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Abstract

We study the long-term impact of large-scale irrigation infrastructure on the composition
of local economic activity in India. Our analysis uses high-resolution spatial data covering
approximately 150,000 villages and towns and exploits spatial discontinuities in the coverage
of irrigation projects. Irrigation increases agricultural output, wealth, and population den-
sity in rural villages. However, in towns it reduces population and nightlight density, the size
of the non-agricultural sector, and large-firm activity. These results highlight the heteroge-
neous impacts that agricultural productivity gains can have on the patterns local economic
development.
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1 Introduction

Policy makers in developing countries have long emphasized improvements in agricultural pro-
ductivity as a central strategy for promoting rural development. Ultimately, however, economic
development hinges upon firm creation and shifting employment from the agricultural to the
manufacturing and service sectors, a process often linked to urbanization and migration (John-
ston and Mellor, 1961; Lewis, 1954; Gollin et al., 2002; Rostow, 1960; Kuznets, 1961; Studwell,
2013). It is, therefore, crucial to understand how gains in agricultural productivity impact non-
agricultural development.

This paper studies the effects of long-term agricultural productivity shocks on local economic
development in India. Access to irrigation is considered to be key to agricultural development,
and the establishment of irrigation infrastructure has long been one of the leading forms of public
investment in the sector in much of the developing world, and particularly so in India. Since
1950, the Indian government has extended irrigation to close to 250,000 villages through the
construction of large-scale dams and networks of canals that distribute river water to downstream
villages. Our analysis reveals that this widespread transformation had heterogeneous impacts on
local economic development.

On the one hand, we provide evidence that these irrigation projects had a positive impact on
agricultural productivity in villages by allowing them to expand crop production to seasons when
it had previously been nonviable. We furthermore show that these areas experienced increases
in population density and indicators of economic development (assets and nightlights), but there
were no significant changes in the share of agricultural workers and only a modest increase in
small-firm activity.

The effects of irrigation in towns, however, were notably different. Towns differ from villages
in being larger, more densely populated, and having economies oriented towards non-agricultural
production and trade. We show that towns located within project areas experienced declines in
population density and indicators of economic development. Importantly, towns also experienced

a substantial decline in the scale of manufacturing activity and the presence of large firms, as well



as a shift in the labor force away from non-agricultural employment.

Our analysis is guided by a stylized, spatial economy model with endogenous manufacturing
productivity growth that illustrates the effects of an agricultural productivity shock on the spatial
and sectoral allocation of workers. The model indicates that these effects depend substantially
on the type of region that is hit by the shock. A positive, permanent agricultural productivity
shock slows down productivity growth in the manufacturing sector, which in the long-run can
generate a reduction in population and real wages relative to a scenario with no shock, akin
to Matsuyama (1992). The extent to which this long-run mechanism dominates the short-run
benefits of the agricultural productivity gain depends on the size of the manufacturing sector
in a region, and the degree of labor mobility between regions of the country. As a result of the
shock, regions that are primarily agricultural tend to have an increase in population in the long-
run despite the slower manufacturing productivity growth, whereas more urbanized regions tend
to experience the opposite effect.

We make use of fine spatial data on more than 1,500 major surface irrigation projects in India,
which we merge with administrative village-level agricultural, demographic, and economic data,
as well as remotely sensed land-use data. The boundaries of the areas served by these irrigation
projects (called “command areas”) are primarily determined by engineering considerations re-
lated to topography (see Section 4 for details). We exploit the discontinuity in program inclusion
arising at the boundary of command areas, comparing locations proximate to one another but on
opposite sides of the boundary, while controlling for geographic features and imposing sampling
restrictions to ensure comparability.

Our paper joins a growing literature on the causal impact of different forms of agricultural
productivity gains on the broader economy, both across (McArthur and McCord, 2017; Gollin
et al., 2021) and within (Hornbeck and Keskin, 2015; Bustos et al., 2016, 2020) countries. In the
context of India, Foster and Rosenzweig (2004) show that high rates of crop yield growth in
India are correlated with lower industrial growth across a nationally representative sample of

villages. While existing studies conduct their analysis at relatively high levels of administrative



aggregation, we contribute to the literature by using higher resolution data to show that impacts
can dramatically vary in space and by baseline levels of urbanization.

We also contribute to the literature on the impacts of large irrigation infrastructure. Since
the seminal work of Dufo and Pande (2007), a handful of papers have studied the impacts of
surface irrigation projects on downstream areas, generally relying on exogenous variation in the
geographical determinants of dam location for causal identi€cation (Hansen et al., 2011; Strobl
and Strobl, 2011; Blanc and Strobl, 2014; Olmstead and Sigman, 2015; Jones et al., 2022; Dillon and
Fishman, 2019; Zaveri et al., 202@se studies have documented important e,ects of irrigation
on agricultural output, income volatility, and poverty rates, but have not investigated impacts on
non-agricultural economic activity, which is a primary focus of this pager.

