-drought) 1,25,203 1,62,010 -22.72

Landless HH

Consumption (drought) 78,657 84,112 -6.48

Consumption (non-drought) 95,869 1,00,990 -5.07

There is a non-trivial difference between the model’s predicted consumption and

data on consumption. This may be because the model does not include savings or investment.

In the model, income is consumed in each period. Landed households exhibit a sizeable

difference compared to landless households. This follows from the fact that landed households

have a greater potential to accumulate wealth and, hence, save and invest more than the

landless households.
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6 Counterfactual Analysis

In this section, I use my calibrated model to conduct two quantitative exercises.

First, using drought projections reported by the Intergovernmental Panel on Climate Change’s

(IPCC) 5th assessment report, I predict the agriculture labor share across landed and land-

less households for the next 30 years. Second, I calculate the government subsidy to non-

agricultural labor that would be needed to achieve the goals of the well-publicized ‘Make

in India’ campaign that was launched in September 2014 in response to one of the slowest

growth periods in the history of the Indian economy.

6.1 Drought Projections

My analysis is motivated by the fact that the IPCC’s fifth assessment report

(Pachauri et al., 2014) predicts an increased risk of drought in Asia in both the near term

(2030-2040) and the long term (2080-2100). The IPCC determined the extent of risk based

on the following factors: magnitude; high probability or irreversibility of impacts; timing of

impacts; persistent vulnerability or exposure contributing to risks; or limited potential to

reduce risks through adaptation or mitigation. Based on these factors, the IPCC concluded

that in the near term, drought risk is low to medium. In the long term, drought risk is a

function of how much mean temperatures rise above the pre-industrial levels. For a 2◦C

increase in the mean global temperature, there could be low to medium risk and for a 4◦C

increase in mean global temperature, the risk could be medium to high, depending on the

current level of adaptation.

Additionally, Gupta and Jain (2018) provides drought predictions through the end

of the 21st century for India specifically using precipitation and temperature data obtained

from Regional Climate Models (RCMs). Their analysis suggests that Northern and North-

western India may face increasing frequency of drought in the near future (2021-2050). In

the more distant future (2071-2100), most parts of India are expected to face increasing
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frequency of drought except for south-eastern regions such as Odisha, Chhattisgarh, and

parts of Maharashtra, Madhya Pradesh, and Telangana. These projects match the IPCC

report in predicting that India will witness more frequent droughts in the future.

In order to understand how I use my model to simulate the effects of drought

projections, it is important to first reiterate that my model matches the labor hours of

landed and landless households across drought and non-drought states. It also matches the

share of agricultural labor across household type and drought status. In a drought (non-

drought) year, the share of agriculture labor in a landed household is 61.44% (59.86%) and

in a landless household is 56.28% (61.34%). I use these results to define the baseline share of

agriculture labor for the future. Then I use the model to predict how labor allocation would

adjust to increased frequency of droughts in India.

Figure 5: Increase in Drought Frequency and Household Agriculture Labor Share
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I consider a near-future period as a span of 30 years. I find that there were zero

to nine yearly droughts between 1981-2010 across the districts in India. I use my model to

calculate the average share of agriculture labor in rural households over the next 30 years,

as the number of droughts experienced increases. Since I abstract away from changes in

the severity of drought, which is also predicted to increase under climate change, the results

of this experiment are best interpreted as the lower bounds on future changes in the labor

shares.

Figure 6: Increase in Drought Frequency and Average Agriculture Labor Share

Note: The weights used in the weighted average are the proportion of each type of household.
In the IHDS dataset, there were 70% landed households and 30% landless households.

Figure 5 shows the model-predicted relationship between drought and average agri-

culture labor share across landed and landless households. Given that the attachment to

agriculture is stronger for the landed households during droughts, I find that the landed
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households will continue to allocate more household members to agriculture as the number

of droughts increase. I find that the opposite is true for the landless households, who are

more likely to move away from agriculture in response to drought. Focusing on the scaling

of the y-axis shows that the share of agriculture labor does not change drastically with an

increase in drought.

Given that droughts have opposite effects on the agricultural labor share for landed

and landless households, I calculate the net effect on the average share of agriculture labor.

Figure 6 plots the weighted average of agriculture labor share. The weights used are the

proportion of landed (70 percent) and landless (30 percent) households in the sample. My

model predicts that the share of agriculture labor falls marginally. Specifically, the difference

in the 30-years average household agriculture share is only around 1-2% even when droughts

occur every year. While the percentage change is small, it implies that 2.5 to 5 million

individuals would exit the agricultural sector.

