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Abstract

How does urban growth and migration reshape agriculture during structural trans-
formation? Using household microdata from India, we show that agricultural house-
holds do not offset the loss of labor by increasing capital investment. Instead, they
cultivate less land and lower technology use, reducing crop production. Resulting
changes in land and crop prices induce non-migrant agricultural households to ex-
pand investment and production. In aggregate, market adaptation mitigates over
three-fourths of the direct agricultural losses from urbanization. This prompts a spa-
tial reorganization of agriculture: food production moves away from land near cities

where emigration is high, toward remote areas where emigration is low.
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1 Introduction

Internal labor migration is perhaps the most pervasive feature of structural transforma-
tion. America’s rise in the early 20th century was powered by dramatic worker migrations
from farms to cities in search of manufacturing and service jobs (Alvarez-Cuadrado and
Poschke, 2011). China’s 20th-century economic boom saw rural workers moving en masse
to urban factories (Gao et al., 2022). Likewise, India’s 1991 economic liberalization was
followed by rapid growth in the service sector (Figure 1A, red) and massive exodus from
agriculture, with the agricultural workforce shrinking by more than 30% over the next
two decades (Figure 1B).

We use household-level panel data from India during this period, where we observe
the migration and cultivation decisions of 42,000 households, to re-visit a foundational
question in development economics: do rural agricultural markets simply shed “surplus
labor” a la Lewis (1954) without much production consequence, or does rural-urban mi-
gration reduce agricultural labor and crop output (Rozelle et al., 1999; Mendola, 2008)?
What agricultural transformations occur to maintain domestic food production as labor
exits agriculture? Is there agricultural modernization and mechanization, similar to what
has been documented with county- and state-level data from the United States (Manuelli
and Seshadri, 2014; Hornbeck and Naidu, 2014; Alvarez-Cuadrado and Poschke, 2011)?

The micro-data from India allows us to uncover the precise mechanism by which agri-
cultural transformation occurs. Our first new insight is that, contrary to the conventional
wisdom developed in the historical US-based literature, farming households facing new
migration opportunities do not mechanize; instead, they downsize. Our second insight
is that this phenomenon arises through a more complex process in which factor markets
readjust, and other non-migrant farming households in the same village or in other re-
gions alter their farm operations in response to new factor prices and fill the agricultural
production gaps. We design a plausibly exogenous shift-share instrument for migration
and also develop a research design to track indirect general equilibrium (GE) land and
crop market adjustments. Unlike the Lewis (1954) view of surplus labor, our results im-
ply that the marginal product of labor in agriculture is positive, and that adjustments
occur across farms through crop and land markets, not necessarily within farms.

Our final insight is quantitative and descriptive. In aggregate, these direct and indirect
effects reallocate agricultural activity away from rural areas near cities (Where migration
opportunities are plentiful), and toward more remote locations (where migration oppor-
tunities are scant). India’s structural transformation was thus accompanied by a spatial

reorganization of agriculture. We quantify the net effect on food supplies and find that



Figure 1: Economic Growth and Reallocation of Labor (1991-2012)
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Note: Panel A reports sectoral shares of India’s GDP in 2005 prices using data from the Planning Commis-
sion of India. Panel B reports the percent of total employment in agriculture using data from ILOSTAT.

indirect effects through land and crop markets recover roughly 80% of the direct loss in
agricultural output from households that emigrate and downsize their farms.!

The literature has studied a variety of agricultural responses to migration, including
pollution (Garg et al., 2024), tree cover loss (Brewer et al., 2022), consumption volatility
and crop choice (Kinnan et al., 2018), and technology choice (Mendola, 2008). Research
in some developing contexts finds, like we do, that labor loss reduces cultivated area
(Rozelle et al., 1999; Brewer et al., 2022), but others document land consolidation and
mechanization with no loss to cultivation (De Janvry et al., 2015; Tian et al., 2023). Our
contribution is to develop a unified framework to estimate both direct and indirect GE
effects on agriculture and outline its spatial reorganization at the macro scale. We apply
this framework in the case of India—the largest developing country—as it underwent a
massive structural transformation.

The key challenge to identifying the effects of migration on agricultural develop-
ment is that both processes are co-determined with origin-based push factors (Foster
and Rosenzweig, 2007). We address this with a shift-share instrument where the “shift”
consists of income shocks at potential migration destinations. The “share” comprises
two variables: inverse distance to these potential destinations combined with the house-

1By aggregating our data from the household to the district level, we can replicate the mechanization
results in the existing literature (Section 6.1). But our household data shows how and where this happens.
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hold’s migration potential. Since mostly men migrate for work in India, households with
working-age men have more potential to react to destination wage changes. We thus mea-
sure migration potential by the number of working-age men at home during the baseline
period. Interacting both share variables allows us to compare households with the same
migration potential exposed to close and far income shocks as well as households exposed
to the same income shocks but with high and low migration potential.?

We find no evidence of labor-capital substitution within households that directly bene-
fit from migration opportunities. Instead, migrant-sending households invest less in agri-
cultural technologies, such as agrochemicals, irrigation water, and work animals. This, in
turn, drives a reduction in crop profits and farm size. Downsizing is mainly driven by
larger farms becoming smaller, whereas smaller and medium-sized farms remain simi-
larly sized. This is consistent with the notion that labor constraints increase in farm size
in India (Foster and Rosenzweig, 2022).

The second part of the paper documents indirect responses to labor migration by in-
vestigating equilibrium effects on agricultural investment and profits as markets react to
labor reallocation. Guided by a spatial equilibrium model of migration and agricultural
production, we hypothesize that declining output and farm size through the direct chan-
nel trigger higher crop prices and lower land prices. Remote households with fewer mi-
gration opportunities benefit from these market spillovers by expanding farm activity. A
key insight from the spatial general equilibrium literature is that the direct effects of labor
loss and the indirect effects through markets can be conveniently estimated via a single
additive estimating equation. Our approach draws on Adao et al. (2019) and Borusyak
et al. (2022b), who develop this additive reduced form estimation equation from a the-
oretical gravity framework.> The net effect of migration on agriculture is theoretically
ambiguous and depends on which channels dominate.

Based on these insights, we expand our empirical framework to quantify indirect ef-
fects. We assume land markets operate at the village level: when other farming house-
holds divest from agriculture as their prime-age males emigrate in response to urban op-
portunities, local land prices fall, which enables non-migrant households in the village to

expand production. Since India restricts cross-state agricultural trade, we conceive crop

2We validate our empirical strategy using recent advances in the shift-share literature (Borusyak et al.,
2025). The concern is that households with many working-aged men are systematically different than
those with few. Yet Borusyak et al. (2022a) show that shift-share instruments remain valid as long as the
shift is quasi-randomly assigned. We present a two-period orthogonality test and find that the second
period distance-weighted income shock is orthogonal to first period outcomes, implying that systematic
differences between “exposed” and “non-exposed” households will not be picked up by the instrument
since the shift component is plausibly random with respect to baseline outcomes.

3See Huber (2023) for additional support for this empirical framework.



markets as areas within a state that are equally suitable for growing that set of crops. The
crop market adjustment is measured as emigration among other households in those crop
markets defined using gridded crop suitability indices. Intuitively, if urban shocks trigger
mass emigration from a rice-suitable region, thereby reducing aggregate rice output and
increasing rice prices, then non-migrant households elsewhere in the state will expand
rice production if they also live in a rice-suitable region.

We find that farmers from households that do not send migrants experience increased
crop profits in response to crop market adjustments, partially offsetting the migration-
induced losses from the direct channel. We build a district crop price index from ICRISAT
to test mechanisms and find that mass emigration from the crop market increases prices
of those same crops, in line with our model. The price increase leads farming households
with few or no migrants to spend more on agricultural technologies, such as agrochemi-
cals and equipment rentals, ultimately leading to higher production.

On the land market side, we show that other farmers in the village who are less ex-
posed to the migration shock expand their farm size in response to land market adjust-
ments, again counteracting the downsizing of farms among migrant-sending households.
We use land transaction data from IHDS to test mechanisms, and find that emigration
from the land market depresses land prices. “Left-behind” farmers in the village exploit
this opportunity to expand cultivation.

In this expanded framework, the direct effect remains instrumented with the shift-
share variable, while indirect crop and land market adjustments are uninstrumented. This
raises concerns because village-level shocks (e.g., drought, local agricultural policy) can
co-determine village emigration as well as household agricultural decisions. Similarly,
crop-specific shocks (e.g., crop disease, trade disruptions) can affect both crop-region em-
igration and household agriculture. We thus deploy a variety of robustness checks to
support the credibility of our indirect crop and land market estimates.

First, the IHDS village module records environmental disasters and government pro-
grams for all 1400 villages in our sample. Our estimates of indirect land market effects
are robust when directly controlling for village-level shocks like droughts and agricul-
tural extension activity. Second, we link each household’s main crop to annual harvest
prices and find highly stable estimates of crop market adjustments when controlling for
crop price shocks. While this may appear to absorb the price mechanism itself, our iden-
tification strategy relies on deviations from general crop price trends induced by supply
contractions due to aggregate emigration from the crop market. Third, we design placebo
tests to validate our GE estimates: household farm size does not respond to aggregate
emigration by non-agricultural households in the village, suggesting that our land market



measure is not picking up other non-land factor market changes. Households also do not
respond to aggregate emigration from outside the crop market, reinforcing that our crop
market measure captures adjustments specific to the relevant crop’s supply region.

Our GE results embed an important spatial component: the (negative) direct effect
of migration on agricultural development dominates for households near cities that face
low migration costs. The (positive) market-driven effects dominate for households fur-
ther away who face higher migration costs. Although these remote households do not
participate directly in migration, they still contribute to the process of structural transfor-
mation by producing more food. This leads to a spatial reorganization of agriculture from
migrant-sending areas toward remote areas.

To test whether this spatial feature of our findings appear in alternative data, we use
both geo-coded census data on economic growth, agricultural labor, as well as high-
resolution satellite data on crop output from across India. At the district level, we show
that agricultural labor declines near high-growth cities, while crop output rises in remote
districts, mirroring our GE estimates of spatial reallocation through crop markets. Our
high-resolution satellite maps show that yields decline in peri-urban zones of a city with
high labor outflows, and rise in the outer fringes, consistent with our GE estimates of spa-
tial reallocation through local land markets. The consistent patterns we observe across
both our econometric estimates and descriptive maps lend strong support to our central
claim that structural transformation reshapes the geography of agriculture.

More broadly, our findings add important and policy-relevant value to our under-
standing of structural transformation. Labor reallocation does drive agricultural develop-
ment, but unlike received wisdom, not necessarily through capital substitution or other
direct responses to labor loss. Instead, agricultural development spatially shifts through
market forces, in the form of increased technology adoption and production among re-
mote, non-migrant households. This implies that structural transformation can promote
income redistribution toward those who do not directly participate in it.

The paper concludes with a simple accounting exercise based on our estimates to de-
termine how much of aggregate migration-induced agricultural losses are mitigated by
the crop and land market adjustments. We consider special cases of the empirical speci-
fication and predict aggregate crop value in the absence of migration, with migration but
no market adjustments, with migration and land market but no crop market adjustments,
and so on. We find that market adjustments mitigated 80% of aggregate agricultural
losses due to emigration. These results do not necessarily imply that food production de-
clined in India during this period of emigration and structural adjustment, only that we

are able to quantify the partial effects of these two margins of adjustment.



1.1 Literature Contributions

This paper contributes to both the micro- and macro-development literature on structural
transformation and its impact on the agricultural sector.

Micro-Development Contributions We contribute to the micro-development literature
that studies the effect of labor loss on agriculture by decomposing agricultural responses
to labor reallocation into direct (labor-driven) and indirect (market-driven) channels in a
unified framework. Other studies have done this at small spatial scales (Blakeslee et al.,
2023) or studied spillovers at different geographies separately (Asher et al., 2023). Our
approach enables us to compare the two forces at the aggregate level, and then estimate
how much of the agricultural losses are compensated through market adaptation.

In doing so, we also advance the micro-development literature on structural transfor-
mation that uses data at coarser spatial scales. Hornbeck and Naidu (2014) and Manuelli
and Seshadri (2014) also study migration and agricultural development, but with county-
level data from the early 1900s in the United States. They document a process of agri-
cultural modernization whereby counties facing emigration shocks adopted new labor-
replacing technologies. Similarly, Clemens et al. (2018) find that reduced agricultural
immigration into the U.S. spurs adoption of labor-saving technologies. In these studies,
technology adoption may be a direct response to labor loss or an indirect response to
changing sectoral compositions across the broader economy. By separately quantifying
direct and indirect effects, our micro data also allow us to paint a richer picture of the

post-migration adjustment process.*

Macro-Development Contributions Our findings advance the modern macro develop-
ment literature by elaborating the role of labor reallocation in driving agricultural devel-
opment (Lewis, 1954; Harris and Todaro, 1970) using household microdata and applied
microeconomic techniques. A central finding of this literature is that large productiv-
ity gains arise as workers move from low-productivity agriculture to higher-productivity
non-agricultural sectors (Restuccia et al., 2008; Duarte and Restuccia, 2010; Lagakos and
Waugh, 2013; Gollin et al., 2014; Vollrath, 2009). Although this literature documents the
aggregate importance of sectoral reallocation and the persistence of agricultural produc-

tivity gaps across countries, it provides limited evidence on how the agricultural sector

%A related literature studies the effect of agricultural innovation on labor migration and finds that im-
provements in agricultural technology is labor-saving and leads to industrial growth (Caprettini and Voth,
2020; Bustos et al., 2016; Caunedo and Kala, 2021; Emerick, 2018; Moscona, 2019). We extend this literature
by studying the reverse scenario and also by documenting market spillovers within the same sector.



itself adjusts as labor exits during structural transformation. We advance this work with
household data to identify the micro-mechanisms—including farmer-level labor-capital
substitution and changes in local land and crop prices—that shape how the agricultural
sector reorganizes as labor exits.

Our paper is especially related to Kaboski et al. (2024), who study direct and indirect
effects of structural change on firms in India. They posit a direct channel, where lower
trade costs leads to fewer firms, and an indirect channel where cheaper agricultural im-
ports releases agricultural labor leading to more firms. While we also find that direct and
indirect effects move in opposite directions, we study impacts on farms rather than firms.

The next section describes the data and presents stylized facts about migration in In-
dia. Section 3 outlines the shift-share design and Section 4 presents estimates of the direct
effects of migration on agriculture. Section 5 estimates indirect effects in response to mar-
ket adjustments. Section 6 contextualizes our findings and conducts back-of-the-envelope

calculations to estimate changes in aggregate food supply. Section 7 concludes.

2 Data and Stylized Facts

We estimate the impact of internal migration on agricultural development using detailed
household panel data. This section describes the data and presents three stylized facts
about migration in India. These facts motivate the empirical strategy in Section 3.

2.1 IHDS Household Panel

Highly disaggregated household-level migration data are sparse in India. An exception
is the two-wave IHDS panel, which is nationally representative and covers 384 districts
(out of 594 at the time of the survey) across all states®. Wave I (2004-05) surveyed 41,554
households, of which 83% were located again in Wave II (2011-12).

There are at least three advantages of IHDS. First, it is among the few Indian surveys
documenting both labor mobility and agricultural production. Second, the same house-
holds are interviewed twice, enabling the inclusion of household fixed effects to control
for time-invariant unobserved heterogeneity across households, such as caste or baseline
poverty. Lastly, IHDS disaggregates income into several categories, including agricultural
income, according to a standardized procedure.

Yet IHDS is not without limitations. First, there is a 17% attrition rate. While attrition is

common in household panels, it poses minimal concern for us since 80% of dropouts were

Except Andaman and Nicobar Islands and Lakshadweep, which contain < 1% of the population.



landless in Wave I and would have been excluded anyway. Second, seasonal migration
is not reported in Wave II, restricting our analysis to medium-term migration, which is

reported in both survey rounds.