Two concurrent papers that also examine the impact of irrigation in India are worth high-
lighting. Boudot-Reddy and Butler (2021) examine the impact of groundwater (well) irrigation
and €nd that it increases agricultural production and consumption, but does not re-allocate la-
bor across sectorsAsher et al. (2021) study the impacts of canal irrigation using a spatial RDD,
with elevation relative to the canal as the running variable, and similarly €nd positive impacts
on agricultural productivity, population density, and measures of economic development in rural
areas!

‘e key distinction between the approach of these other papers and our own is in the treat-
ment of towns. Boudot-Reddy and Butler (2021) focus exclusively on villages; while Asher et al.
(2021) do not distinguish between towns and villages in their RDD analysis, yielding results that

are dominated by village e,ects, and provide a separate analysis estimating impacts on the India-

1Additional papers, including Hornbeck and Keskin (2014), Hornbeck and Keskin (2015), Sekhri (2014), Fish-
man et al. (2013), Blakeslee et al. (2020), and Ryan and Sudarshan (2020) have studied the impacts of decentralized
groundwater irrigation on similar outcomes.

2By showing reduced-form evidence on how agricultural productivity shocks interact with the spatial distribution
of economic activity, we complement recent papers studying interactions between structural transformation and
economic geography, such as Gollin and Rogerson (2014), Nagy (2020), Eckert et al. (2018), Fajgelbaum and Redding
(2018), and Henderson et al. (2018).

3¢ authors use a fuzzy regression kink design that exploits a technological constraint on the operational ca-
pacity of irrigation pumps.

“We note that relative elevation is largely a monotonic function of the distance from the command area boundary,
the running variable used in our paper (see Figure 2.1).



wide distribution of town location and growtR. In contrast, we show, both theoretically and
empirically, that the e,ects of irrigation on the economic development of villages and towns are
strikingly di,erent.

In the next section, we present a stylized spatial economy model to derive predictions for
our empirical analysis. Data and summary statistics are discussed in Section 3, followed by the
empirical strategy in Section 4. Finally, we present our results in Section 5 and conclude the paper

in Section 6.

2 A Stylized Model

‘is section develops a stylized spatial economy model, which we use to illustrate the potential
e,ects of an agricultural productivity shock on the spatial and sectoral allocation of workers.
We show that these e,ects depend fundamentally on the type of region that is hit by the shock.
Speci€cally, we consider three types of regions: (i) a rural location that specializes in agriculture
and releases workers to the rest of the country; (ii) an urban location that specializes in manu-
facturing and absorbs workers from the rest of the country; and (iii) a region which is composed
of multiple types of locations. Later, in the context of India, we organize our empirical analysis
around these three types of geographic units.

Below, we present the general setup of our model, we then turn to the e,ects of agricultural
productivity shocks in each type of geographic region. To minimize notation, this section focuses

on the main results and intuition, relegating a full description of the model to Appendix Al.

2.1 Setup and Equilibrium

Consider a location®, which we treat as a small, open economy within a country. ‘e economy
operates over discrete time. ‘ere are two sectors, agriculturd) and manufacturing ). We

think of the manufacturing sector as capturing the production of tradable goods produced by

e lacer is based on a di,erence-in-di,erences analysis comparing areas within and near the command areas
to more distant areas.



larger €rms® Preferences are Cobb-Douglas between goods produced by each sector. ‘ere is a
population of workersN , which can choose, in every period, whether to work in locatichor in
alocation” that represents the rest of the country. ‘is choice is based on the real wage of each
location and on a location-speci€c taste parameter that is heterogeneous across workees.

is also a mass of lant in "°, which is heterogeneous in terms of a sector-speci€c adjustment
cost. Landowners allocate land to sectors based on this sector-speci€c adjustment costs and the
land rents obtained in each sectoMarkets are perfectly competitive.

‘e technology to produce goods,q: (*°), is given by:

Gt (2 = Ak () (Lt () * (Nt CO)F 1)

where Ay, (*°) is the productivity, L ("°) the use of landN. (*°) the use of labor, | is the
share of land in production, antland k index the period and the sector, respectively. Agricul-
tural productivity is €xed at its initial value Aat (°) = Aao('°). Akin to Matsuyama (1992),

manufacturing productivity evolves endogenously, according to:

Ami+1 ()= Ame )+ [Nmx () =N (°)] (2

where > 0is a parameter controlling the speed of productivity growth ahd ("°) is the mass
of workers living in "°. ‘is expression captures, in a simple form, local forms of productivity

growth that takes place against the backdrop of global, economy-wide productivity grofth.

5To keep macers simple, we do not introduce a service, non-tradable sector in the model, which could capture
smaller shops and €rms oriented towards local consumers.

"Appendix Al provides a simpli€ed formulation in which we do not incorporate amenities or agglomeration
economies. However, the structure of the model is sueciently fexible and can accommodate di,erent forms of
agglomeration economies using recent approaches in the spatial economy literature. We also note that the model
is fexible in terms of its geographic structure and that, in principle, it could be extended to incorporate multiple
outside options for workers.