6.2 Targeting Structural Transformation

To encourage manufacturing in India, the Indian government launched the ‘Make

in India’ initiative in 2014 during one of the slowest growth periods in modern history. The

main objective of the initiative was to increase the manufacturing share of GDP to 25% in

the near future (from 15% in 2013). Other objectives of the campaign were to facilitate

investment, foster innovation, enhance skill development, protect intellectual property, and

build manufacturing infrastructure. Most East Asian and Southeast Asian countries that

have achieved high sustained growth rates experienced industrialization before the rise of

the service sector. However, India faces different circumstances. The agriculture sector

employs approximately half of the labor force, but contributes the least to the GDP. The

service sector produces most of the output, around 60% of the GDP, and ranks second after

agriculture in terms of employment. Manufacturing ranks behind services in terms of GDP

share and employs the fewest individuals, playing a relatively minor role in the economy.
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Thus, in principle, a re-alignment of the labor force toward more productive activities could

yield large benefits in terms of economic growth.

Green (2014, 2015) study the effectiveness of the ‘Make in India’ campaign and

argue that the status quo would continue the prevalence of labor in low-productivity sectors

and suggest that labor reforms are needed to achieve the targets. In Table 9, I report the

agricultural labor shares suggested by Green (2015) under ‘no reform’ and ‘with reform’

scenarios. The no-reform scenario, predicts that the share of agricultural employment would

be around 35% by 2035. The GDP share of manufacturing in 2035 would be 13%, way

below the target of 25%. Some of the reforms suggested include reducing labor regulations,

facilitating land acquisition, improving business-government relations, and providing public

goods (judicial reforms, institutional reform, education, and infrastructure). Furthermore,

Green (2015) predicts that structural transformation is necessary to achieve the 25% manu-

facturing share of GDP. Increasing the share of manufacturing in GDP to 25% from 15% in

2013, would imply reducing the agriculture employment share to as low as 25% by 2035.

Table 7: Agriculture Employment Share Predictions

Year
Agriculture Employment Share

With Reform Without Reform

2022 38 -

2025 33 37

2035 25 35

Source: Green (2015)

The baseline share of agriculture labor in an average rural Indian household is

58.81% in a drought year and 60.65% in a non-drought year. Assuming the employment share

of the country is reflected through the employment share of the average rural household, I

quantify the non-agriculture wage increase required to achieve the structural transformation

target needed for manufacturing to increase to 25% of GDP. This quantitative exercise deter-

35



mines the wage growth needed to achieve those targets. Alternatively, it can be interpreted

as defining the government subsidy needed to finance the structural transformation target.

Figure 7: Percentage Increase in Non-Ag Wage to Achieve Ag-Share Targets

Note: Non-ag wage in 2011 was 33.43 for drought districts and 33.34 for non-drought districts.
The target ag employment shares are 38%, 33%, and 25% in the years 2022, 2025 and 2035,
respectively.

The nominal wage rates in 2011 for drought and non-drought districts are 33.43,

and 33.34, respectively. I treat 2011 as the baseline year and solve for the wage subsidies

required to meet the agricultural employment share targets under the current climate regime.

Figure 7 shows the percentage increase in the non-agriculture wages needed to achieve the

target agricultural employment shares for 2022, 2025, and 2035 for drought and non-drought

years. To achieve a 38% of agriculture employment share in 2022, my model predicts that

the non-agriculture wages would need to increase by 16.1% and 9.8% in drought and non-

drought affected regions, respectively; to achieve a 33% agriculture employment share in

2025, the non-agriculture wage would need to increase by 25% and 14% in drought and non-

drought affected regions, respectively; and to achieve a 25% agriculture employment share
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in 2035, the non-agriculture wage would need to increase by 49% and 28% in drought and

non-drought affected regions, respectively.15

The climate-change scenario for increased drought frequency would require the

growth of non-agriculture wages to be higher relative to the current climate regime. In

particular, landed households would require higher non-agricultural wages to induce them to

move out of agriculture in a drought scenario. For example, meeting the 2038 target would

require increasing non-agriculture wages by 28.1% or 9.36 rupees. For 75% of the working

population of 500 million individuals to be employed in non-agriculture, the government

would need to pay a wage subsidy of 7.4 trillion (2011) rupees (101.25 billion USD). In the

case of a drought, the increase in non-agriculture wages needs to be 48.7%, which is an

increase of 16.27 rupees, equivalent to subsidies of 12.9 trillion rupees (175.77 billion USD).

In terms of GDP, the required wage subsidy is around 5.5%, and is as high as 9.64% under

the climate-change scenario.