2.2 Main Variables
2.21 Migration

IHDS defines household residents as those living together for at least 6 months of the past
year. It defines migrants as the opposite: household members who have lived elsewhere
for over 6 months of the past year. Residents report age, sex, and location of migrant family
members. The IHDS definition thus characterizes longer-term spells®, such as a son who
has been away for the past five years. If he instead returned after five months, he would be
a household resident, not a migrant. We exclude international migrants, which represent
< 10% of migrants, as our paper focuses on internal migration.

The main explanatory variable, and key migrant demographic, are working-age males
between age 15 to 60. To justify this age window, Table A1l shows migrant types by age
group. The share of male migrants who leave for education begins a persistent drop after
age 14, the same age at which male migration for work jumps five-fold. This suggests
that migrant males transition from school to work around age 15. Similarly, the share of
male labor migrants drops after age 59, suggesting they stop migrating around this age.

2.2.2 Agricultural Activity

Farming households report agricultural capital, labor, and crop profits. The survey di-
vides capital into input expenses, which include seeds, fertilizer, pesticides, irrigation
water, and hired animals, as well as machinery, which includes tubewells, electric/diesel
pumps, bullock carts, tractors, and threshers. There is also a labor expense sheet that doc-
uments the total wage bill for hired labor and person-days of unpaid family labor in the
past year. We deflate all expenses to 2005 prices using the rural or urban Consumer Price
Index, depending on household location”.

Since capital and machinery are each described by five variables, we collapse them
into two indices to allay concerns of multiple hypothesis testing. We follow Anderson
(2008) whereby each capital or machinery variable influences its index proportional to the

information it adds. Intuitively, if seed expenses are highly correlated with other input

®Short-term (<6 months) circular migration is only documented in Wave II.
"The price deflator is a pre-constructed variable distributed by THDS.



expenses, then it adds little to the expense index. To operationalize this idea, we first
demean the five capital and five machinery variables and divide each one by its standard
deviation for non-migrant households. This converts each variable to a unitless measure
that can be easily aggregated. The capital index is then computed as a weighted sum of
the five standardized capital variables with weights equal to the row sum of the inverse
covariance matrix. The expense index is computed in the same way.

We use crop profits (revenue minus expenses, in 2005 prices) as a proxy for output
since profits are reported in both surveys®, whereas production volume is only reported
in the second round. For subsistence crops, profits are based on prices that farmers report
they would have received at market. Note that aggregate crop price changes are absorbed
by year fixed effects (or state-year fixed effects in robustness checks) in our regressions,
in which case impacts can be interpreted as output changes despite being measured in
rupees. However, since crop-specific prices may trend differently across states, we are
careful about using the term “crop output” and “crop profits” interchangeably.

2.2.3 Weather Covariates

Droughts, temperature, and rainfall are the key covariates in our analysis. Accounting for
climate is crucial because it affects both labor movement and agricultural decisions. We
measure drought intensity using the gridded (0.5° resolution) Standardized Precipitation-
Evapotranspiration Index (SPEI), which measures the difference between potential evap-
otranspiration and precipitation. Gridded annual temperature (°C) and rainfall (mm) are
from the ERA5 product on a 0.125°x 0.125°grid (Hoffmann et al., 2019). For each covari-
ate, we extract the mean over cells within districts and then compute annual averages for
2005 and 2012 to match with the IHDS.

2.3 Summary Statistics

The sample frame comprises 40,018 households interviewed in both periods. Nine per-
cent of households (N = 3747) had a migrant in Wave I, and 23% (N = 9112) had a
migrant in Wave II. Table 1 profiles the typical migrant: 80% are male, and nearly 70%
are labor migrants, supporting our focus on working-age males as the key demographic.
The bulk of remaining migrants leave for education. Our working age window of 15-60
excludes the majority of these student migrants (Table Al).

Most migration is within-state (Table 1 Panel C). Interestingly, rural-rural migration

accounts for a large share of migration. Figure Bl splits migration streams by inter-

8Five percent of households report negative farm income, which we recode as missing
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Table 1: Summary Statistics: Migrant Profiles

# Migrants Share SD

A: Gender

Male 13994 0.79 0.41

Female 3656 0.21 0.41
B: Status

Student 4755 0.27 0.44

Working 11928 0.68 0.47

Neither 967 0.05 0.23
C: Destination

Within State 11426 0.65 0.48

Out of State 6224 0.35 0.48
D: Stream

Rural-Rural 5395 0.31 0.46

Rural-Urban 7898 0.45 0.50

Urban-Rural 2061 0.12 0.32

Urban-Urban 1182 0.07 0.25

Note: The table describes data on migrants in each period. There are 4,377 migrants in Wave I and 13,273 in
wave II. Subgroups are mutually exclusive. “Rural-Rural” indicates the origin and destination were rural,
“Rural-Urban” indicates the origin is rural and the destination is urban, and so on.

and intra-state travel, revealing an interesting pattern: among inter-state migrants, rural-
urban migrants dominate rural-rural by 7-to-1, whereas rural-rural migration dominates
among intra-state migrants. We, therefore, include both rural and urban destinations in

the choice set when building our instrument for migration in Section 3.2.

2.4 Three Stylized Facts About Migration in India

Next, we describe three stylized facts from the data that motivate our empirical strategy.
The first fact is that entire-family migration is rare. Table A2 describes family migration
between surveys, defined as households surveyed in Wave II (2012) that reported having
moved after Wave I (2005). Only 1% of households moved as a family and, among them,
85% migrated within the district. We, therefore, treat migration as a continuous variable
(number of migrants sent) rather than a binary decision (move or stay) in the analysis.
The second fact is that remote households send fewer migrants. Figure 2 shows a
binscatter plot of district remoteness, measured as mean distance to the 50 biggest cities,
against number of household migrants, residualized on year fixed effects. The negative
slope is the regression coefficient: on a log-log scale, households twice as remote (100
percent increase) send 7% fewer migrants. The inverse correlation is robust when mea-

10



Figure 2: Binscatter Plot of Migration and Distance to Nearest Large Cities
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out. Orange line is the best linear fit, constructed from an OLS regression of y-residuals on x-residuals.

suring remoteness as distance to the nearest large city. This pattern provides evidence
that migration costs increase with distance. We incorporate this fact into our instrument
for migration in Section 3.2, which leverages household exposure to destination income
shocks where exposure declines with distance.

The third fact is that agricultural labor constraints increase in farm size. This fact is
supported by previous work showing that small farms in India tend to have surplus labor
(Foster and Rosenzweig, 2022). Table A3 shows labor-to-land ratios for small (0-2 acres),
medium (2-4 acres), and large farms (4+ acres) in our sample. The labor-to-land ratio for
family labor is five times larger for small farms compared to large farms. It is nearly two
times larger for hired labor. The fact that large farms are more labor-constrained suggests
that the impact of labor loss will be more salient on these farms (Section 4.2). Table A4

provides additional summary statistics on land, labor, and capital.
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3 Empirical Framework

This section develops an empirical strategy to estimate the direct effects of internal mi-
gration on agricultural development. Direct effects materialize through a labor-capital
substitution channel, where crop and land prices are fixed. We develop a shift-share in-
strument for migration based on exposure to destination income shocks, and demonstrate
the validity of our instrument through various validation exercises and tests suggested in
the recent literature on shift-share designs. Section 5 extends this framework to investi-

gate the indirect effects of migration through land and crop market adjustments.

3.1 Baseline OLS Equation

The relationship between agricultural outcomes and migration can be written as:
Yigr = BMIET + TX + o + 71 + eiar

where Yj;; are agricultural outcomes for household i in district d at time ¢ (e.g., crop in-
come). Mggfor is the number of working-age male migrants sent from household i. X/} isa
vector of covariates that jointly influence migration incentives and agricultural outcomes,
such as drought conditions or weather. Household fixed effects, a;, absorb time-invariant
differences between households, such as distance to cities or land quality, both of which
may affect migration and agricultural decisions. Demand-side effects from increased ur-
ban productivity are captured by year fixed effects, .

B1 captures households’ direct response to labor loss, and is likely biased when esti-
mated via OLS due to the endogeneity of Mll-gfor. Although «; absorbs baseline wealth,
changes in income could jointly influence migration and farming decisions. Improved
agricultural technology can also release surplus labor, leading to reverse causality. Our
shift-share instrument, which we discuss and motivate next, mitigates these threats to

identification.

3.2 Shift-Share Instrument Design
3.2.1 Overview

We construct an instrument for household migration that combines plausibly exogenous
urban productivity shocks with household-specific exposure to these shocks. This setup
is guided by a conceptual model provided in Appendix C. Urban productivity shocks

include shocks to the service and manufacturing sectors (e.g., the rollout of telecoms)
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which are plausibly orthogonal to agricultural productivity in a given location. Exposure
to these shocks is measured by (i) distance to the affected urban center, which proxies for
migration costs, and (ii) the baseline number of adult male household members, which
captures migration capacity given that migration in India is predominantly male (see
Section 5.3).

Conditional on household and year fixed effects, the interaction of these two compo-
nents generates variation in migration incentives that is independent of local or household-
level shocks. While household composition could, in principle, influence agricultural in-
vestment directly, we show that household characteristics are uncorrelated with exposure
to urban productivity shocks, ensuring that the instrument does not capture differential
investment trends. Together with household and time fixed effects, this design exploits
variation in both migration potential and migration costs across households and villages
to identify the causal effect of migration.

3.2.2 Measurement

To identify B1, we construct a shift-share instrument for Mfgtbor that combines income
shocks at each potential destination (the shift) with measures of household exposure to
the shocks (the share). When combined, the shift and share yield an instrument that
isolates the pull stream of migration that is plausibly exogenous to origin push factors as
we show below.

Income shocks, incy;, the “shift” of the shift-share design, are measured by mean in-
come of households in each destination district d’ € ®/d at time ¢, where © is the set of all
districts. We interact this with district population from the 2001 Census, popy, to incor-
porate the fact that migration propensity increases toward urban destinations (Table 1).

Unlike previous studies, we use two “shares” to measure exposure to the shift. The
first reflects the fact that potential migrants are more exposed to nearby shocks (Fact 2,
Section 2.4). We measure this force by the inverse distance from each origin district 4 to
every potential destination district &’ € ®/d, denoted as ﬁg, where 7 is distance. Since
© spans all districts, households also consider rural destinations in their choice set, in
line with the observed prevalence of rural-rural migration in India (Table 1). We use a
distance elasticity of one based on similar values from the literature (Bryan and Morten,
2019; Schwartz, 1973). The second share proxies for urban productivity of the household
(¢;). We measure this as the number of baseline working-age males living in household i,

which determines household i’s potential to benefit from destination wage increases. We

Distances are measured by kilometers between district centroids based on 2001 Census shapefiles.
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measure households’ urban productivity potential in this way because internal migration
in India is overwhelmingly male-dominated (see Section 2.3), implying the existence of
migration barriers that prevent women from fully benefiting from urban opportunities.

Finally, we combine the shift and the shares to form an instrument for migration, z;4:

1 .
Zigr = @i X Y, — X (incgy - popa) (1)
—~~ @'c®/d td —
productivity (share I) ———’ shift

inverse distance (share II)

3.2.3 Instrument Validity

zigy is a valid instrument if: 1) it strongly predicts labor migration, M!4", and, 2) it fulfills
the exclusion restriction. We test the first criteria with the first stage equation in Sec-
tion 3.3. The exclusion restriction is that z;y; affects agricultural outcomes only through
labor migration, conditional on household and year fixed effects and controls. While we
cannot test this directly, we discuss potential violations through each component of z;;;.

The first concern is that peri-urban households may face different input and output
markets compared to remote households, opening “backdoor” channels through which
zig can affect household agricultural decisions. Likewise, urban income shocks can in-
crease aggregate food demand and, therefore, household crop production through out-
put prices, especially for peri-urban households. We address these concerns in two ways:
first, our fixed effects absorb time-constant differences between households close and far
from urban centers. Second, and more importantly, we directly control for the inverse-
distance weighted income shock, sz := Y yc@/4 %, in both the first and second
stage, such that identification only relies on heterogeneous household exposure to the
shock through differences in their urban productivity potential, ¢;.

The second concern is that households with more working-age males at baseline, our
measure of ¢;, may be on a different agricultural development trajectory than those with
few working-age male household members. However, this only threatens instrument
validity if ¢; is correlated with the second part of the instrument, s;;. Otherwise, the in-
strument would not pick up the differential trend. We provide several pieces of evidence
supporting that migration is the primary channel through which our instrument operates.

First, we rely on the recent literature showing that shift-share instruments with en-
dogenous shares are valid if the shock is as-good-as-randomly assigned (Borusyak et al.,
2022a, 2025). To begin, Figure B3A shows a histogram of the shock, s, across house-
holds with high and low values of ¢;. The distributions are nearly identical, especially

when residualizing on household and year fixed effects (Panel B). This means that both
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Table 2: Orthogonality Between Second Period Shocks and First Period Outcomes

1) 2) 3) 4) )
Tech. Exp. Machinery Land  Labor Profit
Distance Wt. Income (t=2012) 0.079 0.063 -0.187  14.390 331.990
(0.081) (0.043) (0.118) (14.766) (733.091)
Controls Yes Yes Yes Yes Yes
State FEs v v v ve v
Observations 16874 15812 18213 15208 36907
R? 0.250 0.192 0.150 0.139 0.043

Note: * p < .1, ** p < .05, *** p <.01. Data are a cross section of households. Outcomes are for 2005
and explanatory variables for 2012. Column 1 and 2 are indices of agricultural technology expenses and
machinery ownership. Column 3 is farm size in acres. Column 4 person-days of labor (hired + family).
Column 5 is crop revenue (in Rs.) net of expenses. All regressions include state fixed effects and control for
district income and number of household working-age males. Standard errors clustered by state.

groups are similarly exposed to the shock, suggesting that the shock is unlikely to pick
up differential trends of households with many working-aged males.

Second, we econometrically test whether the shock is as-good-as-randomly assigned.
With our two period panel, we conduct a balance test by regressing a set of baseline period
agricultural outcomes, Y4, on the second-period shock, s;;,, in a pooled cross-section:

Yiar, = ¢ - sar, + TXpy, +¥s + €jar )

where ¢ is the balance coefficient of interest. If sy, is as-good-as-randomly assigned, it
should not predict Y4, and thus ¢ = 0. X[’itz is a covariate vector including the number
of household males and district income. +; is a state fixed effect. Table 2 reports estimates
of ¢ from regressions with agricultural technology, farm size, labor-days, and profits as
outcomes. The second period distance-weighted income shock, s4,, is uncorrelated with
all baseline period outcomes, implying that the shock does not differentially affect house-
holds with different baseline characteristics. This supports the validity of our shift-share
design as the shift appears quasi-random and thus unlikely to capture differential pre-
existing trends among male-dominated households (Borusyak et al., 2022a, 2025).

In case families with young men respond differently to destination income shocks
compared to other families, we conduct a robustness test in Appendix Table A11 (Panel
F) where we replace “working age males” with the number of educated household mem-
bers as the share variable in our instrument construction. The effects on agricultural ex-

penditures and technology remain very similar in this specification.
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Despite all these checks, if a concern remains that this instrument does not isolate the
migration channel, readers may prefer the reduced-form estimate we present in section
4.3 which does not take a stance on the specific mechanism through which urban oppor-
tunities shape rural agriculture. These estimates are (unsurprisingly) similar to the 2SLS
estimates, but our empirical exercise should then be interpreted as the effect of urban
growth (which changes migration patterns, but also changes the economy in other ways)

on the spatial reorganization of agriculture.