8Appendix Al solves the model by assuming that the distribution of tastes for the population and the distribution
of adjustment costs for land follow a Echet distribution.

9To minimize notation, we assume no distortions in the economy. One could easily add frictions to our model,
as to generate a gap in the wage of workers between agricultural and manufacturing sector, for example. ‘e main
results and intuitions of our model in that case would remain the same.

10e endogenous productivity growth could come from di,erent mechanisms, such as knowledge accumulation,



Appendix Al describes how we solve for the equilibrium in the model. In equilibrium, output
prices in"° equalize the ones in the rest of the country, as represented by locatiofe share
of workers choosing to live in° depends on how real wages i evolve relative to the rest of
the country™ . Lastly, real wages in increases over time, as the rest of the country experiences

continuous manufacturing productivity growth.

2.2 Rural Locations

If “°is a rural location, it has a comparative advantage in agriculture relative to the rest of the
country in the initial period|i.e., Aa0("°)=Am:0(°) > Aao( )=Au:0( ). In that case, in

t = 0, location ° specializes in agriculture, employing a larger share of workers and land in
agriculture relative to . ‘e evolution of the manufacturing sector in arural location is therefore
disadvantaged relative to : Because® has a smaller share of manufacturing workers relative to
", manufacturing productivity and real wages grow faster inintead of " °, inducing workers

to gradually move away from the rural locatior?.

Consider now a positivggermanentgricultural productivity shock in'° in periodt®> 0. As a
result, real wages increase ifi at timet®, which stanches its outf ow of workers. Meanwhile, this
shock reduces even further the share of workers in manufacturing, slowing down manufacturing
productivity growth in “°, which harms the growth of local real wages in the long-run. Since there
is a small share of manufacturing workers to begin with, this la<er mechanism tends to have a

small e,ect on real wages, so that in the long-run the rural location still has a larger population

when its hit by the shock, relative to a scenario in which there is no shock.

innovation, and local capital investments in buildings and structures. ‘e formulation that we adopt here, which is
based on a production externality, gives us a simple way of capturing these mechanisms. Alternatively, one could also
assume that the local productivity growth comes from a combination of local investments and positive externalities
related to productivity growth in the rest of the economy, as in Desmet et al. (2018).



2.3 Urban Locations

If “°is an urban location, it has a comparative advantage in manufacturing relative to the rest
of the country in the initial period|i.e., Aa.0 (%) =Am:0(°) < Aao( )=Aam (C ). Anurban
location "° tends to have a larger proportion of workers in manufacturing relative'tq which
generates faster growth of manufacturing productivity and real wages relative to the rest of the
country © . As a result, in contrast to a rural location, an urban location absorbs workers over
time.!!

Here, a positive permanentagricultural productivity shock in periodt® also increases the
share of agricultural workers, which leads to a reduction in the share of manufacturing workers,
and consequently a reduction in the speed of manufacturing productivity growth. However, rel-
ative to a rural location, this lacer mechanism is dominant, because the share of manufacturing
workers is large. As such, in the long-run, the urban location absorbs fewer workers from else-
where when it is hit by the shock, and the population is smaller’ifhrelative to a scenario in

which there is no shock?

2.4 A Region with Multiple Locations

Lastly, we study a regiort, which contains a set of small, open economy locations, some of
which are rural, and one of which is urban. We think of regidnas the area of a town plus its
hinterland|or, alternatively, we think of a regional market with several towns and villages. We
assume that workers draw an additional taste shock for locations within redioso that they
choose between locations within regidn and between regioh and the rest of the country .*

‘e evolution of the economy in | depends on the total number of rural locations: If the

at occurs even if the urban location starts in disadvantage relative to in terms of its real wages: Since this
location has faster manufacturing productivity growth, over time, workers still move away fronand into"°.

12If the agricultural productivity shock is large enough, the urban location becomes a rural one, so that that
Aato () > Aat (C ), and it starts releasing workers to the rest of the economy

13speci€cally, we assume that taste shocks are drawn from a neststhEt structure (see Farrokhi and Pellegrina
(2022) for an application of this type of distribution), so that we allow larger elasticity of substitution between
locations within regionl relative to the outside option of living in the rest of the economy. See appendix for
details.



number of rural locations is small, then regidnas a whole has a faster productivity growth than
the rest of the country, which leads to an infow of workers to If we have a larger number of
rural locations instead, then the opposite occurs. Additionally, these migration pa<erns depend
on how much workers prefer to live in regions frorh, relative to moving to other parts of the
country.

‘e impact of a positive, permanenggricultural productivity shock in aregion depends on the
proportion of rural locations in regiorl . For example, if the region only contains rural locations,
it will pull workers from the rest of the country. If instead there is an urban location in the region,
the shock will a,ect how urban and rural locations interact within that region (via migration
linkages), and the aggregate impact on the population of the region will depend on whether the
absorption of workers in villages will dominate the release of workers from the urban location.
Later, we consider this type of spatial unit in our empirical analysis.