7 Conclusion

This paper extended the ”envirodevonomics” literature by investigating how land

ownership influences the effects of drought on occupation choices by rural Indian households.

I used high-resolution climate data combined with a survey panel data on households to

conclude that drought reduces the share of agricultural labor hours in rural households

overall, but this effect is driven by landless households that exit agriculture at a faster rate.

Landed households increase agricultural labor only slightly in response to drought. These

findings imply that land ownership is an important barrier to sectoral labor reallocation.

I then developed a partial equilibrium model of labor allocation across agriculture

and non-agriculture sectors. I calibrated the model to match the labor hours across landed

15Appendix Table A11 shows the level of non-agriculture wages needed to achieve the agriculture labor share targets across

drought and non-drought years.
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and landless households across drought and non-drought states and used the model to predict

how landed and landless households will respond to future climate change that increases

drought frequency. My results imply that landless households will tend to reduce their

agricultural labor share whereas landed households will allocate marginally higher labor to

agriculture as drought becomes more frequent. The net effect is a 1% to 2% decline in

agricultural labor, but this marginal change is equivalent to 2.5 to 5 million people leaving

agriculture.

I also predicted the non-agriculture wage subsidy that would be needed to achieve

the structural transformation targets of the ‘Make in India’ campaign. My findings suggest

that to achieve an agriculture labor share of 25% by the year 2035 in the absence of climate

change, the non-agriculture wage would need to increase by 28.1% relative to 2011. However,

this subsidy would need to be increased to as much as 48.7% in the presence of increased

droughts under climate change. Overall, the results of this paper highlight the importance

of institutional and cultural barriers in the adaptation process of rural households exposed

to climate change.
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Appendix

A Data Collection

The sample collection for the IHDS wave 2004-05 and 2011-12 was complex. The

sample for the 2004-05 IHDS wave is a composite of several separate sub-samples. The two

broad categories of the sub-samples are the re-interview sample of the households previously

interviewed in 1994-95 for the Human Development Profile of India (HDPI) and new house-

holds. The idea was to be able to conduct panel studies across individuals and households.

In the 2004-2005 sample, 15,000 households out of the original 33,230 households in the

HDPI survey, were eligible for reinterview. There was attrition based on household splitting,

migration, death, or other reasons. HDPI villages were randomly ranked within each HDPI

district and households were sampled within each stratum according to this ranking. If some

households could not be contacted, a replacement household was selected for re-interview

within that village to reach a quota. For the state of Karnataka, all records were lost. The

entire sample was new but was in similar proportions to the sampling of HDPI households.

IHDS extended the original sample. In addition to the 16 states, it added households in

randomly selected villages across 17 states and union territories. For all states, villages were

sorted by a random number within randomly sorted districts. To add urban households to

the existing sample, towns were sampled from the 2001 Census list. With the Census maps

as a guide, once a town was selected, a sample of 15 households was drawn from the towns

selected. In the later survey of 2011-12, 40,018 households were re-interviewed. 6,911 house-

holds were lost due to migration or death. 2,134 additional households were added because,

in some towns or villages, original households could not be contacted.

Table A1 summarizes the characteristics of households in the HDPI, IHDS 1, and

IHDS 2 survey waves, categorized by rural and urban households.
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Table A1: Summmary Statistics of HDPI (Wave-1), IDHS 1(Wave-2) and IHDS (Wave-3)