3.3 Two-Stage Least Squares

Equipped with our shift-share instrument, z;;;, and having shown evidence supporting
its validity, we specify the effect of labor migration on agricultural outcomes in a 2SLS

framework as follows:

M3 = pazigy + posar + paincas + TXy, + i + ve + €jjar 3)
Yigr = P1MIE" 4 Bosyy + Baincas + T XYy + ai + e + ijar (4)
where, as before, 53 := Y yco/4 incd';:f %Pd’ is the distance-weighted income shock. Equa-

tion 3 is the first stage regression, which relates labor outflows from the origin, M!%", to

the instrument, z;;, controlling for the income shock itself, s;;. We control for per-capita
incomes in the origin district, incg;, to account for spatial correlation between destination
and origin income shocks. X/, is a vector of covariates including drought intensity, tem-
perature, and rainfall. ; and <; are household and year fixed effects, respectively. To the
extent that z;4 is plausibly exogenous (Section 3.2.3) conditional on fixed effects and con-
trols, Z\@ represents the pull stream of migration that is orthogonal to push incentives
at the origin, and y; identifies the labor response to destination income shocks.

Equation 4 estimates the second stage impact of labor migration on agricultural activ-
ity, Yiz:, of household i in district 4 at time ¢. The main outcomes are technology adoption,
farm size, labor-days, and crop profits. The coefficient of interest is 1, which captures
the direct effect of emigration on agricultural development through the labor channel.
B1 > 0indicates that households respond to labor loss by adopting better technology and
increasing production, in line with the idea of labor-capital substitution. f; < 0 implies
that households downsize farming operations.

Since s4; is a component of z;;;, and also included directly as a covariate, 8; is identi-
tied off of differences in household i’s exposure to changes in destination incomes, where

exposure declines with distance and increases in the number of resident working-age
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Table 3: IV Estimates—Direct Effect of Migration on Agricultural Development

(D (2) ©) (4) @)
Tech. Exp.  Machinery Land Labor Profit
Male Migrants (c) -1.076*** -0.733*** -1.237%%*  -1.902***  -1.378***
(0.237) (0.220) (0.264) (0.331) (0.254)
Wt. Income (s;;) Yes Yes Yes Yes Yes
Origin Income (incgy) Yes Yes Yes Yes Yes
Outcome SD - - 3.621 211.329  21059.452
Explanatory SD 0.524 0.521 0.533 0.518 0.513
HH FEs v v v v v
Year FEs v v v v v
Observations 25928 24970 29346 20910 25854
F-Statistic 55.2 55.6 46.8 52.6 60.0

Note: * p < .1, ** p < .05, *** p <.01. Outcomes and explanatory variables are in standard deviations. Male
Migrants is the number of working age male migrants in the household, instrumented with inverse-distance
population weighted income interacted with the number of baseline working age males in the household.
Columns 1 and 2 are indices for agricultural expenses and stock of machinery, respectively (Section 5.1).
Column 3 is farm size in acres. Labor (column 4) is total person-days of labor (family + hired workers).
Profits (column 5) is crop income net of expenses. All specifications control for drought, temperature, and
rainfall. Standard errors clustered by district.

males. Inclusion of origin district income, incy;, as a covariate ensures that identify-
ing variation captures the bilateral nature of migration decisions (Borusyak et al., 2022b)

whereby migrants respond to differences between origin and potential destination incomes.

4 Results: The Direct Effect of Migration on Agriculture

We now present evidence on the direct effect of labor emigration on agriculture. In con-
trast to the idea of labor-capital substitution, we find that Indian households do not re-
place labor with capital. Instead, they reduce technology and output in response to labor
migration. Although crop and land prices are assumed to be unaffected by labor migra-

tion here, Section 5.2 extends the analysis to enable crop and land market adjustments.

4.1 Main Estimates

Table A5 presents first stage estimates (Equation 3). Column 1 excludes controls, column
2 controls for the direct shock, s;;, and column 3 controls for both s;; and origin income,
incg. The instrument strongly predicts labor outflows across all specifications. Column 3

17



is the preferred specification. To interpret the coefficient, note that the average household
has 1.76 male working-age residents. Therefore, a 1¢ increase in destination incomes pulls
21% (=0.369/1.76) of them away to join the destination labor force. F-statistics are well
above rule-of-thumb levels in tests for weak instruments (Kleibergen and Paap, 2006).

Table 3 presents second stage estimates of Equation 4. All variables are reported in
standard deviations to compare coefficient magnitudes across outcomes. The coefficient
of interest is negative and statistically significant for technology, farm size, farm labor, and
crop profits, suggesting that labor loss prompts agricultural decline within the household,
not modernization.!” The point estimate in column 1 implies that a 1¢ reduction in farm
labor causes households to reduce agricultural expenses by 1.08c. When decomposing
the index by technology type (Table A8, columns 1-5), the effect is driven by lower spend-
ing on seeds, agrochemicals, irrigation water, and rented equipment. Column 2 of Table 3
shows that labor loss also causes households to reduce machinery. This is driven by less
investment in tubewells, water pumps, bull carts, and threshers (Table A8, columns 6-10).

Columns 3-5 of Table 3 explore additional response margins. Column 3 implies that
labor loss reduces cultivated area by 1.24c, in line with the idea that declining labor and
capital reduce the marginal productivity of land, which in turn prompts farm contraction
(Appendix C). As we show in Section 4.2, the large coefficient is driven by large farms
downsizing, whereas small and medium farms remain of similar size. When restricting
the sample to farms < 10 acres, the effect size is much smaller: -0.34¢. The distribution of
farm size in our data has a few unusually large outlier farms (Figure B2), which account
for the unusually large effect size on downsizing in column 3. The -0.34c effect after
outliers are eliminated is more representative.

Column 4 shows that total farm labor days, including family and hired labor, declines
in response to emigration. This is consistent with the presence of imperfect rural labor
markets: households do not fully compensate for the loss of family labor by hiring addi-
tional workers. A 1¢ increase in migration leads to a 1.9¢ reduction in total farm labor,
corresponding to roughly 400 person-days. Lower investment in capital, land, and labor
inputs in response to labor migration leads to lower profits (column 5), likely because of
reduced output. The point estimate implies that a 10 increase in male migration leads to a
1.38c decline in agricultural profits over the past year, corresponding to about Rs. 29,000.

19Corresponding OLS estimates are in Table A6. Estimates are positive, small, and relatively noisy. This
is likely because migration is endogenous due to two counteracting forces: on one hand, richer households
can send more migrants and also have access to better technology, leading to a positive correlation between
migration and agricultural development. On the other hand, urban opportunities draw workers out of
agriculture, leading to agricultural contraction (Table A5, Table A9). These push and pull factors draw the
coefficient in opposing directions, leading to attenuated OLS estimates. Our IV estimates overcome this
issue by isolating the pull stream of migration that is plausibly orthogonal to push factors at the origin.
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Figure 3: IV Estimates—Direct Effects of Migration on Agriculture by Farm Size

Note: The explanatory variable is the number of working age male migrants in the household, instrumented
with inverse-distance population weighted income interacted with the number of baseline working age
males in the household. Outcomes on the y-axis are standardized. Blue, red, green, and orange coefficients
are for small (0-2 ac.), medium (2-4 ac.), large (4+ ac.),and pooled farm sizes, respectively. Tech Expenses
and Machinery are indices for agricultural expenses and stock of machinery, respectively (Section 5.1). Land
is farm size in acres. Labor is person-days of labor (family + hired). Output is crop profits net of expenses.
All specifications control for drought, temperature, and rainfall. Standard errors clustered by district.

Finally, since labor (column 4) declines more than capital (columns 1 and 2), agricul-
ture may become more capital-intensive. We test this using the capital-labor ratio (total
agricultural expenses divided by total labor days) as an outcome. The results in Appendix
Table A7 are consistent with capital intensification, although estimates are not statistically
significant in the IV specification. We do, however, find evidence of capital uptake at the

district-level (Section 6.1) when general equilibrium forces are at play.

4.2 Estimates by Farm Size

To test whether our results in Table 3 are a direct response to labor loss, we compare
responses of labor-constrained farms, where farmers are sensitive to labor loss, to surplus-
labor farms, where marginal workers are unproductive and their loss has little impact.
Our setting is well suited for this test since, as documented in Fact 3 (Section 2.4), labor
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constraints increase in farm size. We therefore expect farmer responses to emigration
to increase in farm size as labor constraints become tighter. Another reason that larger
farms likely drive our estimates is because these farms are more mechanized at baseline,
enabling larger margins of adjustment compared to smaller farms.

Figure 3 estimates Equation 4 separately by farm size. As expected, the main results
appear to be driven primarily by larger farms (green). Wide confidence intervals are due
to fewer large farms in the sample!!. Although large farms consistently respond more to
emigration than the pooled sample, the response of small and medium farms (blue, red)
to emigration is much smaller and often statistically insignificant. Since emigration from
these labor-unconstrained farms has little effect on agricultural outcomes, these results
indicate that our baseline findings in Table 3 are likely driven by larger, labor-constrained

farmers directly responding to labor loss, as opposed to another channel.

4.3 Reduced Form Estimates

Our 1V strategy leverages urban income shocks, weighted by rural households” ability
to exploit those shocks, to study how male labor loss shapes agricultural development.
This approach implicitly takes the view that male migration is the primary mechanism
through which urban opportunities affect rural agriculture.

Table A9 presents reduced form estimates of Equation 4, which are agnostic about
mechanisms. This specification allows for the possibility that households with young
males respond to urban income shocks in other ways — in addition to any migration re-
sponse. These estimates continue to show that urban income shocks trigger agricultural
disinvestment, with coefficients closely matching our two stage estimates that take a nar-
rower stance on the migration mechanism.

The reduced form estimates also shed some light on a specific alterative mechanism:
that urban growth increases remittances. If remittances were the dominant channel link-
ing urban growth to rural agricultural outcomes, then this would be reflected by positive
reduced form estimates, whereby households use remittance income to grow their farm.
Table A10 directly controls for remittances in the second stage, and our estimate remains
negative and slightly increases in magnitude. This is because once the upward pressure
from remittances is removed, the negative effect of labor loss on agricultural development

becomes more apparent.

Figure B2 shows the distribution of household farm size. The vast majority of farms are < 5 acres.
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4.4 Robustness Checks

We now probe the sensitivity of our estimates of direct effects. Panel A of Table A11 tests
robustness to using state-by-year instead of year fixed effects. State-year fixed effects
account for unobserved factors that are constant across households within a state-year
that jointly determine migration propensity and agricultural outcomes, such as state GDP
or state-level agricultural policies. Results are very similar to the baseline estimates.

Panel B tests robustness to including the extensive margin in the sample—households
that left or joined agriculture between the two surveys. To do so, we zero-impute outcome
variables for landless households. This adds to the sample landless households in period
1 who owned land in period 2 as well as households who owned land in period 1 and
then left agriculture in period 2. The main results are robust to this alternative sample.

Panels C-E show that our estimates are robust to alternative shift-share instruments.
First, we explore alternative shifts. Panel C redefines z;;; to isolate rural-urban migration
by restricting the destination choice set (® in Equation 1) to urban destinations only, and
restricting the sample of out-migrants to rural households only. The results are virtually
unchanged, suggesting that our baseline estimates are not driven by any particular mi-
gration stream but rather reflect internal migration in general. In Panel D, we use inverse-
distance weighted nightlights as the shift'2. Again, results remain stable, suggesting that
our baseline estimates are robust to different measures of the shift.

Second, we explore alternative measures of the “share”. Panel E tests robustness to
redefining the urban productivity parameter, ¢;, as the number of working age male or
female household members. M!?", the number of migrants sent from household i in the
tirst stage, also covers both genders. The results remain similar, which is unsurprising
since women make up less than 10% of migrants (Table 1). Panel F uses the number
of educated household members as the share variable. This is to assuage concerns that
households with young men respond differently to urban income shocks even without
migration. Estimates remain quite similar.

Lastly, Table A12 reports estimates from alternative methods of statistical inference.
Our baseline estimates report standard errors clustered by district, since households in
the same district are exposed to the same shock. We also test robustness to clustering at
the Population Sampling Unit level, a fundamental geographic unit defined by IHDS for
the initial stage of sampling, and within which households may share unobserved char-
acteristics. We also cluster by state in case shocks are correlated across districts within

the same state. Lastly, we investigate spatial correlation more systematically by estimat-

12Gatellite-detected nightlights are considered a strong proxy for local GDP (Henderson et al., 2012). Data
are obtained from the DMSP-OLS satellite product at 30 arc second resolution.
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ing Hsiang (2010)’s implementation of Conley (1999) standard errors for kernel cut-off
distances ranging from 200km to 500km!3. Overall, the statistical significance of our esti-
mates of the direct effect of migration on agricultural outcomes is robust to these alterna-

tive methods of accounting for spatial and serial correlation.

4.5 Summary of Direct Effects

We have shown that rural agricultural households in India do not substitute labor with
capital when facing labor loss. Instead, they reduce agricultural technology adoption,
downsize their farms, and grow less food. India’s fast urbanization (Figure 1) thus raises
a concern about domestic food supply. But the net effect on food supply also depends
on general equilibrium adjustments through land and food markets: how do other agri-
cultural households who reside in the same village, or other households in the state who
grow the same crops, react to migrant households’ divestment from agriculture? Our rich
household panel data allows us to decompose these partial and general equilibrium re-
sponses and better reconcile our findings with existing work (e.g. Hornbeck and Naidu
(2014)), which has only managed to conduct such analysis at aggregated levels. We turn
to this decomposition next and, in doing so, extend the literature and deepen our under-

standing about the spatial reorganization of agriculture in response to structural change.

5 Equilibrium Crop and Land Market Adjustments

To build intuition about the nature of indirect effects, first consider crop markets. If de-
clining food supply through the direct channel (Table 3) raises crop prices, then other
households may exploit this opportunity by scaling up farming. This indirect crop mar-
ket channel may be especially pronounced among non-migrant households, who avoid
negative direct effects, but still benefit from higher crop prices. Since non-migrant house-
holds are more remote (Fact 2, Section 2.4), we expect production booms in remote areas.
Similarly, if declines in migrant households’ farm size depress land prices, we may also
see farm expansion among other village residents through a land market channel.

We formalize these spatial patterns into a spatial equilibrium model in Appendix C
and dedicate the remainder of this section to testing its predictions. The main model
insight is that agricultural contraction among migrant-sending households is counterbal-
anced by increased production among non-migrant households, who tend to live in areas

with low emigration rates. The model shows that land and crop market adjustments are

13We adapt the Hsiang (2010) implementation to an IV setting using the method of Colella et al. (2019).
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the main mechanisms driving this spatial reorganization of agriculture. The declining
farm size of migrant households increases land supply and allows non-migrant house-
holds to expand their farms and produce more crops. Lastly, similar to Adao et al. (2019)
and Borusyak et al. (2022b), the model shows that the overall effect of migration on agri-
cultural outcomes is composed of additively separable direct and indirect channels. We

use this feature to extend our 2SLS setup to incorporate both of these channels.

5.1 Measurement
5.1.1 The Land Market Channel

To measure land market adjustments, we conceive land markets at the village level. The
land market adjustment is then measured by aggregate emigration from all other house-
holds i’ of village j, in district d, excluding household i:

land Zi/edet/i Migrantsy g

land __ . 5
i Nt/ ©)

Intuitively, M%d measures average migration from other households i’ # i in the land

market. Migrants;jy; is the number of working-age male migrants sent from households
i'. Nj4/1 is the set of households in village j excluding household 7, and |Njg /i is the
number of elements in Nj4; /i. We divide the number of migrants (except household i) by

the number of households in village j (except household 7) to account for heterogeneous
land
it

captures responses through the indirect land channel. In Section 5.5, we show that their

village populations and land endowments. Household i’s response to changes in M
response to Mll.]‘?ﬁd materializes through changes in village land prices (Table 5).