To conclude this section, we underscore that our model indicates thabsitive permanent
agricultural productivity shock increases the share of agricultural workésth in urban and
rural locations* Next, we relate these types of locations to towns and villages, respectively,
in the context of India. We €nd empirically that in both types of locations, in line with our
model's prediction, the share of agricultural workers rises with irrigation|which is consistent
with empirical €ndings in Foster and Rosenzweig (2004). Our model, however, indicates that
there are starkly di,erent e,ects of the agricultural shock on population, depending on whether
the shock hits an urban or a rural location, or whether the shock hits a broader region with
multiple types of locations. Indeed, we €nd empirical evidence consistent with this prediction of

the model*®

Ysimulations of the stylized model indicate that quantitatively the increase in the share of agricultural workers
should be small in villages, since the initial share of agricultural workers is already large, but potentially large for
towns. Indeed, when we go to data, we €nd results that are consistent with these predictions.

19f we had a service sector oriented towards local consumers in the model, there would occur an increase in its
size as a result of the agricultural productivity shock in villages, since real wages would rise in the local economy.
In towns, however, we would observe a drop in the size of the service sector, since real wages would drop in the
long-run.



3 Data

We make use of a variety of data sources available at high spatial resolution. ‘e key outcome
variables come from: (a) demographic and economic censuses, available at the village and town
level; and (b) remotely sensed data on cropping pacerns, land use, and nigh<ime lights. ‘e la<er

are merged to georeferenced villages and towns, along with GIS data on canal command areas

and key geographic factors. Additional details are provided in Appendix A2.

3.1 Demographic and Economic Censuses

‘e demographic census of India is conducted every ten years. It includes data on demographics,
economic activity, educational a<ainment, land use pa<erns, and household amenities and assets
for the entire country, aggregated at the village and town level. We make use of the following
outcomes from the 2011 census: irrigated area, canal-irrigated area, population density (per sq
km), labor force participation, employment in agriculture (both own-farm cultivators and agri-
cultural laborers), and ownership of assets and household amenities. We also use data from the
sixth edition (2012-13) of the economic census, which provides €rm-level data on employment for
all enterprises in the country, including both the sector and number of workers within each €rm.

It is important to note that, while the demographic census reports the numbers of workers and
farmers residing in the village, the economic census reports the number of employees of €rms

which are located in the village/town, whether they reside in it or not.

3.2 Remotely Sensed Data

We use three sources of satellite data with information on agricultural outcomes. First, we utilize
data on dry season cropping from MODIS Enhanced Vegetation Index (EVI) to measure cropped
area at small-scale farming environment (Jain et al., 2017). ‘e data are availablelat & sq km
resolution, and aggregated using village and town polygons. Second, we use land use and land

cover classi€cation (250K) data froBhuvan the Indian Space Research Organisation's (ISRO)
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online portal!® ‘e data are made available by the Natural Resources Census programme at Na-
tional Remote Sensing Centre (NRSC), which uses remote sensing to estimate land use in di,erent
categories, including: season-wise cropping, double or triple-cropping, fallow area, built-up area,
forest area, wasteland, and water bodies. ‘ese data are used to estimate net sown area in the
country, as they have a high accuracy (Agency, 2007). ‘ird, as a proxy for economic growth and
urbanization, we use nigh<ime lights data from NOAA's National Geophysical Data Center's De-
fense Meteorological Satellite Program (Henderson et al., 2012). ‘e extensive use of remotely
sensed data in this paper, including novel data from Indian satellites, is used to complement the
analysis from administrative data which might be prone to measurement error (Donaldson and

Storeygard, 2016).

3.3 Spatially Linked Data

Using village and towns polygons, we combine the data sets described above to construct a high
resolution spatial data set on economic activity in the country. We also merge GIS data on
canals, command areas, aquifers, and rivers from the India Water Resources Information System
(WRIS)” Acribute data on canals is completed using Central Water Commissions' Management
Information System of Water Resources Projects and India WRIS Wikiinally, we calculate
distances from village centroids to command area boundaries, and complement the data with de-
tailed information on geographical features including climate, altitude, slope and a land rugged-
ness index formulated by Riley et al. (1999), and used by Nunn and Puga (2012) and Michaels and
Rauch (2017).

3.4 Summary Statistics

Appendix Table 1 reports the sample size and descriptive statistics. Our analysis encompasses

approximately 1,500 irrigation projects (i.e., command areas), for which we have high-resolution

h«p://bhuvan.nrsc.gov.in/gis/thematic/index.php
"Data downloaded from h«p://59.179.19.250/ during Nov 2019{Apr 2020. ‘e link, however, is now inaccessible.
8hps:/lindiawris.gov.in/wiki/doku.php
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data on the boundaries and all other relevant geographic features. ‘e sample includes approxi-
mately 74,000 villages and 900 towns within program areas, and similar numbers in nearby con-
trol areas. To put these numbers in perspective, there are approximately 650,000 villages and 7,700
towns in India. ‘erefore, our sample of treated villages and towns accounts for approximately

11-12 percent of all villages and towns in India.