Characteristics Wave -1 Wave-2 Wave-3

Rural Rural Urban Rural Urban

# States 16 32 31 32 32

# Districts 195 277 218 273 234

# HH Count 33,230 26,734 14,820 27,579 14,573

# HH with landownership 0.65 0.60 0.08 0.62 0.10

# no adult HH 333 519 159 898 304

# HH members 5.85 5.36 4.88 4.90 4.76

# adults (15-65 years) 3.41 3.27 3.25 3.07 3.28

– female 1.64 1.63 1.61 1.57 1.65

– male 1.77 1.64 1.64 1.50 1.63

# seniors (above 65 years) 0.25 0.31 0.22 0.36 0.31

# child (below 15 years) 2.18 1.78 1.40 1.46 1.17

# members with a job 0.93 2.85 1.58 2.24 1.65

# members with only agri jobs 1.34 1.72 0.19 1.30 0.17

– female 0.44 0.90 0.10 0.70 0.10

– male 0.90 0.82 0.08 0.60 0.06

# members with only non-agri jobs 0.47 0.45 1.28 0.54 1.42

– female 0.07 0.08 0.22 0.11 0.29

– male 0.40 0.37 1.06 0.43 1.13

# members with agri and non-agri jobs 0.34 0.34 0.05 0.39 0.06

– female 0.04 0.06 0.01 0.10 0.14

– male 0.30 0.28 0.04 0.29 0.04

# HH jobs 2.50 2.85 1.58 2.64 1.70

# HH agri jobs 1.68 2.06 0.25 1.70 0.23

# HH non-agri jobs 0.81 0.79 1.33 0.94 1.48

# MGNREGA jobs - - - 0.32 0.02

HH total income 32,004 83,306 1,53,967 1,02,273 1,78,753

HH agri income 17,157 39,608 5,730 44,102 6,542

HH non-agri income 8,427 37,714 1,35,512 45,592 1,49,545

HH non-work income 943 5,984 12,725 12,578 22,666

HH MGNREGA income - - - 1,261 86

HH consumption (last month) - 2,756 3,979 5,809 8,448

HH consumption (last year) - 12,468 19,034 31,341 48,673

The table reports characteristics of the households in each wave, categorized into urban and rural regions. HH total consumption
data was not available for Wave-1. MGNREGA policy was made available between Wave-2 and Wave-3, mean of MGNREGA-
related variables are conditional on the households availing the policy.
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Table A2: Summmary Statistics of only HDPI (Wave-1), IDHS 1(Wave-2), IHDS (Wave-3)
and panel households considered in the study sample

Characteristics Wave -1 Wave-2 Wave-3 Panel

Rural Rural Urban Rural Urban HH

# States 16 32 31 32 32 18

# Districts 195 277 218 273 234 184

# HH Count 25,231 18,735 14,820 19,811 14,342 7,999

# Landownership HH 0.63 0.57 0.08 0.60 0.10 0.68

# no adult HH 333 519 159 898 304 0

# HH members 5.76 5.02 4.88 4.70 4.76 5.53

# adults (15-65 years) 3.38 3.04 3.25 2.88 3.27 3.50

– female 1.63 1.52 1.61 1.48 1.64 1.68

– male 1.75 1.51 1.64 1.40 1.63 1.82

# seniors (above 65 years) 0.26 0.29 0.22 0.34 0.31 0.33

# child (below 15 years) 2.13 1.69 1.40 1.48 1.17 1.70

# members with a job 2.12 2.30 1.52 2.09 1.64 2.26

# members with 1.31 1.53 0.19 1.17 0.17 1.68

only agri jobs

– female 0.43 0.80 0.10 0.64 0.10 0.78

– male 0.89 0.73 0.08 0.53 0.29 0.90

# members with 0.48 0.45 1.28 0.54 1.42 0.47

only non-agri jobs

– female 0.08 0.08 0.22 0.12 0.29 0.07

– male 0.40 0.37 1.06 0.43 1.13 0.36

# members with 0.32 0.31 0.05 0.37 0.06 0.39

agri and non-agri jobs

– female 0.04 0.06 0.01 0.09 0.02 0.07

– male 0.28 0.25 0.04 0.27 0.04 0.39

# HH jobs 2.45 2.61 1.58 2.46 1.70 2.98

# HH agri jobs 1.64 1.85 0.25 1.54 0.22 2.10

# HH non-agri jobs 0.81 0.76 1.33 0.91 1.48 0.88

HH total income 31,984 79,489 1,53,967 96,322 1,78,996 81,033

HH agri income 16,901 35,246 5,730 38,322 6,422 41,778

HH non-agri income 8,724 38,133 1,35,512 45,747 1,49,833 30,639

HH non-work income 999 6,109 12,725 12,253 22,740 6,668

The last column tabulates the means (across the three waves) of the characteristics of the households in the study sam-
ple. Columns (2) through (6) summarizes the means for households (not included in the study sample) unique to each
of the survey wave. Income is reported in 2012 rupees.
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Table A3: States, districts and household count in the sample

Region State District Count HH Count

North Himachal Pradesh 7 428

North Punjab 7 420

North Uttaranchal 3 83

North Haryana 10 570

North Rajasthan 14 767

North Uttar Pradesh 12 324

East Bihar 10 434

East Assam 1 6

East West Bengal 8 585

East Jharkhand 4 155

East Orissa 17 600

Central Chhatishgarh 14 419

Central Madhya Pradesh 22 893

West Gujarat 12 404

West Maharashtra 19 963

South Andhra Pradesh 10 420

South Kerala 3 121

South Tamil Nadu 11 407

Total Count 18 184 7,999
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B Rainfall and Temperature Data

Terrestrial Precipitation: 1900-2017 Gridded Monthly Time Series (V 5.01) data

archives precipitation measures in mm for each month from 1900 to 2017 for every 0.5-degree

by 0.5-degree latitude/longitude grid node. To compute the rainfall measure for a latitude-

longitude node, they combine data from 20 nearby weather stations using an interpolation

algorithm based on the spherical version of Shepard’s distance-weighting method.16 I com-

pute district-level rainfall as the average of the precipitation levels of each 0.5 degrees by

0.5 degrees latitude/longitude grid note within the geographical boundaries of the district.