5.1.2 The Crop Market Channel

To measure crop market adjustments, we describe crop markets as the combination of
all households in the state producing similar crops. One concern is that crop choices are
endogenous because they depend on crop prices, labor supply, and land supply, which
all respond to migration and urban productivity shocks. We, therefore, define two house-
holds as part of the same crop market if: (i) they live in areas with similar crop-specific
crop suitability (e.g., both located in rice-growing areas), and (ii) in a robustness test, if
they produce similar crop portfolios at baseline based on IHDS data. Both measures are
exogenous to urban productivity shocks during the study period.

To quantify crop similarity, consider two vectors x; = (xj1, ..., Xix) and Xy = (X, ..., Xyig)
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that list the K crops available to households i and i’ based on eco-climatic suitability. The
order of elements is identical for both households. x; € [0,1] is the suitability of crop
k in district d. Crop similarity between household i and i’ is measured as the inverse

Euclidean distance between their crop suitability vectors!*:

-1
d(Xl', Xi/)il = (\/(xil — xill)z -+ (xiz — xilz)z + ...+ (xiK — xi/K)z + 1)

Using this idea of crop similarity, the crop market adjustment is measured as the
weighted average emigration from other households 7/, with weights equal to crop simi-
larity between household i and 7’ in the baseline period:

ijr;f = Z d(xi,xi/)_lMigrantsi/t (6)
'ENs /i

We assume state-level crop markets!® since cross-state trade restrictions in India prevent-
ing crop prices from equilibrating across states (Chatterjee, 2023). N;/i thus denotes all
households in state s excluding household i. Since emigration from other households

growing equally suitable crops to i receives more weight in the aggregation, Mf].r;f effec-
tively measures aggregate emigration from the same crop market as household i. Thus,
crop
ijdt
In Section 5.5, we show that household responses to crop market adjustments captures
crop
ijdt
shocks draw agricultural labor away from a rice-growing area, thereby affecting aggre-

household i’s response to changes in M., reflects indirect effects through crop markets.

an underlying relationship between M:.," and crop prices (Table 5). Intuitively, if urban
gate rice supply and rice prices, then households elsewhere will respond more to the price
change if they also live in a rice-suitable part of the state.

We use gridded crop suitability (1km resolution) from the GAEZ FAO portal (Fischer
et al., 2021) to measure x;;. Suitability is an index over the 1980-2010 period, normalized
to one. We obtain separate suitability rasters for each major crop in India'®. District
suitability for each crop is computed by extracting means over all cells within a district.

14We use d(x)=1/(x+1) to avoid divide-by-zero issues.

15We ignore crop trade cost for simplicity. A possible extension could weight emigration of other house-
holds by their inverse distance to the focal household. However, since the crop market is heavily regulated
within states, we assume the government absorbs inter-state trade costs.

16Major crops are defined by the Department of Agriculture, Cooperation & Farmers Welfare as rice,
wheat, nutri-cereals, pulses, foodgrains, oilseeds, sugarcane, cotton, and jute & mesta.

24



5.2 Estimating Equation

In order to jointly estimate the direct and indirect effects of internal migration, we extend
the 2SLS framework in Section 3.3 to include the land and crop market channels:

crop

M%‘W = W1Zijar + H2Sar + Paincg + M4M1]dt + UMy + Xy +ai+vi+eja (7)

Yijar = 51le]a£tor + B2 Mf]a;td + ,33MZC]7;t + Basar + Bsincas + T Xy + a; + vt + ijar - (8)

where Ml’md is the land market adjustment and M;; i dt

Other terms are the same as Equation 4. The total response of farmers to emigration

is the crop market adjustment.

comprises the direct effect through household labor loss, B1, as well as the land and crop
markets adjustments, captured by B, and B3, respectively. Only the direct labor channel,
Mf]”ft‘”, is instrumented with z;;5;, whereas the market responses are not. This assumes
that migration of other households in the village and crop market is unrelated to the
decision of household i, conditional on controls and fixed effects.

For land markets, the main threat is that households i and i’ may respond to village-
level shocks (e.g., a local drought or agricultural programme) that co-determine village
emigration and household agriculture. We therefore control for droughts, temperature,
and rainfall in all specifications, as well as for village agricultural extension programs
in a robustness check. To the extent that these shocks manifest as pull factors, these are
captured by distance-weighted destination income shocks, s;;. Another threat is that em-
igration from the land market may affect non-land factor markets. We rule this out by
controlling directly for non-land factor market changes in a placebo test (Section 5.4.2).

For crop markets, the concern is that crop-specific shocks, such as crop disease or
trade disruption, can simultaneously affect emigration from the crop market and house-
hold agriculture via prices. We therefore control for crop prices in a robustness check
such that identification of B3 is off of deviations from general crop price trends driven by
aggregate supply contractions induced by aggregate emigration from the crop region. We

validate this measure of the crop market channel, M:.,’, by showing that households do

z]dt ’
not respond to aggregate emigration from outside the crop market.

5.3 Results: Direct and Indirect Effects

Table 4 presents estimates of B1, B2, and B3 from Equation 8. Estimates are reported in
standard deviations for ease of comparison. The main result is that direct and indirect
effects draw in opposing directions, as suggested by the visual evidence and the model.

The direct effect (row 1) remains negative, statistically significant, and similar in magni-
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Table 4: Direct and Indirect Effects of Internal Migration

(1) (2) ) (4) )

Tech. Exp. Machinery Land Labor Profit
Male Migrants -1.073*** -0.741%** -1.245***  -1.952***  -1.359***
(direct labor channel) (0.228) (0.218) (0.257) (0.316) (0.245)
Village emigration 0.235%** 0.188*** 0.260***  0.405***  0.245"**
(indirect land channel) (0.052) (0.048) (0.055) (0.077) (0.057)
Crop region emigration ~ 0.206"** 0.031 0.263***  0.450***  0.180***
(indirect crop channel) (0.057) (0.057) (0.058) (0.084) (0.050)
HH FEs v v v v v
Year FEs v v v v v
Observations 25924 24966 29342 20906 25852
F-Stat on Direct Effect 64.5 59.7 52.7 56.5 67.4

Note: * p < .1, ** p < .05, *** p <.01. All variables are standardized. Male Migrants is number of working-
age male migrants sent from the household, instrumented with inverse-distance population-weighted in-
come interacted with a number of baseline working-age males. Village emigration is the leave-one-out aver-
age number of working-age male migrants in the village. Crop region emigration is the leave-one-out num-
ber of migrants in the state weighted by inverse Euclidean distance between crop suitability (Section 5.1).
Columns 1 and 2 are indices of agricultural expenses and stock of machinery, respectively. Column 3 is farm
size in acres. Labor (column 4) is person-days of labor (household + hired). Profit (column 5) is crop rev-
enue net of expenses. All columns control for origin income, the uninteracted shift, drought, temperature,
and rain. Standard errors clustered by district.

tude to Table 3. However, column 1 shows that migration-induced declines in agricultural
technology due to labor loss are partially offset by household responses to land (row 2)
and crop (row 3) market adjustments.

When decomposing by technology type, Table A13 columns 1-5 show that technology
uptake through crop market adjustments materializes through spending more on seeds,
agrochemicals, water, and rental equipment. There is little change in machinery own-
ership (columns 6-10). We show in Section 5.5 that agricultural expansion through crop
market adjustments captures household responses to higher crop prices.

Column 3 of Table 4 shows that downsizing farms through the direct channel is par-
tially offset by the indirect land market channel (row 2). This corroborates the model
prediction that falling land prices induced by the direct effect prompt non-migrant house-
holds to expand farm size. We provide evidence for this price mechanism in Section 5.5.
Column 4 reports labor market responses and indicates that total labor days declines di-
rectly in response to emigration. The indirect effects, however, operate in the opposite
direction, which is counterintuitive since wage rates possibly increase as labor supply

declines. We interpret this pattern as reflecting households” increased own-family labor
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supply in response to higher input use and rising crop prices.

Lastly, the estimates for crop profits in column 5 show the same directionality through
each channel. Point estimates are precise and economically significant. Whereas house-
holds experience lower crop profits by 1.36¢ in response to their own labor loss, agricul-
tural expansion through crop market and land market adjustments offset these effects. In
Section 6.2, we conduct an accounting exercise that uses these coefficients to quantify the
extent to which aggregate agricultural losses are compensated by market spillovers.

Note that negative direct effects primarily impact households sending many migrants,
whereas households sending zero migrants indirectly benefit from agricultural expan-
sion. Since remote households send fewer migrants (Fact 2, Section 2.4), we expect a
spatial reorganization of agriculture away from peri-urban areas with high emigration
toward remote areas with low migration. In Section 5.6, we show that this spatial pat-
tern is indeed borne out in aggregate and high-resolution data, supporting our empirical
findings and corroborating our story about the spatial reorganization of agriculture.

5.4 Robustness and Placebo Tests

We test the sensitivity of our estimates of crop and land market adjustments with a variety
of robustness and placebo tests. Our estimates are remarkably stable, and our market

measures appear robust and well-defined.

5.4.1 Robustness Tests

Table A14 shows that our GE estimates of indirect effects are robust to an alternative
instrument where the “share” variable is the number of educated household members
instead of the number of young men. Direct and indirect effects of migration continue
to move in opposing directions, helping alleviate concerns that households with young
males respond differently to urban income shocks.

Table A15 shows that estimates of land market adjustments are robust to controlling
for village level environmental shocks (drought, flood, cyclone, or earthquake) as well
as the presence of agricultural extension programs. This specification is important since

ll,%d is uninstrumented in Equation 8 and village level shocks can influence both village-
level emigration as well as household agricultural decisions. Yet the coefficient on Mfﬁtd
remains highly stable, suggesting that our main estimate of land market adjustments is
unbiased by correlated village-level shocks.

Table A16 shows that estimates of crop market adjustments also remain stable when
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controlling for annual prices of households’ highest-value crop!”. This absorbs crop-level
shocks, such as crop disease or trade disruptions, that affect both crop-region emigration
and household agriculture via crop prices. While prices are the proposed mechanism
in our model, making this control seem redundant, it in fact only captures general crop
price trends. B3 is thus identified off of deviations from general crop price trends driven
specifically by supply contractions induced by aggregate emigration from the crop region.
We provide empirical support for this mechanism in Section 5.5.

Table A17 tests robustness to an alternative definition of the crop market. For this test,
crop similarity weights are defined in crop production space instead of suitability space.
Crop-wise production data is available in the 2005 IHDS survey. We define ijr;tp as in
Equation 6, except that d(x;,x;) ! is constructed such that K is the number of possible
crops that households report growing, and x; is crop k’s share of actual production for

household i. x;; = 0 if crop k is not grown. Reassuredly, estimates of B3 are virtually
crop
ijdt -
Table A18 drops inverse distance-weighted income as a covariate. Recall that this

identical to Table 4 when we use this alternative measure of M

was partialled out in the main shift-share specification to improve identification of direct
effects. Yet, in doing so, variation in migration from pull factors becomes underexploited
for identifying indirect effects. We find remarkably stable estimates when adding back
this pull factor variation by not controlling for destination incomes.

Table A19 reports estimates when we allow crop markets to span the whole of India.
This enables household i to be affected by the emigration of households growing similarly
suitable crops anywhere in India rather than only within the same state. The coefficients
on the crop channel remain positive across most specifications, but the magnitudes in-
crease. Estimate sensitivity is likely driven by the fact that agricultural markets in India
function at the state level, in which case this robustness test may be misspecified. We
therefore prefer our main specification.

Table A20 test robustness to including the extensive margin in the sample. Recall that
Table 4 describes the intensive margin since the sample comprises households that owned
land in both periods. Households who left or entered agriculture between surveys have
missing outcomes when they are landless. We add them to the sample by zero-filling their
agricultural technology expenses and machinery. Estimates of the direct and indirect ef-
fects remain remarkably stable, suggesting that including the extensive margin of farmer

exit and entry in response to labor migration does not change our main conclusions.

7Estimates are also robust to controlling for linear crop-time trends.
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5.4.2 Placebo Tests

In addition to the robustness checks, we design placebo tests to validate our measures of
crop and land market adjustments and provide additional support for causal interpreta-
tion of our estimates of indirect effects. First, we compute a placebo crop market measure
by replacing d(x;, x;) ! in Equation 6 with d(x;, x;). Since these weights are not inverted,
households growing different crops receive more weight in the aggregation. If our esti-
mates of household responses to crop market adjustments are truly driven by household
i reacting to supply shifts induced by emigration from the crop market, then the emigra-
tion of households outside the crop market should have no effect on household i’s output.
In column 1 of Table A21, we control for the placebo in Equation 8, and its coefficient turns
negative and converges to zero. The robust positive coefficient on Mf]gtp confirms that our
estimates of B, are indeed driven by household i’s response to crop market adjustments.

Next, we compute a more sophisticated crop market placebo that accounts for crop
substitutability. Even if households i and i’ grow different crops, their production may
still be linked through prices if they grow substitutes or complements. We, therefore, mea-
sure d(x;,x;) ! as the inverse cross-price elasticity between the main crop of household
i and i’ obtained from Anand et al. (2016)'8. Taking the inverse implies that households
growing unrelated crops receive more weight in the aggregation. Column 2 of Table A21
controls for this placebo and, once again, the placebo coefficient is near-zero. This sug-
gests that households’ reaction to crop market adjustments in response to aggregate emi-
gration does not only depend on supply shifts of their main crops within the crop market,
but also supply shifts of substitutes and complements within the market.

Lastly, column 3 presents placebo estimates that validate our land market measure.
One concern is that emigration by other agricultural households in the village might also
shift non-land factor prices, like wages or input costs, in addition to land prices. We there-
fore control for emigration by landless households in the village in Equation 8, which
affects only non-land GE channels and therefore disentangles the effect of land and non-
land GE channels on household agriculture. We are well-powered for this test since over
half of the households in our sample are non-agricultural. The land market placebo does

not affect household farm size, whereas our main land market coefficient remains sta-

land
ijdt

adjustments through land markets and not other indirect channels.

ble. We conclude that our land market measure, M is indeed picking up farm size

18Compensated elasticities for India are provided for four relevant crop categories: cereals, pulses, veg-
gies/fruits, and other. We first identify the main crop of each household as the one with the highest share of
total production. Second, we categorize each crop into one of the four categories. Lastly, we fill the weight
matrix with the absolute value of elasticities for each pair of households.
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Table 5: Mechanisms: Impact of Aggregate Emigration on Prices

(1) 2) 3)

Crop Price Land Price Land Price
Crop region emigration 0.137***
(indirect crop channel) (0.052)
Village emigration -0.052** -0.055**
(indirect land channel) (0.025) (0.025)
Vil. Environmental Shocks No No Yes
Vil. Agricultural Extension No No Yes
Aggregation District-year Village-year Village-year
District FEs v
Village FEs v v
Year FEs v v v
Observations 586 1222 1100

Note: * p < .1, ** p < .05, *** p <.01. Coefficients are OLS estimates. All outcomes are standardized. In
columns 2 and 3, regressions are weighted by the number of households in a village renting in our out,
respectively. Crop region emigration is a district average of the leave-one-out number of migrants within the
state weighted by crop suitability. Village emigration is mean number of working age male migrants in the
village. Errors clustered by district in column 1 and by village in columns 2-3.

5.5 Mechanisms: Land and Crop Prices

We have argued throughout the paper that 8, and B3 in Equation 8 capture households’
indirect responses to land and crop market adjustments, respectively. The model in Ap-
pendix C shows that prices are the guiding force behind these market responses. We
provide evidence of the price mechanism using data on crop an land prices. Crop prices
are at the district-year level from ICRISAT. We construct a price index for each district
as the weighted average crop price for major crops, with weights equal to the suitability
index for each crop in the district (Section 5.1 for data details). Land prices are reported in
IHDS for households that buy or sell land. We measure land price at the village level, and
weight regressions by the number of households trading land in the village. This ensures
that coefficients are more influenced by observations measured with better precision.