4 Empirical Strategy

Our empirical strategy exploits the discontinuity in program inclusion arising at the boundary of
command areas, comparing villages (and towns) proximate to one another on opposite sides of
the boundary. Command areas are de€ned as the total areas to which an irrigation project can
deliver water through a network of canals. ‘e extent of the command area is determined by the
volume of water in storage (mostly in a dammed reservoir, but occasionally through the direct
diversion of an un-dammed river) and the topography of the terrain. Since water is distributed
through gravity, elevation plays a key role in determining the boundary. In one of the most
common engineering designs, the main canals begin at the dam and follow a roughly constant
elevation contour, from which secondary canals deliver water to lower elevations. ‘e command
area boundary is thus formed by these main canals. In another common design, the main canals
follow ridge lines and secondary canals distribute water to both sides of the ridge. ‘e boundary
of the command area is then de€ned by the lowest elevation lines on both sides of the ridge
and the terminus of the main canals. Using elevation data, we con€rm that the command area
boundaries are essentially fat, with average slopes on the order of a 20 cm decline per 100 meters
distance.

To improve the comparability of the control and treatment groups, we restrict the sample to
villages and towns whose centroids are no farther than 10 km from the boundary (see Figure 1),

but our results are not a,ected by the choice of a narrower or wider bandwidthin addition,

19Given that there is no well accepted method to select bandwidth in a multi-dimensional regression discontinuity
(Delland Olken, 2020), our chosen bandwidth is one of the most conservative in the literature in comparable contexts.

12



we restrict the sample to locations (villages and towns) that were less than 30 sq km, in order to
remove the largest cities which are unlikely to be a,ected by irrigation, though our results are
not sensitive to relaxing this restriction.

Formally, our main estimation takes the form:

Yiapp = F Ci+ Xi + a+ pp+ "pij 3)

Agricultural and non-agricultural outcomes are denoted Yayy,, wherei is an index for location
(village or town) located within 10 km of irrigation projegt in district d andbis an index for the
nearest 5- or 10-km boundary segment of the project's command area.

‘e key explanatory variable of interest, C;, is a binary variable indicating whether the cen-
troid of the location lies within a command area or not, and the coeecient of interest isvhich
is the impact of irrigation on agricultural productivity and local economic development. We also
control for a vector of village geographic characteristis,, which includes altitude, ruggedness,
distance to a major river, type of groundwater aquifer underlying the village, and the (log) area
of the village. We discuss these in detail below. To account for spatial correlation, error terms
are clustered at the command area level. All regressions include district €xed e,ectén ad-
dition, they include €xed e,ects ., that in di,erent estimations designate either the speci€c
command area, or the 5-km or 10-km segment of the command area boundary to which the lo-
cationi is nearest. ‘is helps ensure the only relatively proximate treated and control localities
are compared.

We subject our results to several robustness tests. First, we consider alternative choices of
bandwidths and document that the results in both villages and towns are robust to varying the
bandwidth between 2 km and 30 km. Second, for villages, we control for (a linear spline in)
the distance from the village to the command area boundary (omi<ing villages that are partially

inside the command area), as is customary in spatial discontinuity designs carried out over larger

Prior border design studies set in a developing country typically have a bandwidth between 25 km and 200 km (such
as, Dell, 2010; Michalopoulos and Papaioannou, 2013; Dell and «erubin, 2018).
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spatial scales. It is important to note that the narrow extent of the spatial sample we use for
our estimation makes such controls less crucial, while the possibility of spillovers undermines
one of the key requirements of this research design. ‘ird, we use Conley standard errors that
account for spatial correlation across villages at distances of up to 300 km. Fourth, we winsorize
the outcome variables at the 5th and 95th percentiles.

Our approach is similar in spirit to spatial regression discontinuity designs that have been
employed in a number of papers (Dell, 2010; Sukhtankar, 2016; Dell and serubin, 2018; Dell
and Olken, 2020; Ahlfeldt et al., 2015; Egger and Lassmann, 2015; Gonzalez, 2021; Smith, 2019).
‘e identifying assumption in such designs is that other than the treatment, all factors that can
potentially a,ect the outcomes of interest vary smoothly at the boundary. In our case, this as-
sumption is motivated by the plausible argument that prior to the construction of an irrigation
project, there would be li<le reason to expect the command area boundary, determined as it is
through a highly speci€c function of topography and the volume of the reservoir, to coincide
with substantial breaks in other geographical or socio-economic variables. A similar argument
is made by Jones et al. (2022) and Blakeslee et al. (2019), who evaluate speci€c surface irrigation

projects in Rwanda and India, respectively.