District-level precipitation z-scores are calculated for the lagged monsoon and non-monsoon

periods. The z-scores are re-coded to represent a drought in the previous year in the follow-

ing way: districts with greater than zero z-scores are re-coded as zero z-score, districts with

less than zero z-score are re-coded as the absolute value of the z-score. Therefore, a higher

z-score implies a more severe drought. India receives 90% of the annual rainfall within the

monsoon months of June, July, August, and September. Agriculture is heavily dependent

on the monsoon rainfall. However, to take into account the possibility for multiple crop-

ping cycles, the yearly z-score is used in the primary specification.17 Additional results are

calculated for drought variable defined over the monsoon term (June-sep) to see an aggra-

vated effect. Drought defined over the non-monsoon (oct-may) term is used to explore the

additional effect of the dry season (Mueller et al. (2014)).

Terrestrial Air Temperature: 1900-2017 Gridded Monthly Time Series (Version

5.01)the dataset records monthly temperature data in degree celsius for each month from

1900 to 2017 for every 0.5-degree by 0.5-degree latitude/longitude grid node. They com-

pute the temperature data in the same way as the precipitation data. They combine data

from 20 nearby weather stations using an interpolation algorithm based on the spherical

16Willmott, C. J. and K. Matsuura (2001) Terrestrial Air Temperature and Precipitation: Monthly and Annual Time Series

(1950 - 1999)

17There are three cropping cycles in India: Kharif (July-October), rabi (October-march) and summer (march-June). Kharif

is the main cropping season, significantly affected by monsoon rainfall (Prasanna, 2014). Rabi season depends on the moisture

retained in the soil from the monsoon rainfall.
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version of Shepard’s distance-weighting method.18 I calculate the temperature variable for

the district by averaging the temperature measurements for every 0.5 degrees by 0.5 degrees

latitude/longitude grid note within the geographical boundaries of the district. To disentan-

gle the effect of low precipitation levels from temperature changes in a district, I control for

temperature in that district over the term for which the drought variable is defined. Instead

of the average monthly temperature, I include two temperature variables: minimum and

maximum temperature. It has been previously documented that variation in minimum and

the maximum temperature has opposite effects on crop yields (Welch et al., 2010) which is

not captured through the average measure.

Figure F1: Variation of Drought Intensity across Sample Districts in the Study

(a) 2003 (Wave-2) (b) 2010 (Wave-3)
The blue shaded districts are

included in the sample. 184 in-sample districts are spread across 18 states (North: Himachal Pradesh, Punjab, Uttaranchal,
Haryana, Rajasthan, Uttar Pradesh; East: Bihar, Assam, West Bengal, Jharkhand, Orissa; Central: Chhatishgarh, Madhya
Pradesh; West: Gujarat, Maharashtra; South: Andhra Pradesh, Kerala, Tamil Nadu. The shades of blue shows the intensity of
the drought. Darker shades indicate more intense drought.

18Willmott, C. J. and K. Matsuura (2001) Terrestrial Air Temperature and Precipitation: Monthly and Annual Time Series

(1950 - 1999)
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C Imputation of Labor Hours for Wave-1

IHDS 2004-05 (Wave-2) and 2011-12 (Wave-3) document labor hours spent on dif-

ferent job categories for each household member. However, HDPI 1994-95 (Wave-1) does

not have labor hours, it documents job categories only. To impute labor hours for the first

wave, the following was carried out: The total household labor hours in Wave-2 and Wave-3

were categorized into agriculture and non-agriculture hours respectively. The percentage of

agriculture hours is the household agriculture hours divided by the household labor hours.