We estimate the price effects of emigration from the crop and land market as follows:

CropPricez; = @ - M;ZOP +oag+ v+ €4t

LandPricej; = ¢ - ;?”d + o+ 7+ €t

where d, j, and t index districts, villages, and time, respectively. CropPrice is the crop
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price index in district d and LandPrice is land rental price in village j . M;;Op and M]l.?”d

are measured as before, but aggregated at the district and village level, respectively. The
coefficients of interest are ® and ¢. These are estimated with OLS since Mll.]‘?;t‘” is not part
of this specification and M;-‘tmd and M;:Op are uninstrumented. If ® > 0, then emigration
from the crop market raises crop prices. If ¢ < 0, then emigration from the land market
reduces land prices. All specifications include location and time fixed effects.

Table 5 presents the price effects. Outcomes are reported in standard deviations. Start-
ing with crop price in column 1, the coefficient is positive, significant and implies thata 1o
increase in emigration from the crop market increases crop prices by 0.14c. This suggests
that crop prices are a key mechanism behind the positive crop market effect in Table 4:
declining crop output through the direct labor channel raises crop prices, leading non-
migrant farmers in the crop market to increase production.

Column 2 documents the impact of emigration from the land market on the price
of land rented in. The coefficient is negative and significant, implying that emigration
from the land market depresses land prices. This suggests that land prices are a key
mechanism behind the positive land market effects in Table 4: the reduction in cultivated
land through the direct labor channel increases land availability, thereby reducing land
prices and leading to farm expansion among non-migrant households in the land market
(village). The land price effect remains stable when controlling for the presence of village

environmental shocks and agricultural extension programs (column 3).

5.6 The Spatial Reorganization of Agriculture in Geo-coded Data

We have uncovered two distinct responses to migration: (i) negative direct effects, in the
form of agricultural contraction among migrant-sending families, and (ii) positive indirect
effects, in the form of farm expansion by non-migrant households in shared land and crop
markets. Our empirical model suggests that these responses unfold along a spatial gra-
dient: agricultural contraction (Table 4) materializes among peri-urban households, who
face low migration costs and send many migrants, whereas agriculture expands among
remote households, for whom migration costs are high and emigration is uncommon.
This implies a spatial reorganization of agriculture that can be tested with geocoded data.
We therefore map changes in economic growth, agricultural labor, and crop output across
India using both aggregated census data as well as high-resolution satellite imagery.
Maps presented in Figure 4 validate our empirical findings and help us visualize how
structural transformation reshapes the geography of agriculture. Panels A and B map
changes in agricultural labor and output from 2001-2011, respectively. The ten fastest-
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Figure 4: Economic Growth, Labor Exit, and Agricultural Growth (2001-2011)

Note: The time period for each map is 2001-2011. Panel A maps % change in agricultural workers per
hectare of cultivated area using data from the 2001 and 2011 Census. Panel B maps the % change in crop
output using data from the ICRISAT database. Output is measured as value of all crops produced in a
district divided by gross cropped area. Values (in both panels) are truncated at the 5th and 95th percentile.
Panel C maps the change in harvested rice area per pixel from the GGCP10 satellite product.
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growing cities by IHDS income—the “shift” in our shift-share design—are labeled. Two
spatial patterns emerge, each consistent with our empirical findings. First, near the cluster
of high-growth cities in South India, there are sharp declines in agricultural labor (Panel
A, red) in surrounding districts where the migration pull-factor is strongest. These same
labor-sending districts also show declining crop output (Panel B, red), echoing our esti-
mates of direct effects (Table 3): as males migrate to cities, left-behind families scale back
farming. Second, moving away from these urban clusters into remote regions of Cen-
tral India, where there are no high-growth cities, we observe a compensating expansion
of agriculture (Panel B, blue). This aligns with our finding that indirect effects are more
pronounced for remote households further away from the pull of economic growth.

Table A22 systematically explores the spatial correlations evident in Panels A and B by
regressing the changes in agricultural laborers per hectare and crop yields in a district be-
tween 2001 and 2011 on the district’s distance to the nearest of the ten high-growth cities.
Column 1 shows that agricultural labor increases with distance, although the coefficient
is imprecise. Column 2 reveals a more precise association for crop output: districts 100
km farther from growth hubs exhibit roughly 3 percent higher yields.

Having established the spatial reorganization of agriculture across districts, Figure 4C
zooms in on even more localized patterns using high-resolution, satellite-based measures
of rice yields in the fast-growing regions of South India. Panel C centers on Tiruvanna-
malai, a city near Chennai and one of the highest-growth cities during this period. Yields
decline to the northeast and northwest of the city—areas with significant labor outflows
(Panel A). Yet, yields begin to rise beyond these zones as we move into more suburban
areas. This pattern mirrors land market spillovers: as migrant-sending households scale
back farming, non-migrant neighbors in the land market (village) expand cultivation. In
some cases, red and blue pixels even appear side-by-side, vividly capturing this hyper-
localized spatial reallocation of agriculture. These visual patterns help rationalize our
empirical findings, consistent with the claim that a geographic redistribution of agricul-

ture accompanies structural transformation.

6 Discussion

This section contextualizes our findings, first, by connecting to the existing literature and,
second, by conducting an accounting exercise to quantify the extent to which aggregate
agricultural losses are compensated by crop and land market spillovers.
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Table 6: IV Estimates—District Level Aggregate Impacts of Migration on Agriculture

1 (2) ©) (4) @)
Tech. Exp.  Machinery Land Labor Profit
Male Migrants (c) 0.970** 1.357** -0.807* -1.638 -1.253**
(0.459) (0.675) (0.486) (1.126) (0.553)
Origin Income (incg) Yes Yes Yes Yes Yes
Outcome SD 0.623 0.666 1.941 124.462  11914.408
Explanatory SD 0.160 0.160 0.158 0.161 0.159
District FEs v v v v v
Year FEs v v v v v
Observations 614 618 656 608 640
F-Statistic 5.3 5.7 4.7 5.2 6.1

Note: * p < .1, ** p < .05, *** p <.01. Data are aggregated to district means and converted to standard de-
viations. Regressions are weighted by number of households over which the mean is taken. Male Migrants
is the number of working age male migrants sent from the household, instrumented with inverse-distance
population weighted income. All columns control for drought, temperature, and rainfall. Columns 1 and
2 are indices for agricultural expenses and stock of machinery, respectively (Section 5.1). Column 3 is farm
size in acres. Labor (column 4) is person-days of labor (household + hired). Profits (column 5) is crop
revenue net of expenses. Standard errors clustered by district.

6.1 District-Level Analysis

A key contribution of our paper is the use of household data to disentangle direct and
indirect effects of emigration on agriculture. This decomposition is only possible with
household data: direct effects unfold within households, whereas indirect effects unfold
spatially across households linked through shared markets. Given that the literature stud-
ies structural transformation and agriculture at higher geographic scales (see Literature
Review), we can aggregate our household data and estimates up to coarser scales to rec-
oncile our findings with existing work.

Related studies find that labor loss leads to agricultural mechanization using county-
level (Hornbeck and Naidu, 2014), district-level (Aggarwal, 2018), or even state-level
(Clemens et al., 2018) data. On these broader geographic scales, the effect of labor loss
on agriculture reflects both labor-capital substitution and broader market adjustments to
labor loss. To bridge our findings with this literature, Table 6 presents district-level es-
timates of Equation 4, where all variables are aggregated to district means. Market re-
sponses are not separately modeled in this equation, so aggregation to the district level
implies that the coefficient entangles both the response of households to emigration of
their own household members as well as responses to broader market adjustments within

districts from aggregate emigration. District emigration is instrumented with inverse
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distance-weighted income shocks (sz;) while also controlling for district income (incy;),
in line with Borusyak et al. (2022b). Note that our instrument is not as strong at the dis-
trict level, but these estimates are intended only to contextualize our findings.

Our aggregate estimates are consistent with the main patterns in the literature. Labor
migration leads to increased technology adoption at the district level (Table 6, columns 1 and
2), implying that positive indirect effects outweigh negative direct effects in aggregate.
This is not true for farm size and profits (columns 3 and 5), which decline in response to
aggregate emigration. The negative effect on labor days is statistically insignificant. Over-
all, these findings suggest that technology adoption by non-migrant households does not
fully compensate for direct labor losses in terms of production impacts.

These aggregate estimates in Table 6, and those in the literature, capture only the sub-
set of broader market responses that manifest within districts. Yet, recall that crop markets
can stretch beyond districts (Section 5.1). Crop market spillovers are therefore insuffi-
ciently unaccounted for in these district-level estimates. This may explain why district
crop profits decline despite greater technology adoption: agricultural expansion unfolds
through spatial market spillovers in ways that Equation 4 overlooks when aggregated at

higher levels (across states, or across countries, through international trade).

6.2 How much agricultural loss does land and crop markets offset?

In aggregate, how much of the crop losses from agricultural divestment among migrant
families are compensated by market adjustments? We use our household-level econo-
metric estimates from Equation 8 to calculate below that 80% of the migration-induced
decline in food supply is compensated by domestic market adjustments. These indirect
effects materialize in remote areas, which explains the spatial reorganization of agricul-
ture away from peri-urban areas and toward remote regions evident in Figure 4.

For each household i in year ¢, we use the coefficients from Equation 8 to predict
household i’s crop production as a function of migration realizations. Let t; and t, denote
IHDS survey wave I and II, respectively. We first define a baseline No Migration (NM)

scenario in which all migration variables are fixed at ¢;:

— lubor land crop '
l]dfz ﬁ szdt + ﬁ Mz]dt1 + :B Mz]dt T+ + Yy

We also define a Labor Only (LO) scenario in which both indirect effects are fixed at #1:

— labor land crop '
1]dt2 ’B Ml]dtz + ﬁ Ml]dfl + ﬁ Mz]dtl + “l + ,)/tz
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Figure 5: Aggregate Extent of Indirect Effects

Note: Panel A displays the aggregate change in agricultural supply from migration under the four scenar-
ios. Labor Only means the crop and land channels are held constant, Labor + Crop means the land channel is
held constant, and so on. Panel B shows the percent of the Labor Only agricultural decline mitigated by the
indirect land and crop forces (Equation 9). Confidence intervals computed from 100 bootstrap draws.

In the same way, we define a Labor and Land (LL) scenario where the crop market ad-
justment is fixed at t1, as well as a Labor and Crop (LC) scenario where the land market
adjustment is fixed at t;. We then sum household-level predicted values to construct ag-
gregate counterfactuals: TotY};’ M TothLzo, TotY}! and TothLZC, the total value of crop pro-
duction without migration, with migration but no market adjustments, with migration

plus land market adjustments, and with migration plus crop market adjustments, respec-
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tively. Comparisons with in-sample fitted values TotY;, (the scenario with all channels
operational) yield three statistics of interest. The first and second are aggregate values
of crop production with (GE) and without (PE) market adjustments relative to the total

value absent migration:

TotYy, — TotYYM
Tot Y™™

PctChange®t = 100 - (

oE Tot Y} — Toty M
PctChange™™ = 100 -

TothfM

The third is the amount of agricultural decline through the direct channel that is offset

by markets as a percent of the counterfactual change absent market adjustments:

©)

PE __ GE
PctOffset = 100 - (P ctChange ” — PctChange )

PctChangePE

We follow the same steps to decompose the land channel and crop channel separately.

Figure 5A shows estimates of the change in aggregate crop output with and without
market spillovers. To account for uncertainty in the underlying point estimates, we repeat
the exercise on 100 bootstrapped samples and plot the mean (orange) and confidence
intervals (purple error bars). Under the Labor Only scenario, with both market channels
shut off, aggregate migration would have caused a 51% reduction in agricultural output
compared to the No Migration counterfactual. This amounts to Rs. 118 million worth of
food. When all channels operate, the supply contraction becomes five times smaller.

Panel B shows how much of the migration-induced output decline is mitigated by
market adjustments (Equation 9). 36% of agricultural losses through the labor channel are
mitigated through land markets and 43% through crop markets. Both indirect channels
together mitigate 79% of the direct effects of migration. The recovered crops are worth
Rs. 95 million, or 18% of the in-sample total crop value in 2012.

It is important to note that these results do not imply a net loss of food across India,
only that we are able to quantify the partial effects of these two observed margins of ad-
justment. Other unobserved determinants of output, such as climate, are captured by the
time fixed effects in our empirical model. The comparison is, therefore, with a hypothet-
ical counterfactual in which all the other determinants of production are considered but

migration is reduced to zero.
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7 Conclusion

This paper studies how internal migration affects agricultural development and the spa-
tial organization of agriculture. The reallocation of labor from farms to cities is an em-
blematic feature of economic development. While this process is well-studied, its effects
on agriculture in rural areas left behind are relatively unexplored. We track labor migra-
tion and agricultural activities with detailed household panel data from India between
2005-2012, a period of rapid economic modernization. We address the endogeneity of
migration choice using a shift-share instrument based on distance-weighted destination
income shocks interacted with households” potential to benefit from these shocks.

When analyzing structural transformation at an aggregated district level in India, we
tind evidence consistent with historical US literature that farms mechanize in response
to emigration. But our analysis using detailed farm-level data indicate that Indian farm-
ers do not replace labor with capital when facing agricultural labor loss. Instead, they
downsize farms and reduce crop output. Equilibrium effects on food supply depend
on how crop and land markets adjust. We document rising crop prices in response to
migration-induced output declines, and falling land prices as more land becomes avail-
able. Aggregate effects in the literature thus represent a combination of these direct and
indirect general equilibrium effects.

Our analysis uncovers an interesting spatial pattern in the reorganization of agricul-
ture in response to migration. While households in peri-urban areas face agricultural
losses, households with no migrants in remote areas benefit from higher crop prices and
lower land prices. These remote households increase production, expand farmland, and
adopt technology. In aggregate, our estimates suggest that market spillovers mitigate 80%
of the migration-induced food shortage between 2005-2012. The spatial redistribution of
agriculture through markets is, therefore, economically significant.

Our results have important distributional implications. We showed that while agri-
cultural development declines in peri-urban areas, it surges in remote areas where low
migration rates and poverty are widespread. We thus expect structural transformation to
promote income redistribution toward those who do not directly participate in it. How
these shifts have played out in China and other developing countries that have experi-
enced massive urbanization and structural transformation in recent decades is an impor-

tant under-explored area that should be the subject of future research.
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Appendix - For Online Publication Only
A Appendix Tables

Table Al: Migrant Distribution by Type by Age Cohort

Male Migrated Male Migrated
for School for Work
0-4 0.29 0.20
59 0.55 0.03
10-14 0.55 0.06
15-19 0.41 0.31
20-24 0.24 0.55
25-29 0.06 0.75
30-34 0.01 0.81
35-39 0.01 0.84
40-44 0.00 0.83
45-49 0.00 0.83
50-54 0.00 0.82
55-59 0.00 0.79
60+ 0.00 0.57
Total 0.18 0.58

Note: Data from IHDS Wave I (2004-05). Each row denotes an age cohort. Values denote the share of
migrants in each age group belonging to each migrant type.

Table A2: Entire-Family Migration

# HH % SD
Moved within last 7 yrs 421 1.1 10.2
Place of Origin
Same state, same district 360 849 35.8
Same state, another district 49 11.6 32.0
Another State 15 3.5 18.5
Type of Origin
Village 240 56.3 49.7
Town 186 43.7 49.7
Total 40,018

Note: Data from IHDS wave 2. The first row reports households that moved between survey waves. %
refers to the percent of all households (see Total). Remaining rows pertaining only to those households that
moved between waves.
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Table A3: Labor-to-Land Ratio by Farm Size

Small (0-2 ac.) Medium (2-4 ac.) Large (4+ ac.)
Mean SD Mean SD Mean SD

Family person-days/acre 33522 777.37 128.43 421.86 70.45  119.03
Hired person-days/acre 14.83  46.98 12.82 112.23 8.92 23.98

Note: Data are a panel for all land-owning households. Farms are placed into size bins based on baseline
farm size. Family and hired person-days of labor refer to the past year.