4.1 Units of Observation: Villages, Towns, and Geographic Cells

‘e model presented in the preceding section motivates a separate analysis for villages, towns,
and aggregated geographic cells that may contain zero or more of both types of location. We
therefore estimate treatment e,ects for villages and towns separately.

Appendix Table 1 present summary statistics for towns and villages. In column (1) are given
means characteristics in villages, and in columns (2){(4) the di,erences between towns and vil-
lages, with column (3) including command area €xed e,ects, and column (4) additionally re-
stricting the sample to locations smaller than 30 sq km. Villages and towns have starkly di,erent
economic and demographic characteristics: towns have much larger populations, smaller agri-

cultural sectors, more large €rms (per capita), and greater household asset holdings. In light of

14



our model, we would expect the impact of the treatment to di,er between these two types of
locations.

In addition, we estimate impacts at a unit of observation that aggregates outcomes over ge-
ographic cells that may contain several villages and towns. We work with two aggregations.
First, we take the unit of observation to include a single town and all the villages within 10 km
of its boundary (its \hinterland"). Because towns located in the command area will generally
have larger shares of their hinterland in the command area as well (see Appendix Figure A3.2),
this will capture the aggregate impact on a town and its a-liated rural areas of an increase in
agricultural productivity?° Outcomes of interest (e.g., population, number of employees in €rms)
are aggregated, and geographic controls averaged, over all locations (villages and towns) located
within this cell. Treatment status, as before, is based on the location of the town centroid; its
hinterland, however, may include place on either side of the command area boundary.

Second, we construct the cells to include the area located either up to 10 km inside, or 10
km outside, of every 10-km segment of the command area boundaries. ‘ere are therefore two
roughly 10 10-km cells per boundary segment, one of which is \treated" by the irrigation project
and one of which is not. Here too, outcomes and control variables are aggregated (or averaged,

depending on the variable) over all locations (villages and towns) located within the cell.

4.2 Town Formation

One potential concern with the separation of our analysis for villages and towns is that whether

a village graduates to the status of being a town could be a,ected by the irrigation schemes,
which may confound the estimation of treatment e,ects with composition e,ects. ‘is concern

is made more salient by the fact that approximately half the towns in 2011 only became towns
a%oer 1991 (Appendix Figure A3.3), which was a%oer the vast majority of irrigation schemes had

been completed.

20Appendix Figure A3.2 plots the share of the 10- and 20-km circles surrounding a town that is in the command
area against the distance of the town (centroid) from the command area boundary. ‘e shares using the 10-km circles
are 226 and 694 for control and treatment towns, respectively; and®@nd 536 when using the 20-km threshold.

15



To assess the likelihood of the treatment causing villages to become towns, it is necessary
to understand how these entities are de€ned. Formally, a location is designated as a town if
it satis€es three criteria: (1) a population greater than 5,000; (2) a population density greater
than 400 per sq km; and (3) a male agricultural labor share less than 25%. As shown in Table 1,
and as discussed in greater detail in Appendix A2, there are stark di,erences between villages
and towns across a variety of economic and demographic characteristics. Importantly, these
di,erences remain even when comparing the smallest towns with the largest villages (columns
(4)-(6) of Appendix Table A3.1 and Appendix Figure A3.4).

Appendix Table A3.2 presents several tests for endogenous town formation. In column (1), we
restrict the sample to villages and towns that were close to meeting the criteria for being classi€ed
as towns, and estimate the impact of being in the program areas on a<aining township status.

In columns (2) and (3), we restrict the sample to all towns, and take as the outcome variable an
indicator for whether the town already had township status in 1921 and 1951, respectively. In
columns (4){(8), we use as the unit of observation th@ 10-km cells on either side of the
command area boundary, as described in section 4.1. In columns (4)-(6) we take as the outcome
the number of towns per 100 square km in 1921, 1951, and 2011, respectively; and in columns (7)
and (8) the change between 1921{2011 and 1951{2011.

We €nd no evidence for di,erential town formation across the control and treatment groups.
Essentially, this means that the 6.1% increase in village population in treatment areas, which we
report below|coupled with the absence of any change in the labor share in agriculture|was
insuscient to graduate villages to township status. ‘is is intuitive, given the starkly di,erent
demographic and economic characteristics of villages and towns. ‘ough there is no evidence
for endogenous town formation, in Section 5.6 we report additional tests that account for any
violations of this €nding, by restricting the analysis to locations that are unlikely to have been

formed due to irrigation. ‘e results of this analysis are very similar to the benchmark results.

2kese are villages and towns that had: (1) a population between 4,000 and 6,000 people; a population density of
more than 350 persons per sq km; and male agricultural labor force that is less than 30%.
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4.3 freats to Identi€cation

We consider two principal threats to the identifying assumption that the control represents a valid
counterfactual to the treatment. ‘e €rst relates to potential di,erences in geography across the
command area boundary, which may arise if engineering considerations result in command area
boundaries that coincide with breaks in certain geographical features of the terrain. For example,
it may be deemed optimal to place the boundary along the base of a hill or the border of a forested
area.