To figure out, what household-level variables affected the percentage of agriculture hours in

Wave-2 and Wave-3, a linear lasso regression was employed using all possible independent

variables for which data was available for all three waves of data. Lasso algorithm figures

the relevant independent variables and thereafter the predicted value of percentage of agri-

cultural hours for Wave-1 was calculated. The total labor hours for Wave-1 is the average

total labor hours in Wave-2 and Wave-3 for that household. Agriculture labor hours for

each household was calculated by multiplying the total annual household labor hours by the

predicted percentage of agriculture hours for that household.
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D Additional Empirical Evidence

Table A4: Hetereogenous Treatment Effect: Land Cultivation

(1) (2) (3)

Lagged z-score (year) -6.628∗∗∗

(1.257)

Land cultivation X Lagged z-score (year) 6.991∗∗∗

(1.443)

Lagged z-score (monsoon) -6.556∗∗∗

(1.481)

Land cultivation X Lagged z-score (monsoon) 7.647∗∗∗

(1.668)

Lagged z-score (non-monsoon) -5.302∗∗∗

(1.406)

Land cultivation X Lagged z-score (non-monsoon) 4.181∗∗

(1.676)

Land cultivation X Lagged z-score + Lagged z-score 0.364 1.091 -1.121

(0.762) (0.917) (1.046)

R-squared 0.0290 0.0240 0.0232

Observations 22175 22175 22175

mean dep var 60.05 60.05 60.05

sd dep var 37.52 37.52 37.52

The dependent variable is the percentage of agricultural hours in household ‘i’ located in district ‘d’ in year ‘t’. Each col-
umn records results for a different definition of drought. In column (1), drought is defined as the z-score for last year, in
column (2), it is defined as the z-score for the last monsoon term and in column (3) for the last non-monsoon term. For
each column, temperature controls are used for an appropriate period corresponding to the drought definition. Land Own-
ership is an indicator that takes value 1 if the household owns land at baseline, 0 otherwise. Standard errors in parentheses.
* p < 0.1, **p < 0.05, *** p < 0.01
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Table A5: Hetereogenous Treatment Effect: Fraction of Ag Income

(1) (2) (3)

Lagged z-score (year) -6.034∗∗∗

(1.098)

Fraction of ag income X Lagged z-score (year) 9.183∗∗∗

(1.687)

Lagged z-score (monsoon) -5.900∗∗∗

(1.289)

Fraction of ag income X Lagged z-score (monsoon) 10.06∗∗∗

(1.898)

Lagged z-score (non-monsoon) -4.405∗∗∗

(1.247)

Fraction of ag income X Lagged z-score (non-monsoon) 4.688∗∗

(1.942)

Fraction of ag income X Lagged z-score + Lagged z-score 3.148∗∗∗ 4.160∗∗∗ 0.283

(1.038) (1.193) (1.392)

R-squared 0.0303 0.0252 0.0231

Observations 22175 22175 22175

mean dep var 60.05 60.05 60.05

sd dep var 37.52 37.52 37.52

The dependent variable is the percentage of agricultural hours in household ‘i’ located in district ‘d’ in year ‘t’. Each column
records results for a different definition of drought. In column (1), drought is defined as the z-score for last year, in column (2),
it is defined as the z-score for the last monsoon term and in column (3) for the last non-monsoon term. For each column, tem-
perature controls are used for an appropriate period corresponding to the drought definition. Land Ownership is an indicator
that takes value 1 if the household owns land at baseline, 0 otherwise. Standard errors in parentheses.
* p < 0.1, **p < 0.05, *** p < 0.01
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Table A6: Heterogenous Treatment Effect: Hindu Indicator

(1) (2) (3)

Lagged z-score (year) -6.096∗∗∗

(0.980)

Hindu Indicator X Lagged z-score (year) 7.729∗∗∗

(1.037)

Lagged z-score (monsoon) -5.936∗∗∗

(1.305)

Hindu Indicator X Lagged z-score (monsoon) 8.594∗∗∗

(1.273)

Lagged z-score (non-monsoon) -8.389∗∗∗

(1.165)

Hindu Indicator X Lagged z-score (non-monsoon) 10.18∗∗∗

(1.314)

Land ownership X Lagged z-score 1.633∗∗∗ 2.658∗∗∗

(joint sd) (0.766) (0.862)

R-squared 0.0326 0.0279 0.0316

Observations 22175 22175 22175

The dependent variable is the percentage of agricultural hours in household ‘i’ located in district ‘d’ in year ‘t’. Each
column records results for a different definition of drought. In column (1), drought is defined as the z-score for last
year, in column (2), it is defined as the z-score for the last monsoon term and in column (3) for the last non-monsoon
term. For each column, temperature controls are used for an appropriate period corresponding to the drought defini-
tion. Land Ownership is an indicator that takes value 1 if the household owns land at baseline, 0 otherwise. Standard
errors in parentheses. * p < 0.1, **p < 0.05, *** p < 0.01
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Table A7: Distribution of households across (each) equipment count at baseline (Wave-1)