Table A4: Summary Statistics of Land, Labor, and Capital

Obs. Mean SD
A: Land
Area cultivated (ac.) 30425 3.33 3.61
Area rented in (ac.) 27024 0.28 0.79
Rental price (Rs./ac./yr) 2980 3346.86 13541.57
Yield (Rs./ac.) 24730 7738.27 25546.84
B: Expenses/Acre
Seeds 27450 668.57 2355.20
Fertilizer 27238 930.41 3449.98
Pesticides 26497 255.38 1524.74
C: Machinery (Num./Acre)
Pumps 26002 0.14 0.93
Tractors 26005 0.02 0.13
Bullock Carts 26091 0.05 0.24
D: Labour (past yr.)
Family person-days/acre 27674 223.20 614.61
Hired person-days/acre 24721 12.96 62.57
Wages Paid / Acre 26214 770.60 4526.35

Note: Data are a household-panel for land-owning households. Pumps include electric and diesel water
pumps. Wages refers to total paid labor wage bill in the past year. All monetary values are in 2005 prices.
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Table A5: First Stage Results

(1) 2) (©)

zigr : Wt. Income x Working Age Males 0.321%** 0.367*** 0.369"**

(0.051) (0.048) (0.048)
Wt. Income (s4;) No Yes Yes
Origin Income (incg) No No Yes
HH FEs v v v
Year FEs v v v
KP (2006) F-Stat 39.59 58.94 59.96
Observations 25854 25854 25854

Note: * p < .1, ** p < .05, ** p <.01. The outcome is number of working age male migrants sent from
household i. “Wt. Income” is inverse-distance, population-weighted income (s;;). “Working Age Males”
is the number of working-age male household residents (¢;). “Origin Income” is mean per capita district
income, incg;. The units of z;4; are standard deviations. All specifications control for drought, temperature,
and rain. Standard errors clustered by district.

Table A6: OLS Estimates—Direct Effect of Migration on Agricultural Development

(1) 2) 3) (4) ()
Tech. Exp. Machinery Land Labor Profit
Male Migrants (o) 0.022%** 0.002 0.018*** 0.003 0.005
(0.007) (0.007) (0.006) (0.011) (0.008)
Weather Controls Yes Yes Yes Yes Yes
Outcome SD - - 3.621 211.329 21059.452
Explanatory SD 0.524 0.521 0.533 0.518 0.513
HH FEs v v v v v
Year FEs v v v v v
Observations 25928 24970 29346 20910 25854
R? 0.742 0.739 0.771 0.645 0.741

Note: * p < .1, ™ p < .05, *** p <.01. Outcomes and explanatory variables are in standard deviations.
Male Migrants is the number of working age male migrants in the household. Columns 1 and 2 are indices
for agricultural expenses and stock of machinery, respectively (Section 5.1). Column 3 is farm size in acres.
Labor (column 4) is person-days of labor (household + hired workers). Profits (column 5) is crop income
net of expenses. All specifications control for drought, temperature, and rainfall. Standard errors clustered
by district.
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Table A7: Direct Effect of Migration of Labor-Capital Ratio

OLS v
1) 2)
Log(K/L) Log(K/L)
Male Migrants (c) 0.030** 0.067
(0.013) (0.177)
Wt. Income (s4;) No Yes
Origin Income (incy;) No Yes
HH FEs v v
Year FEs v v
Observations 19092 19092
F-Statistic 47.6

Note: * p < .1, ** p < .05, *** p <.01. The outcome is total agricultural expenses (K) divided by person-
days of labor (L). We transform this by log(x+0.01) to avoid divide-by-zero errors. Male Migrants is the
number of working age male migrants in the household. Column 1 is the OLS estimate. In column 2,
migration is instrumented with inverse-distance population weighted income interacted with the number
of baseline working age males in the household. All specifications control for drought, temperature, and
rainfall. Standard errors clustered by district.
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Table A9: Reduced Form Estimates of Direct Effects

(1) ) 3) 4) )
Tech. Exp. Machinery Land Labor Profit

Z;g: Wt. Income x Working Age Males  -0.819***  -0.553***  -0.886™* -1.568"** -1.134***

(0.127) (0.144) (0.117) (0.146) (0.123)
Wt. Income (sg;) Yes Yes Yes Yes Yes
Origin Income (incy) Yes Yes Yes Yes Yes
Outcome SD - - 3.621 211.329  21059.452
Explanatory SD 0.524 0.521 0.533 0.518 0.513
HH FEs v v v v v
Year FEs v v v v v
Observations 25928 24970 29346 20910 25854
R? 0.020 0.021 0.024 0.050 0.046

Note: * p < .1, ** p < .05, *** p <.01. Outcomes and explanatory variables are in standard deviations.
“Wt. Income” is inverse-distance, population-weighted income (s;;). “Working Age Males” is number of
working age male household residents (¢;). “Origin Income”, incg;, is mean per capita district income. z;4;
is in standard deviations. Columns 1 and 2 are indices for agricultural expenses and stock of machinery, re-
spectively (Section 5.1). Column 3 is farm size in acres. Labor (column 4) is person-days of labor (household
+ hired workers). Profits (column 5) is crop income net of expenses. All specifications control for drought,
temperature, and rain. Standard errors clustered by district.

Table A10: IV Estimates—Direct Effects of Migration Controlling for Remittances

) 2) 3) 4) )
Tech. Exp. Machinery Land Labor Profit
Male Migrants (o) -1.659*** -1.142*** -2.0171%** -2.842%** -2.577%**
(0.401) (0.354) (0.486) (0.534) (0.578)
Wt. Income (s4;) Yes Yes Yes Yes Yes
Origin Income (incy) Yes Yes Yes Yes Yes
Remittances Yes Yes Yes Yes Yes
Outcome SD - - 3.621 211.329 21059.452
Explanatory SD 0.524 0.521 0.533 0.518 0.513
HH FEs v v v v v
Year FEs v v v v v
Observations 25928 24970 29344 20910 25854
F-Statistic 36.4 34.6 28.5 36.8 29.6

Note: * p < .1, * p < .05, ** p <.01. Outcomes and explanatory variables are in standard deviations.
Male Migrants is the number of working age male migrants in the household, instrumented with inverse-
distance population weighted income interacted with the number of baseline working age males in the
household. Columns 1 and 2 are indices for agricultural expenses and stock of machinery, respectively
(Section 5.1). Column 3 is farm size in acres. Labor (column 4) is person-days of labor (household + hired
workers). Profits (column 5) is crop income net of expenses. All specifications control for remittances,
drought, temperature, and rainfall. Standard errors clustered by district.
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Table A11: Robustness Checks: Direct Effects (IV Estimates)

(1) (2) (3) (4) )
Tech. Exp. Machinery = Land Labor Profit

Panel A: State-Year FEs

Male Migrants () -0.857***  -0.582***  -1.245*** -1.805*** -1.480"**
(0.199) (0.185) (0.247)  (0.300)  (0.270)

Observations 25928 24970 29346 20910 25854

Panel B: Extensive Margin

Male Migrants (o) -1.332**  -0.965***  -1.208*** -1.976*** -1.292***
(0.265) (0.235) (0.219)  (0.300)  (0.233)

Observations 69756 68698 75334 63970 66040

Panel C: Rural-Urban Migration

Male Migrants () -1117e -0.752%** - -1.289***  -2.055***  -1.425"**
(0.254) (0.247) (0.278)  (0.354)  (0.271)

Observations 25148 24288 28176 20256 24836

Panel D: Nightlights Shift-Share

Male Migrants () -1.1627  -0.694"**  -1.396***  -2.204*** -1.598"**
(0.276) (0.246) (0.308)  (0.407)  (0.297)

Observations 25928 24970 29346 20910 25854

Panel E: All Gender Migration

Migrants (o) -2.083***  -1.532***  -2.557***  -3.431***  -2.449**F
(0.589) (0.503) (0.696)  (0.843)  (0.551)

Observations 25928 24970 29346 20910 25854

Panel F: Skill-based Migration

Male Migrants () -0.920*** -0.646™* -0.451*  -1.233***  -0.353
(0.355) (0.301) (0.271)  (0.366)  (0.265)

Observations 25928 24970 29346 20910 25854

Note: * p < .1, ™ p < .05, *** p <.01. Outcomes and explanatory variables are standardized. Male Migrants is the number of
working age male migrants in the household. See Table 3 footnote for details on the migration IV). Panel A includes state-year FEs
and remaining panels only include year FEs. Panel B adds households who left and joined agriculture between survey waves to the
estimation sample. Panel C restricts to rural-urban migration only. Panel D uses distance-weighted nightlights as the shift. In Panel E,
the explanatory variable and the IV “share” includes both males and females. In Panel F, the IV “share” is the number of educated hh
members (> 10 years schooling). All specifications control for drought, temperature, and rain. Standard errors clustered by district.
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Table A12: Robustness: Alternative Standard Error Clustering

Tech. Exp.  Machinery Land Labor Profit
Coefficient on Migration -1.076208 -.7329422 -1.236715  -1.902099  -1.377935
SE: District 2370647 2203796 2641385 3312023 2542923
SE: PSU .215519 .1894054 2386777 .3246026 2353193
SE: State 311985 2482762 .3394252 4121896 .328847
SE: Conley (200km radius) .2408701 .1659192 2011565 3118904 2327848

SE: Conley (500km radius) 1806315 1066075 2116086 .2888249 2637012

Note: The first row replicates the main coefficient estimates from Table 3. Conley standard errors are
estimated in a 2SLS setting using the Colella et al. (2019) implementation.
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Table A14: Robustness of GE Estimates: Alternative SSIV exposure measure

(1) () ) (4) ()
Tech. Exp.  Machinery Land Labor Profit
Male Migrants (direct -0.794*** -0.643** -0.339 -1.072***  -0.317
labour channel) (0.263) (0.254) (0.220) (0.291) (0.224)
Village emigration 0.178*** 0.166™** 0.069 0.219*** 0.025
(indirect land channel) (0.060) (0.058) (0.053) (0.068) (0.050)
Crop region emigration 0.162*** 0.017 0.124**  0.329*** 0.035
(indirect crop channel) (0.059) (0.054) (0.037) (0.071) (0.039)
HH FEs v v v v v
Year FEs v v v v v
Observations 25924 24966 29342 20906 25852
F-Stat on Direct Effect 34.3 33.1 33.5 32.9 32.6

Note: * p < .1, ** p < .05, *** p <.01. All variables are standardized. Male Migrants is number of working-
age male migrants sent from the household, instrumented with inverse-distance population-weighted in-
come interacted with the number of educated household members (> 10 years schooling). Village emigration
is the leave-one-out average number of working-age male migrants in the village. Crop region emigration is
the leave-one-out number of migrants in the state weighted by inverse Euclidean distance between crop
suitability (Section 5.1). Columns 1 and 2 are indices of agricultural expenses and stock of machinery, re-
spectively. Column 3 is farm size in acres. Labor (column 4) is person-days of labor (household + hired).
Profit (column 5) is crop revenue net of expenses. All columns control for origin income, the uninteracted

shift, drought, temperature, and rain. Standard errors clustered by district.
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Table A15: Robustness of GE Estimates: Village Level Shocks

1) (2) 3) 4) 5)

Tech. Exp. Machinery Land Labor Profit
Male Migrants (direct -1.115*** -0.719*** -1.295** -2.062*** -1.418***
labour channel) (0.238) (0.230) (0.271) (0.341) (0.256)
Village emigration 0.251%** 0.187*** 0.270*** 0.449*** 0.260***
(indirect land channel) (0.057) (0.051) (0.059) (0.083) (0.060)
Crop region emigration 0.211*** 0.029 0.251*** 0.468*** 0.188***
(indirect crop channel) (0.062) (0.058) (0.060) (0.091) (0.054)
Vil. Enviro Shocks Yes Yes Yes Yes Yes
Vil. Ag. Extension Yes Yes Yes Yes Yes
HH FEs v v v v v
Year FEs ve v v ve ve
Observations 24192 23356 27090 19384 23922
F-Stat on Direct Effect 63.4 58.4 51.7 54.3 66.4

Note: * p < .1, " p < .05, *** p <.01. All variables are standardized. Male Migrants is number of working
age male migrants in the household, instrumented with inverse-distance population weighted income in-
teracted with number of baseline working age males. Village emigration is the leave-one-out average number
of working age male migrants in the village. Crop region emigration is the leave-one-out number of migrants
across households in the state weighted by inverse euclidean distance between actual crop portfolios be-
tween household 7 and 7. Columns 1 and 2 are indices for agricultural expenses and stock of machinery,
respectively. Column 3 is farm size in acres. Labor (column 4) is person-days of labor (household + hired
workers). Profit (column 5) is crop revenue net of expenses. Standard errors clustered by district. All
columns control for origin income, the uninteracted shift, a village-level environmental shock dummy, and

a village-level dummy for agricultural extension programmes. Standard errors clustered by district.
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Table A16: Robustness of GE Estimates: Crop Prices

D 2) ©) (4) ©)

Tech. Exp. Machinery Land Labor Profit
Male Migrants (direct -1.061*** -0.748** -1.283*** -1.894*** -1.386***
labour channel) (0.231) (0.223) (0.281) (0.321) (0.286)
Village emigration 0.237*** 0.188*** 0.276*"* 0.402*** 0.254***
(indirect land channel) (0.053) (0.048) (0.059) (0.078) (0.066)
Crop region emigration 0.211%** 0.028 0.277+** 0.442*** 0.238***
(indirect crop channel) (0.058) (0.057) (0.062) (0.083) (0.053)
Crop Price Yes Yes Yes Yes Yes
HH FEs v v v v v
Year FEs v v v v v
Observations 25054 24044 26462 20090 20444
F-Stat on Direct Effect 60.0 57.5 471 51.3 45.8

Note: * p < .1, " p < .05, *** p <.01. All variables are standardized. Male Migrants is number of work-
ing age male migrants in the household, instrumented with inverse-distance population weighted income
interacted with number of baseline working age males. Village emigration is the leave-one-out average num-
ber of working age male migrants in the village. Crop region emigration is the leave-one-out number of mi-
grants across households in the state weighted by inverse euclidean distance between actual crop portfolios
between household i and i’. Columns 1 and 2 are indices for agricultural expenses and stock of machin-
ery, respectively. Column 3 is farm size in acres. Labor (column 4) is person-days of labor (household +
hired workers). Profit (column 5) is crop revenue net of expenses. Standard errors clustered by district.
All columns control for origin income, the uninteracted shift, crop prices, drought, temperature, and rain.