Figure 2 displays plots (black lines) of key geographic variables (altitude, type of aquifer,
ruggedness, and distance to river) against the distance between a village and the nearest command
area boundary. ‘e plots do not indicate discontinuous jumps, but do suggest trend breaks in
elevation and ruggedness. However, when we limit the sample to villages lying in the vicinity
of boundary segments for which the average slope on both sides is very moderate (less than 1.5
degrees), and for which there is not an adjacent river (within 500 meters), no such trend breaks
are visible (blue lines in Figure 2). We therefore use this sampling restriction in our analysis.

Because the geographic variables generally trend monotonically with elevation, and because
the lacer is one of the key determinants of inclusion in the program area, small di,erences in
geographic characteristics will necessarily be present across the boundary even under our con-
servative sampling restriction. For this reason, we control for all of these variables in our regres-
sions. In practice, however, the magnitude of the di,erences is small and of negligible agricultural
signi€cance (Table A3.3j.

‘e second threat to identi€cation is posed by the possibility that non-engineering consid-
erations may infuence the boundaries of the irrigation project, such as the desire to include
politically favored villages in the command areas. If di,erences in outcomes across the bound-

ary were driven by unobservable factors associated with such favored villages, one would expect

22For example, there is a 5 meter elevation di,erence between control and treatment villages (10-km bands), in
comparison to a control mean of 200 meter, amounting to 0.01 standard deviations. Ruggedness di,ers by only 2
points on the Riley index, compared to a control mean of 39, where any value of this index between 0 and 80 is
considered level terrain.
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treatment e,ects to be particularly large at the boundary, and to decline at greater distances. As
we show below, we €nd no evidence for such pacerns in plots of outcomes against distance to
the boundary, nor do we €nd materially di,erent treatment e,ects when omicing villages just
inside the command area from our regressions.

Several additional tests of the identi€cation assumption are reported in the results section.
‘is includes a placebo analysis using only those projects that were initiated a%oer the year 1991,
and testing whether treatment e,ects are apparent for 1991 outcomes (using the same regression
speci€cation). In addition, we conduct an analysis limiting the sample to only those boundary
segments that are demarcated by irrigation canals. Because such canals follow approximately
€xed elevation contours, and the command area consists exactly of the area on their downhill side,
treatment status for villages along these segments is determined by transparent and fundamental

engineering considerations.

5 Results

5.1 Agricultural Outcomes

In our €rst set of results, we present the impact of being included in the command area on agri-
cultural outcomes, including: the percentage of agriculture land that is irrigated; the share of
land that is used for multiple-season cropping; and the extent of dry season cultivation (EVI). We
report results for villages and towns in parallel, and show that the e,ects on agricultural activity
are substantial and similar for both types of locations.

We illustrate the results for villages graphically in Figure 3.1{3.3, which plots these outcomes
against the indicated distance bins from the boundary using speci€cation 3, labelling distance as
negative within the command area and positive outside of it, and excluding villages that overlap
the command area boundary. Results for regressions without controls are depicted in Appendix
Figure A3.6.1{A3.6.3. All three outcomes display clear discontinuities at the boundary.

We report regression estimates for various agricultural outcomes in Tables 2 and 3. Within
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command areas, the share of agricultural land that is irrigated by canals increases by around
8.4 percentage-points (p.p.), representing a more than 150% increase over the control mean (5.1
p.p.)?® ‘ese e,ects are large in proportional terms but modest in magnitude, consistent with

the generally poor assessment voiced by observers of the success of these projects in increasing
irrigated area. Canals are one of several potential sources of irrigation raising the possibility
that substitution to other sources may a<enuate the net e,ect on irrigation. However, the overall
share of irrigated agricultural area increases by 5.6 p.p., representing a 13% increase over the mean
value outside the command area. We also estimate a 7.0 p.p. increase in the remotely sensed share
of cultivated village area, a 7.3 p.p. increase in the share of land with multi-season cropping, and
an increase in dry season vegetation indices (EVI) (Table 3).

‘e estimated e,ects in towns are somewhat larger|except for vegetation indices, which are
smaller and imprecise|but they are not statistically di,erent from the e,ects on villages. ‘ough
we lack data on agricultural yields at the required spatial resolution, the clear discontinuities in
these outcomes at the boundary and the increase in the number of crops grown in a single year
suggest a substantial increaseannualagricultural output per acre.

Consistent with our theoretical analysis in Section 2, the estimated impact of canals is not
substantially di,erent between towns and villages. In both types of regions, there is a similar
increase in measures of agricultural activity, as captured by remotely-sensed data. Next, we turn
to the impacts on urbanization and development, where we instead €nd that the impact of canals

on non-agricultural activities is substantially di,erent between towns and villages.