Equipment Count

Equipment Name 0 1 2

Tubewell 6 891 7102

Generator 7 62 7930

Thresher 6 236 7757

Winnower 6 108 7885

Bullock cart 7 1350 6642

Biogas plant 7 118 7874

Tractor 6 269 7724

The column (2)-(4) tabulates the number of households
possessing zero, one or two of each of the equipment
named in column (1)

Table A8: Distribution of households across total equipment count at baseline (Wave-1)

Total Equipment count Household Count

0 5

2 2

7 1

8 1

9 14

10 49

11 126

12 399

13 1,575

14 5,827

The total equipment count is the total the quantity of the fol-
lowing equipments: tubewell, generator, thresher, winnower,
bullock cart, biogas plant and tractor

55



Table A9: Effect of Land Ownership on Farm Equipment Spending

(1) (2) (3)

Lagged z-score (year) 283.3

(236.9)

Land ownership X Lagged z-score (year) -613.4

(452.2)

Lagged z-score (monsoon) 63.94

(362.7)

Land ownership X Lagged z-score (monsoon) -387.0

(504.6)

Lagged z-score (non-monsoon) 478.0

(336.6)

Land ownership X Lagged z-score (non-monsoon) -1000.2∗

(552.7)

Land ownership X Lagged z-score -330.1 -323.0 -522.2

(joint sd) (401.1) (473.5) (539.8)

R-squared 0.00126 0.00109 0.00128

Observations 15068 15068 15068

mean dep var 1427 1427 1427

sd dep var 21300 21300 21300

The dependent variable is the amount of rupees spent on new farm equipment by household ‘i’ located in district
‘d’ in year ‘t’. Each column records results for a different definition of drought. In column (1), drought is defined
as the z-score for last year, in column (2), it is defined as the z-score for the last monsoon term and in column (3)
for the last non-monsoon term. For each column, temperature controls are used for an appropriate period corre-
sponding to the drought definition. Land Ownership is an indicator that takes value 1 if the household owns land
at baseline, 0 otherwise. Standard errors in parentheses. * p < 0.1, **p < 0.05, *** p < 0.01
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Table A10: Effect of Land Ownership on Loan

(1) (2) (3)

Lagged z-score (year) -0.00873

(0.0218)

Land ownership X Lagged z-score (year) 0.0237

(0.0218)

Lagged z-score (monsoon) -0.0238

(0.0254)

Land ownership X Lagged z-score (monsoon) 0.0520∗∗

(0.0261)

Lagged z-score (non-monsoon) 0.0404

(0.0354)

Land ownership X Lagged z-score (non-monsoon) -0.0325

(0.0304)

Land ownership X Lagged z-score 0.0150 0.0282 0.00792

(joint sd) (0.0197) (0.0273) (0.0280)

R-squared 0.0222 0.0250 0.0234

Observations 15068 15068 15068

mean dep var 0.55 0.55 0.55

sd dep var 0.50 0.50 0.50

The dependent variable is the indicator for a loan taken by household ‘i’ located in district ‘d’ in year ‘t’. Each col-
umn records results for a different definition of drought. In column (1), drought is defined as the z-score for last year,
in column (2), it is defined as the z-score for the last monsoon term and in column (3) for the last non-monsoon term.
For each column, temperature controls are used for an appropriate period corresponding to the drought definition.
Land Ownership is an indicator that takes value 1 if the household owns land at baseline, 0 otherwise. Standard
errors in parentheses.
* p < 0.1, **p < 0.05, *** p < 0.01
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E Model

Landed Households

The FOCs:

la,f : (cf )−σwa + ψfδ(la,f )δ−1 − k

2
α(la,f + lm,f )α−1 = 0 (17)

lm,f : (cf )−σwm − k

2
α(la,f + lm,f )α−1 = 0 (18)

(19)

Landless Households

The FOCs:

la,nf : (cnf )−σwa + ψnfδ(la,nf )δ−1 − k

2
α(la,nf + lm,nf )α−1 = 0 (20)

lm,nf : (cnf )−σwm − k

2
α(la,nf + lm,nf )α−1 = 0 (21)

(22)
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F Sensitivity Analysis

In this section, I report the calibration results for alternative values of parameters

taken from the literature, {σ, δ}. Table 7 reports the agriculture attachment and leisure

parameter for different values of the risk aversion parameter, σ. For the baseline results, σ

is taken to be 0.7. I check the results for two randomly selected alternative values of σ; one

below the baseline value (σ = 0.4) and one above the baseline value (σ = 1.5), confining to

be the definition of moderate risk aversion to understand the direction of change.