Standard errors clustered by district.
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Table A17: Robustness of GE Estimates: Crop Markets in Crop Production Space

(1) () 3) 4 &)

Tech. Exp. Machinery Land Labor Profit
Male Migrants L1159 -0.805%**F  -1.433%F  2.240%FF 1707+
(direct labour channel) (0.290) (0.278) (0.353) (0.417) (0.361)
Village emigration 0.246*** 0.214*** 0.305***  0.480***  0.322"**
(indirect land channel) (0.067) (0.062) (0.075) (0.107) (0.085)
Crop region 0.2927** 0.055 0.291***  0.573***  (0.302***
emigration (indirect crop channel) (0.075) (0.079) (0.079) (0.116) (0.074)
HH FEs v v v v v
Year FEs v v v v v
Observations 19366 18346 21066 15226 17430
F-Stat on Direct Effect 42.8 38.7 36.0 36.5 36.0

Note: * p < .1, " p < .05, *** p <.01. All variables are standardized. Male Migrants is number of working
age male migrants in the household, instrumented with inverse-distance population weighted income in-
teracted with number of baseline working age males. Village emigration is the leave-one-out average number
of working age male migrants in the village. Crop region emigration is the leave-one-out number of migrants
across households in the state weighted by inverse euclidean distance between actual crop portfolios be-
tween household 7 and 7. Columns 1 and 2 are indices for agricultural expenses and stock of machinery,
respectively. Column 3 is farm size in acres. Labor (column 4) is person-days of labor (household + hired
workers). Profit (column 5) is crop revenue net of expenses. Standard errors clustered by district. All
columns control for origin income, the uninteracted shift, drought, temperature, and rain. Standard errors

clustered by district.
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Table A18: Robustness of GE: Dropping Distance-Weighted Incomes as a Control

1) () 3) 4) ®)

Tech. Exp. Machinery Land Labor Profit
Male Migrants -1.320%** -0.971***  -1.252***  .1.818*** -1.371***
(direct labour channel) (0.291) (0.280) (0.295) (0.330) (0.268)
Village emigration 0.288*** 0.239*** 0.261***  0.376™**  (0.248***
(indirect land channel) (0.065) (0.062) (0.062) (0.078) (0.062)
Crop region 0.243*** 0.065 0.264***  0.433***  (0.181***
emigration (indirect crop channel) (0.071) (0.069) (0.063) (0.082) (0.052)
HH FEs v v v v v
Year FEs v Ve Ve v Ve
Observations 25924 24966 29342 20906 25852
F-Stat on Direct Effect 50.9 47.7 39.1 45.5 56.4

Note: * p < .1, " p < .05, *** p <.01. All variables are standardized. Male Migrants is number of working
age male migrants in the household, instrumented with inverse-distance population weighted income in-
teracted with number of baseline working age males. Distance-weighted income on its own is not included
as a covariate. Village emigration is the leave-one-out average number of working age male migrants in
the village. Crop region emigration is the leave-one-out number of migrants across India weighted by crop
suitability (see Section 5.1 for details). Columns 1 and 2 are indices for agricultural expenses and stock of
machinery, respectively. Column 3 is farm size in acres. Labor (column 4) is person-days of labor (house-
hold + hired workers). Profit (column 5) is crop revenue net of expenses. Standard errors clustered by
district. All columns control for origin income, drought, temperature, and rain. Standard errors clustered

by district.
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Table A19: Robustness of GE estimates: Nationwide Crop Markets

@ 2) 3) (4) ®)

Tech. Exp. Machinery  Land Labor Profit
Male Migrants -1.089*** -0.748***  -1.262***  -1.966"** -1.385***
(direct labour channel) (0.238) (0.220) (0.264) (0.332) (0.251)
Village emigration 0.277*** 0.193*** 0.310***  0.487***  0.283***
(indirect land channel) (0.062) (0.056) (0.063) (0.086) (0.065)
Crop region 0.650** 0.348 1.187***  0.974*  0.857***
emigration (indirect crop channel) (0.263) (0.241) (0.374) (0.483) (0.209)
HH FEs v v v v v
Year FEs v v v v v
Observations 25924 24966 29342 20906 25852
F-Stat on Direct Effect 61.1 57.8 50.6 55.9 64.4

Note: * p < .1, " p < .05, *** p <.01. All variables are standardized. Male Migrants is number of working
age male migrants in the household, instrumented with inverse-distance population weighted income in-
teracted with number of baseline working age males. Village emigration is the leave-one-out average number
of working age male migrants in the village. Crop region emigration is the leave-one-out number of migrants
across India weighted by crop suitability (see Section 5.1 for details). Columns 1 and 2 are indices for agri-
cultural expenses and stock of machinery, respectively. Column 3 is farm size in acres. Labor (column 4) is
person-days of labor (household + hired workers). Profit (column 5) is crop revenue net of expenses. Stan-
dard errors clustered by district. All columns control for origin income, the uninteracted shift, drought,

temperature, and rain. Standard errors clustered by district.
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Table A20: Robustness of GE estimates: Direct and Indirect Effects (Extensive Margin)

) 2) 3) (4) ®)

Tech. Exp. Machinery Land Labor Profit
Male Migrants -1.406*** -1.011%*  -1.291***  -2.125"**  -1.350***
(direct labour channel) (0.278) (0.249) (0.233) (0.314) (0.245)
Village emigration 0.270*** 0.200*** 0.254***  0.382"*  0.230***
(indirect land channel) (0.053) (0.047) (0.043) (0.062) (0.046)
Crop region 0.182%** 0.039 0.197***  0.303***  0.155***
emigration (indirect crop channel) (0.050) (0.048) (0.041) (0.056) (0.036)
HH FEs v v v v v
Year FEs v v v v v
Observations 69744 68686 75320 63958 66030
F-Stat on Direct Effect 715 69.9 66.0 65.0 63.4

Note: * p < .1, ** p < .05, *** p <.01. Estimation sample includes households that owned land in both pe-
riods as well as those who did not. All variables are standardized. Male Migrants is the number of working
age male migrants in the household, instrumented with inverse-distance population weighted income in-
teracted with number of baseline working age males. Village emigration is the leave-one-out average number
of working age male migrants in the village. Crop region emigration is the leave-one-out number of migrants
within the state weighted by crop suitability. Columns 1 and 2 are indices for agricultural expenses and
stock of machinery, respectively. Column 3 is farm size in acres. Labor (column 4) is person-days of labor
(household + hired workers). Profit (column 5) is crop revenue net of expenses. Standard errors clustered
by district. All columns control for origin income, the uninteracted shift, drought, temperature, and rain.

Standard errors clustered by district.
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Table A21: Placebo Tests of Indirect Effects

Crop Market Placebo Land Market Placebo

(1) (2) 3)
Profit Profit Farm Size

Male Migrants -1.351%**  -1.321*** -0.820***

(direct labour channel) (0.243) (0.270) (0.211)

Village emigration 0.248***  0.232*** 0.140**

(indirect land channel) (0.057) (0.062) (0.059)

Crop region 0.250*** 0.228***

emigration (indirect crop channel) (0.062) (0.051)

Crop region -0.099**

emigration (placebo crop channel) (0.040)

Crop region 0.227***

emigration (elasticity wt.) (0.048)

Crop region 0.059

emigration (placebo: inv. elasticity wt.) (0.038)

Village emigration 0.064

(placebo land channel) (0.053)

HH FEs v v v

Year FEs v v ve

Observations 25852 20886 16116

F-Stat on Direct Effect 68.0 48.3 31.6

Note: * p < .1, ™ p < .05, ** p <.01. The outcome is crop profits in columns 1-2 and farm size in
column 3. All variables are standardized. Male Migrants is number of working age male migrants in the
household, instrumented with inverse-distance population weighted income interacted with number of
baseline working age males. Village emigration is the leave-one-out average number of working age male
migrants in the village. Crop region emigration is the weighted, leave-one-out number of migrants within
the state. Column 1 adds a placebo where weights on Crop region emigration are not inverted. In column 2,
weights on Crop region emigration are cross-price elasticities between the main crop grown by household i
and i’ and the placebo measure is the inverse elasticity. Column 3 adds a placebo measured as aggregate
emigration among non-agricultural households in the village. All columns control for origin income, the
uninteracted shift, drought, temperature, and rain. Standard errors clustered by district.
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Table A22: OLS Estimates—Distance to Nearest City, Agricultural Laborers, and Yields

(1) )
% A Labor % A Yields
Distance to Nearest City (km) 0.007 0.030*
(0.006) (0.016)
State FEs v v
Observations 481 483
R? 0.290 0.309

Note: * p < .1, ** p < .05, *** p <.01. This table is the empirical analog of the map in Figure 4A and 4B.
Distance to the nearest city is from the centroid of each district to the nearest of the 10 high-growth cities
shown in Figure 4. In column 1, the outcome is percent change in the number of agricultural laborers per
ha. between 2001 and 2011. In column 2, it is percent change in yields, measured as the value of all crops
divided by cropped area. Standard errors are heteroskedasticity robust.
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B Appendix Figures

Share of Migrants

Another state Same state

mm RRR wm R-U wmUR == UU

Figure B1: Migration Streams by Distance

Note: Data is at the migrant level. “R-R” denotes migrants with rural origin and rural destination, "R-U”
denotes rural origin and urban destination, and so on.
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Figure B2: Distribution of Household Farm Size

Note: Kernel density plot of household farm size (cultivated area).
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Figure B3: Distribution of Shocks

Note: Figures show the distribution of inverse-distance weighted income shocks (s;;) for households with
below median number males living at home during baseline (low migration potential) and above-median
for the same (high migration potential). Panel A plots the raw data. Panel B plots values residualized on
household and year fixed effects.
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Online Theory Appendix

C Conceptual Framework

This appendix develops a model of rural production and migration with market spillovers.
We use the model predictions to motivate our estimation framework, including the instru-
ment and spillover estimation. Although the model is adapted to our context, it builds

on general spatial trade models (see Allen and Arkolakis (2023) for a recent overview).

C.1 Set-up

Environment: Consider an economy that comprises many villages indexed by j € [1, ..., ]
and one urban center. Villages produce crops, while urban centers produce services. Each
village is endowed with fixed land A; and is inhabited by heterogeneous households.
These households draw their crop mix from a vector of crops k € [1, ..., K] based on local
crop suitability, wj. Crop suitability is homogeneous within villages and uncorrelated
with distance to the urban center. While this is a simplifying assumption, none of our
results is driven by it. Multiple villages can be equally suitable for the same crops. The
urban center uses labor from surrounding rural areas to produce service goods. Space is
characterized by distance to the urban center, which determines the opportunity cost of
agricultural labor. Residents of remote villages face lower opportunity costs of agricul-

ture than those in villages close to the urban center.

Markets: Rural labor markets are absent, while land, product, and technology markets
are frictionless. We recognize that this is a strong abstraction from reality. Although none
of our results hinge critically on this assumption, it allows us to make clear predictions.
The labor market assumption further draws on the evidence of malfunctioning rural la-
bor markets in India (Foster and Rosenzweig, 2022; Breza et al., 2021). The simplifying as-
sumption of frictionless land, product, and technology markets allows us to focus on the
impact of rural-to-urban migration on agriculture while abstracting from other market
imperfections. Frictionless product markets equalize the crop price, py, across villages,
similar to the assumptions in Borusyak et al. (2022b).!? Crop prices are endogenously
determined by aggregate supply within the economy.

We use the term land in a wider sense to include other immobile production factors

9This assumption contradicts the agricultural trade barriers across Indian states. However, we treat each
state in our empirical approach as an individual economy to reconcile the theoretical assumptions with the
empirical facts.
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such as irrigation water or immobile capital. Land prices, p;, are endogenously deter-
mined within villages and equal the marginal productivity of land. The marginal pro-
ductivity of land increases with the total village agricultural labor, L;, such that g—g > 0.
Land markets equalize the marginal productivity of land across crops and households

within one village.

Labor and Migration: Households supply one unit of labor inelastically, which they al-
locate to agriculture and the service sector. The allocation of rural labor to urban services
describes rural-to-urban migration. We treat this process as a continuous rather than a
binary decision in line with the large fraction of temporary migration and the migration
of individual household members instead of whole households (Fact 1, Section 2.4).

Working in the service sector involves a migration cost, T, which increases with dis-
tance to the urban center. This is a recurring cost since migrants eventually return to their
origin. Similar to Morten and Oliveira (2018) and Pellegrina and Sotelo (2021), we assume
iceberg migration costs (a fraction of the wage is lost) such that farmers earn net urban
wage Z. We assume T > 1, with 7 = 1 describing zero-cost migration since the farmer
earns the full wage.

Households differ in both labor productivity and the rural-urban productivity gap.
Departing from Lagakos and Waugh (2013), where heterogeneity arises in both sectors,
we assume it originates solely in the urban sector. Hence, variation in the rural-urban
productivity gap reflects only differences in urban productivity. This assumption yields
clear predictions about heterogeneous migration responses, which underlie our empirical
strategy. Migration affects agricultural productivity; however, not through differential la-
bor productivity in agriculture, as in Lagakos and Waugh (2013), but through differential
local crop suitability and spatially heterogeneous migration responses driven by differ-
ential migration costs. Concretely, agricultural labor productivity is homogeneous across
households, while urban labor productivity, ¢;;, varies. This generates heterogeneous
responses to urban productivity shocks consistent with observed migration patterns.

Demand: We do not impose a functional form on the demand system to allow non-
homothetic preferences per Engel’s law. We assume downward-sloping demand for crop
k that weakly increases in the total income of the economy and declines in the aggregate
supply of crop k: dpx/9Y > 0 and dpi/9dYy < 0 where Y is aggregate income and
Y is aggregate supply of crop k. Unlike agricultural goods, demand for urban goods
is perfectly elastic. This reflects India’s highly restricted agricultural markets alongside
an export-oriented service and manufacturing sector. The urban good is the numeraire

throughout the model.

65



Agricultural Production: Production of crop k is an increasing and concave function of
labor, land, and technology defined by:

ik = wief (i s )

where i indexes households, j indexes villages, and k indexes crops. [ thus describes
labor of household i in village j allocated to crop k. 4;; denotes land and 6;j; denotes
technology in the same way. wjy is village j’s agricultural suitability for crop k. We further
assume that land increases the marginal productivity of labor and technology, i.e.

2
0” f (Lijk, aijk, Oijx) -0 (10)
alijkalli]'k
2
0” f (Lijk, aij, Oijx) >0 1)
89ijk8a,-]-k

This assumption is built into the most common production functions, including Cobb-
Douglas and CES. It also conveniently reduces the number of possible cases for the re-
sults. Unlike land, technology can be labor-saving or labor-complementary. It is labor-
saving if it reduces the marginal productivity of labor and vice versa for labor-complementary
technologies (Acemoglu, 2010).

Definition 1. A technology is labor-saving if

0> f (Lijk, aijr O

<0.
alijkagi]'k

It is labor-complementary if
O f (Lij, aijie, O

>0
8lijk89ijk

To simplify the analysis further, we assume that the effect of technologies on labor is
homogeneous across crops, i.e., a labor-saving technology is labor-saving for all crops,

and a labor-complementary technology is labor-complementary for all crops.

Urban Production: Urban production is a constant returns-to-scale function with labor
as the only input. Urban output is the numeraire such that the marginal productivity of
effective urban labor is given by the wage, w. Urban productivity of households, ¢;;, con-
verts household labor to effective urban labor units. Although households face the same
urban wage, w, opportunity costs of agriculture are heterogeneous across households be-
cause of differences in ¢;;.
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Household Problem: Rural household i in village j maximizes profits, taking prices as

given:
max Y [prwicf (Lije, @ik Oijic) — Pjaiie — v0ije]) + —lijw st Y Lk + Lijw = 1
Ak Dijic ik j—7 Tj =1

(12)

where py is the price of crop k, p; is the land price in village j, and v is the exogenously
given rental rate of capital. ¢;; is urban labor productivity of household i from village j,
w is the urban wage, T > 1is the migration cost, which increases with distance, and ll-]-w
is the labor allocated to urban production. Optimality requires
of (Lijks aije, Oijk) _ wepi
PrWijk ]ali]_i P> T !,

of (Lijk, aijk, Oijx) .

Baijk =

of (Lijk, aij, Oijx)
: >

PrWijk

where the conditions hold with equality for all crops produced by the household (all k
with lij, a;jx, 0ix > 0) and with inequality for all crops not produced by the household (all
K 75 k with lijk’/ aijk’/ Gi]'k’ = 0)

C.2 Theoretical Predictions

Equipped with the model primitives, we now characterize the economy’s optimal labor
allocation and spatial distribution of production. We then show how urbanization affects
this distribution. This section mainly provides intuition for our theoretical results. The
proofs are in Appendix D.

C.2.1 Spatial Organization of the Economy

The share of agriculture in village-level production increases with remoteness. The mech-
anism is through declining opportunity cost of agricultural labor with distance to the
wij

urban center, —~. For labor complementary technologies, this also implies that more

technology is used with increasing distance to the urban center. A formal proof of this
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result is provided in Appendix D.1.2

C.2.2 Urban Productivity Shocks and the Reorganization of Agriculture

We now use the model to ask how urban productivity shocks affect the spatial organiza-
tion of agriculture. Throughout this study, we assume that the urban productivity shock
is exogenous to the rural sector, such as the effect of India’s telecom and internet rollout
on productivity in the service sector. The total effect is composed of two forces: 1) a direct
effect through labor reallocation and the adjustment of the other production factors, and
2) an indirect effect through aggregate emigration and the corresponding changes in crop
and land prices. To characterize these effects, we first present two predictions about the

effect of urban productivity shocks on agricultural labor:

Prediction 1. The direct effect of a positive urban productivity shock on agricultural labor is
negative. The magnitude of the effect declines with the distance to the urban center, and it increases
with the urban productivity of the household.

Proof. The proof is given in Appendix D.2. O

Intuitively, increasing urban productivity raises the opportunity cost of agriculture
and prompts labor reallocation. Proximity to the urban center enhances this opportu-
nity cost effect. We will use this to motivate the first stage of our estimation strategy in
Section 3.2.

In the rest of the model, we define “rural-to-urban migration” as labor reallocation
from agriculture to urban production in response to positive urban productivity shocks.
We also call all villages in which crop k is grown the “crop-growing region” for crop k.
The next prediction describes how the effect of migration differs based on the technology

type:

Prediction 2. The direct effect of rural-to-urban migration on household-level agricultural tech-
nology use is negative for labor-complementary technologies and ambiguous for labor-saving tech-
nologies. Aggregate village emigration increases household-level agricultural technology use, ev-
erything else equal. Aggregate crop-growing region emigration, which reduces aggregate produc-
tion of crop k, increases household-level technology use for crop k, everything else equal.

Proof. The proof is given in Appendix D.3. O

20There are special cases with labor-saving technologies where the loss of agricultural labor close to urban
centers could lead to more technology adoption and possibly also to increased agricultural production if
the productivity increases from technology adoption overcompensate the labor losses.
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With these two predictions, we characterize the market-driven indirect effects of ur-
ban productivity shocks on production. The indirect effects of aggregate emigration on
production are independent of distance to the urban center. Instead, they depend on ag-
gregate emigration from the crop-growing region and on aggregate emigration from the
same village. These are the boundaries within which crop and land prices are determined,
respectively.

Urban productivity does not directly affect land and technology. It does so only
through labor reallocation and corresponding changes in crop and land prices. We, there-
fore, describe the impact of urban productivity shocks on crop production through labor

and price adjustments alone.?!

Prediction 3. The response of household crop production to urban income shocks can be decom-

posed into
dyi  dlijk dp; d
dzlj; = %‘Plzjk + d—aj%ijk + %4’3% (13)

where Prijk, Paijk and ¢s;jr are composite coefficients defined in Appendix D.4.

Proof. The proof is given in Appendix D.4. ]

The key insight of Prediction 3 is that urban productivity shocks trigger a direct ef-
fect (¢1;jx) on crop production that may or may not be offset by an indirect land (¢;jx) or
crop price effect (¢3;jx) induced by aggregate emigration.”? While $2ijk < 0and ¢3;6 > 0,
the sign of ¢;jx possibly depends on whether the technology is labor-saving or labor-
complementary (see Appendix D.4). ¢q;jk is positive for labor complementary technolo-
gies. Rural-to-urban migration that reduces agricultural labor and land prices and in-
creases crop prices due to reduced crop production can, therefore, have opposing direct
and indirect effects on agricultural production. The direction and magnitude of the indi-

vidual effects become an empirical question.

C.3 Testing the Model’s Predictions

In the main part of this paper, we empirically test these predictions, though we do not

attempt a structural estimation of the model. Exploiting the panel structure of our data,

2lUrban productivity shocks may affect agricultural production through alternative channels. For exam-
ple, rural households in developing countries are often credit-constrained (Karlan et al., 2014; Fink et al,,
2020). Urban income shocks could relax these constraints and provide liquidity for technology investment
(Veljanoska, 2022). We refer the reader to Rozelle et al. (1999) for a simple and intuitive model of liquidity
constraints and migration. Similarly, migration could also affect rural households through investment in
skills and education (Dinkelman and Mariotti, 2016; Khanna et al., 2022; Dinkelman et al., 2024).

22In Appendix D.4, we show further that the effect of rural-to-urban migration on total household-level
agricultural production is a linear combination of the crop-household-level responses.
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identification relies on changes in key variables rather than their levels. For instance, the
ijk

dw -

our empirical strategy absorbs aggregate changes over time and compares outcomes un-

agricultural labor loss from rural-to-urban migration is proxied by — More broadly,
der migration with a counterfactual world absent migration but otherwise subject to the
same dynamics (e.g., technological progress). For example, our estimates of migration’s
impact on food production are silent on whether food production is generally increasing
or decreasing, since time fixed effects capture common temporal trends.

Testing Prediction 1 constitutes the first stage of our analysis. The insights from this
prediction guide the construction of our migration instrument. To translate the model
assumptions into empirical tests, we use Euclidean distance between the household and
urban centers as a proxy for iceberg migration costs and the number of working-age male
household members in the baseline period as a proxy for the household’s urban produc-
tivity. The latter is justified by two observations: (i) productivity differences in agriculture
between men and women are small (Agarwal and Mahesh, 2023), and (ii) men are roughly
four times more likely to migrate (see Section 2.3), likely reflecting gender-specific migra-
tion barriers.

Testing Predictions 2 and 3 builds on the decomposition of direct and indirect ef-
fects underlying Prediction 3. Whether particular technologies are labor-saving or labor-
complementary is often ambiguous. We therefore present results both for individual tech-
nologies and for a composite technology index. A complication in testing Prediction 3 is
that the survey does not report agricultural output directly. Instead, we use agricultural
profits as the dependent variable. By the Envelope Theorem, however, these estimates

are theoretically equivalent. We discuss the details of this empirical strategy in Section 3.

D Proofs

D.1 Spatial Distribution of Agriculture

Here, we show the impact of distance to the urban center on crop production. Because
there are many households in each location, the individual household has no market

power and takes crop and land prices as given. Therefore, the first-order conditions for
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crop k € [1,...,K] are given by

f (Lijics ijies Oik) Wi

wj =0, 14
pk ]k ali]'k T] ( )
of (Lijk, aij, Oijx)
PR gy =0 and (15
Of (Lijk, aijk, Oijr)
PRk g# = —v=0. (16)

To simplify notation, we use subscripts in the following to denote partial derivatives.?

We also drop crop, household and village subscripts because the conditions are identi-
cal across all crops, households and villages. Next, we fully differentiate the first-order
conditions with respect to the distance to the urban center, 7:

w
w(fule + fatie + figbc) + T—;P =0

w(fallr +faaar +fa997) —pr=0
w(forlr + foatr + foo0:) = 0

Since we have assumed no trade costs for goods, crop prices are constant across space.
However, the land price changes in response to the local labor allocation decisions. Solv-
ing the equations yield

e = | 25 (fanfoo = £3) + o (fuafoo = fiofou) | D~
7 (fiofon — fiofoo) + pe(f —fllfee)] D
2 (Fiofon — fiofan) + Pe(frfou — frafio)] D~
D := wp(fufg, — fufaafoo + fizfoo — 2fiafiofoa + fiofaa) > 0

ZU
Tz
[
TZ

The denominator, D is the determinant of the Hessian matrix times (—wp). It is positive
because of the concavity assumption of the production function. The direction of the
effect is, therefore, determined by the enumerator.

The total effect of distance on agricultural inputs is composed of a direct effect and
an indirect effect through the response of the land price to labor reallocation to urban
production. For individual farmers with low urban productivity, the indirect effect can

dominate (e.g. for ¢ = 0). In aggregate, the indirect effect cannot dominate because it is

etc.

of (Liik,iit.0 02 f (i ik Biik)
23 . i i) ijkAijk Vijk
For example f; := —5-2% 1]] E=and f, = —— 5

I]kaal]k

71



the response to the direct effect.

Crop-level and household-level responses: I;, a;, and 6; describe the crop- and
household-specific responses of agricultural inputs to distance from the urban center. The
household-level response is the sum of crop-level responses. Crop-specific and household-
specific results are analogous because we assume homogeneous effects of technology on
labor across crops.

Labor: The direct effect of distance on agricultural labor is positive because of the
concavity assumption. Less labor migrates to the urban center with increasing distance
to the urban center, everything else equal. The land price increases in response. The
indirect effect is, therefore, primarily negative except for special cases with strong effects
of labor-saving technology i.e. fi,feo > fiofea-

Land: The amount of land per household is constant if we abstract from corner so-
lutions of labor reallocation i.e. no complete household migration. This follows from
the assumption of constant land endowments per village. However, there may be land
reallocation among households as households with higher urban productivity are more
affected by the distance to the urban center. To see this, set ¢ = 0, which reduces the
direct effects of labor allocation in response to the distance to the urban center to zero.

Technology: The direct effect of distance on technology is positive except for cases
with labor-saving technology when it is ambiguous. The indirect effect is negative be-
cause of the concavity assumption and the Assumptions (10) and (11) (fo, > O, f1, > 0).

Production: The value of total production in village j is given by the sum of the values

Y; = Z;yzjk-

The aggregate production changes in response to distance according to

of individual production y;j i.e.

dy; dyin
ay; _ i
dt ;; dt (17)
of (Lijk, aijk, Oijic) Mijk - Of (i, ijis Oijic) 0aijk Of (Lijks @ik, Oijk) 00k
= L L al ot -
FR ijk T aa,-]-k oT 891~]~k oT

The partial derivative of production with respect to labor, land, and technology is pos-
itive. The total effect is, therefore, determined by the adjustments of labor, land, and
technology to distance.

Further, note that land markets equalize the marginal productivity of land across

72



of Lin i B )
households and crops such that pkcu]-kM = p;j. We can therefore write

oajjk
z]k/ Aijks 91]k aaz]k aaz]k
mwk = =0
LY LI 3y
94
since the total village land, A}, is constant and therefore }; ) ) — . ]k =0.

Equation (17), therefore, simplifies to

of (Lijk, aiji, Oijk) Olijk - Of (Lijk, i, Oijic) aQijk) 18)

= L L PRy ( oy ot | ay ot

For labor complementary technologies, we get

af ijkr ijks Qz]k) alqk af(lijk/ Aijks Qijk) a91']'k
;Zpk“’fk ( oy ot | o0y ot ) "

D.2 Proof of Prediction 1

Here, we show the effect of urban productivity shocks on agricultural labor. In the fol-
lowing, we use subscripts to denote partial derivatives and omit household, village, and
crop subscripts (see Appendix D.1). First, we fully differentiate the first-order conditions

with respect to the urban wage:

pww fi + pw(filw + fla0w + fiobw) — % =0, (19)
wafa + Pw(fullw + faaaw + fa()@w) —pw =0, (20)
pww fo + pw(forlw + foatw + feobw) =0 (21)
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We then solve these equations for I, a,, and 6y,:

o ={E(f3, — funfoo)

+ 0w (fiafoo — fiofoa)
— P fi(fg, — faafoo) + fa(fiafoo — fiofoa) + fo(fiofaa — fiafoa)} D"

O :{%(flefaa - flaf@a)

+ 0w (fi1foa — fiof1a)
+ pow(fifiafoa — fifiefaa + fafiafio — fufafoa — foft + fifofaa) D

1w =~ {£(~fiufoo + fiofua)

+ pww(fifiafoo — fifiefoa + fafly — fufafoe — fofiafio + fufofoa)
+ pw(fiifoo — fig) }D !
D :=wp(fufg, — fufaafoo + finfoo — 2fiafiofoa + fio2faa) > O

The denominator, D, is the determinant of the Hessian matrix times (—wp). This is pos-
itive because of the concavity assumption. The numerator, therefore, determines the di-
rection of the effect. The numerator comprises a direct and indirect effect through the
product and land price channels.

Here, we focus on [, and report the effects of urban productivity on land and tech-
nology for the remaining proofs. The direct effect of urban wages on agricultural labor
is given by £(f2 — faafes) < 0. It is negative because the production function is con-
cave. Partial differentiation shows that it increases with the urban productivity of the
household and declines with the distance to the urban center. The results are for crop-
household-level agricultural labor. Changes in household-level agricultural labor are the
sum of changes in crop-household-level agricultural labor. The results directly apply to
household-level agricultural labor because the direction of crop-specific labor responses

to urban productivity shocks is homogeneous across crops.

D.3 Proof of Prediction 2

Here, we show how agricultural technology use responds to labor reallocation. To do so,
we express the changes in technology and land as a function of labor adjustments. We
solve the first and the last of the fully differentiated first-order condition (see Appendix
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D.2) for a, and 0, as a function of [,

aw =(lwwp(fiafoa — fiafes) + Pww(fofoa — fafee) + pwfoe) D5
0w =(lowp(fiafoa — fiofaa) + Pww(fafoa — fofaa) — owea)D_l
=(faafoo — foa)wp >0

D, is the determinant of the second-order minor. Here, we focus on 8, and report the
result for a; only to support the proof in Appendix D.4. The direct effect is given by
Lowp(fiofoa — fiafoe)- The first part, I,wp, is negative (see Prediction 1). The second part
is ambiguous. To see this, note that f;, fgg < 0 because of the concavity assumption and
assumption (10). Further, note that fjgfg, > 0 for fjp > 0and fjgfg, < O for f;y < 0 because
of assumption (11).

Define household-level technology useas 0;j := YK, 0;jx and therefore ile” =YK, de’]k.

de,]k

If

ogy on labor is homogeneous across crops i.e., the direction of the technology response

> (<)0, then also 5 ” > (<)0 because of the assumption that the effect of technol-

to urban productivity shocks is the same for all crops. The same argument applies to the
remainder of the proof.

The effect of village emigration on technology use is determined by —pwfs;. Ag-
gregate village emigration reduces land prices by assumption (see Section C) such that
pw < 0. Assumption (11) completes the proof for the second statement of Prediction 2.

Aggregate crop-growing region emigration, which reduces aggregate production of
crop k, increases the crop price by assumption (see Section C) such that p,, > 0. The
direction of this indirect effect is therefore determined by w(fafos — fofaa). fafoa > 0
by assumption (positive marginal productivity and assumption (11)) while fyf;s < 0 by
assumption (positive marginal productivity and concavity) which completes the proof for
the last statement of Prediction 2.

D.4 Proof of Prediction 3

Here, we decompose the impact of urban productivity shocks on household crop pro-
duction. We use subscripts to denote partial derivatives instead of crop, household, and
village indices. Using the results and definitions from Appendix D.3 we can express the
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response of household crop production to urban productivity shocks as

Yo =filw + fadw + fobw
= filw
+ fa(lowp(fiofoa — fiafon) + Pow(fofoa — fafoe) + pwfos) Dy "
+ fo(lwwp(fiafoa — fiofaa) + Pww(fafoa — fofaa) — owea)Dfl
wp(fiofoafa — fafoofa + fiafoafo — fiofaafo)

=ly | fi + D,
+pwf9952fea
w(foGH _fﬂfGG +faf9a _fefaa)
D,

Define

fit wp(fiofoafa — fiafoofa + fiafoafo — fiofaafo)
D,
¢21]k : f99D2f9a

<P31] (foGa fafe(;j‘zi‘fafGa_foaa) >0

(Plz]k

These composite parameters are unaffected by marginal changes in urban produc-
tivity. We added subscripts to underline that they are household-crop-specific. For labor
complementary technologies, ¢q; is positive, while it is ambiguous for labor-saving tech-
nologies.

The results are for crop-household combinations. To derive household-level results,
we reintroduce household, village, and crop subscripts. Total household agricultural pro-

duction is given by
K
Tij = Y Yije
k=1
and the response of household production to urban productivity shocks by

dlije

dij dy; d
yl] Z y]k Z (Plz]k d Z¢21]k+ Z pk(P?)z]k
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