Table A11: Robustness: Risk Aversion

Parameter σ = 0.4 Baseline σ = 1.5

Ag attachment for Landed HH (drought) ψf1 15.08 0.448 0.00003794

Ag attachment for Landed HH (non-drought) ψf0 10.33 0.2883 0.00002072

Leisure parameter for Landed HH (drought) kf1 78.23 2.325 0.0001968

Leisure parameter for Landed HH (non-drought) kf0 72.6 2.026 0.0001456

Ag attachment for Landless HH (drought) ψnf1 12.848 0.4018 0.00003882

Ag attachment for Landless HH (non-drought) ψnf0 9.948 0.3065 0.000028581

Leisure parameter for Landless HH (drought) knf1 84.35 2.637 0.0002548

Leisure parameter for Landless HH (non-drought) knf0 82.5 2.54 0.000237

Note: The leisure parameter is measured in units of 10−6. The baseline value is σ = 0.7.

I find that the attachment to agriculture and leisure parameters are not robust to

changes in the risk aversion parameter. As households become more risk-averse (σ = 1.5),

they place less value on leisure and also exhibit lower attachment to agriculture. Conversely,

as households become less risk-averse (σ = 0.4), their attachment to agriculture increases and

they also value leisure more. The high-risk aversion coefficient (σ = 1.5) for rural households

implies they are more prone to opt for the safer options, hence the leisure parameter is small,

implying they value leisure less and prefer to work more. Additionally, the attachment to

agriculture is also lower compared to baseline, suggesting that households would prefer to

allocate more labor to the productive sector based on wages, thereby putting lower weight

on their preference for working in agriculture. The opposite intuition follows for the low-risk

aversion coefficient (σ = 0.4) where households are more likely to choose the risker options.

59



Table 8 reports the agriculture attachment and leisure parameters for different

values of the attachment to agriculture curvature parameter, δ. For the baseline results, δ

is taken to be 0.5. I check the results for two randomly selected alternative values of δ; one

below the baseline value (δ = 0.1) and one above the baseline value (δ = 0.9), following the

functional property that it needs to be concave for an interior solution to exist (Zimmermann,

2020). I find that the leisure parameter is robust to changes in δ across each state and for

each household type.

Table A12: Robustness: Attachment to Agriculture Curvature Parameter

Parameter δ = 0.1 Baseline δ = 0.9

Ag attachment for Landed HH (drought) ψf1 51.35 0.448 0.010864

Ag attachment for Landed HH (non-drought) ψf0 32.27 0.2883 0.007162

Leisure parameter for Landed HH (drought) kf1 2.325 2.325 2.325

Leisure parameter for Landed HH (non-drought) kf0 2.026 2.026 2.026

Ag attachment for Landless HH (drought) ψnf1 38.38 0.4018 0.01166

Ag attachment for Landless HH (non-drought) ψnf0 29.96 0.3065 0.008708

Leisure parameter for Landless HH (drought) knf1 2.637 2.637 2.637

Leisure parameter for Landless HH (non-drought) knf0 2.54 2.54 2.54

Note: The leisure parameter is measured in units of 10−6. The baseline is δ = 0.5.

The attachment to agriculture parameter, ψ fluctuates with the change in δ. A

lower value of the curvature parameter δ causes ψ to increase. The marginal returns for the

additively separable attachment to agriculture function are small, so that the attachment

parameter needs to increase in order for the model to match the labor shares. Conversely, a

higher value of δ leads to a drop in the value of ψ, yielding a smaller value of the attachment

parameter that matches the labor shares.

The values of the attachment to agriculture ψ and leisure parameters k vary with

the choice of {σ, δ}. The baseline values of σ and δ are guided by literature. I choose σ = 0.7

as it is the median value over the range of plausible values for the risk aversion parameter,

suggested for moderate or intermediate-risk exhibited by rural Indian households. The value

of δ directly affects ψ. The additively separable attachment to agriculture function, ψlδa in
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the context of Indian agriculture is a novel feature of the model. I set δ to be 0.5 to match

the moments. The task of determining a more precise value for the curvature parameter in

the context of India is left to future research.

G Results

Table A13: Non-Ag Wages for 25% Manufacturing GDP Share

Year Non-Ag Wage for ‘Reform’ Ag Shares

Ag Share Landless Landed Average

Green (2015) Drought No-Drought Drought No-Drought Drought No-Drought

2011 - 33.43 33.34 33.43 33.34 33.43 33.34

2022 38 35.00 34.69 43.00 38.10 38.80 36.60

2025 33 37.09 36.35 46.55 40.23 41.80 38.30

2035 25 43.50 40.30 55.91 44.78 49.70 42.70
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