5.2 Urbanization and Development

‘is section presents the impacts of canals on urbanization and development, which we mea-
sure through the distribution of population, built-up area, and nightlight density. In particular,
we show that the e,ects on measures of development are substantially di,erent between rural

villages and towns.

23Census data on irrigated and cultivated areas are only reported for villages.
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Similar to the illustration for agriculture outcomes, we present our results for urbanization
and developmentin villages graphically in Figure 3.4{3.6. Results for regressions without controls
are depicted in Appendix Figure A3.6.4{A3.6.6. All three outcomes display clear discontinuities
at the boundary.

Figure 4.1 and Table 4 report estimates of the impact of canal irrigation on these outcomes
(measured in logs) for villages and towns separately. For villages, we estimate a 6.1% increase
in village population density, a 6.5% increase in light density, and a 3.5% increase in the built-up
area. For towns, however, we observe opposite e,ects, with a 30.8% decline in population density,
a 26.1% decline in light density, and a 26.8% decline in built-up area. ‘ese opposing e,ects for
villages and towns are consistent with the ambiguous impact of agricultural productivity shocks
highlighted in our model. To appreciate the magnitude of these e,ects, it is worth bench-marking
them against the modest (13%) e,ect on irrigated area, implying irrigation elasticities for these

outcomes of substantial magnitudés.

5.3 Labor Force Composition

In Figure 4.2 and Table 5, we document the impact of canal irrigation on labor force participation
and composition using demographic census data. We €nd a small positive e,ect on agricultural
labor in villages, though it loses signi€cance with the inclusion of boundary-segment €xed e,ects.
In towns, we estimate a substantial increase of 3.3 p.p. (24%) in the share of workers engaged in

farming, driven by increases in both land-owning cultivators and landless agricultural laborers.

24To provide a be<er sense of magnitudes, we can use a simple migration equation to infer the implicit changes in

wages, which we think as proxy for labor productivity. Speci€cally, consider the following equation for the supply
of workers in a region:

Nl 1= _ W1

No "~ wo
whereN; andNg are the population with and without the treatment, respectively; andwg are the wages, and
is the migration elasticity. Using a migration elasticity of 2, which is common in the literature, and the results from
Table 4, which indicate that treated villages and towns experience population changes of +7% and -18%, respectively,
we obtain wage changes of +3% for villages and -9% for towns. Bustos et al. (2016), for comparison, €nd that a 1
standard deviation in the productivity of soybeans increases labor productivity by 13%.
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5.4 Firm Activity

We also examine impacts on €rm activity, which we measure through the (log) employment in
€rms which are located in a given village or town, by sector and size. Results are depicted in Figure
4.3 and reported in Appendix Table 6 in greater detail. Employment in €rms increases by 5.8% in
villages, with e,ects evident for manufacturing (4.6%) and service €rms (7.2%). ‘ese e,ects seem
to be driven by small €rms (less than 10 workers), which we associate with smaller shops serving
local consumers. For towns, in contrast, we €nd large, negative e,ects, with €rm employment
being 58.3% lower in command areas, which is driven by declines in both manufacturing (73.3%)
and services (47.5%). Importantly, there are particularly large declines in all sizes of €rms, where

employment is more than 50% lower.

55 Assets

Figure 4.4 and Table 7 report estimated impacts of canal irrigation on various measures of asset
holding and home amenities. In villages, we see substantial increases in the fraction of households
owning most types of assets and the quality of housing facilities. In contrast, we €nd no evidence

for corresponding e,ects on asset holdings in towns.

5.6 Additional Discussion of Identi€cation and Robustness

We perform several additional estimations that provide indirect tests of our empirical approach.
First, Appendix Table A3.4 repeat the village estimation for key outcomes while restricting the
sample to command area boundaries which are formed by irrigation canals. ‘e results from this
alternative identi€cation strategy, which exploits plausibly exogenous variation stemming from
€xed elevation contours (described in Section 4), remain similar.

Second, Appendix Table A3.5 presents a placebo analysis which limits the sample to villages
for which the nearest command area was initiatetler 1991, and outcomes are measured through

the 1991 demographic census, 1993 light density, and 1990 economic census €rm employment.
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We €nd no statistically signi€cant impacts on any of the key outcome variables, and the point es-
timates are an order of magnitude smaller than in our main analysis, providing added con€dence
in our approach.

‘ird, we estimate our main results by controlling for (a linear spline in) the distance from
the village to the command area boundary (omicing villages that are partially inside the com-
mand area). Appendix Table A3.6, Panel A presents estimates for villages while Panel B reports
estimates for towns. A comparison of these results with those from equation 3 show that adding
distance to boundary controls are less crucial as both the point estimates and statistical signi€-
cance are very similar to the main results.

Fourth, while we present our results using the 10-km bandwidths, in Appendix Figures A3.7
we also use alternative bandwidths ranging from 2{30 km. We €nd that point-estimates are
relatively stable across speci€cations.

Fi%oh, we ask whether the results are driven by the deliberate manipulation of the command
area boundary to include certain favored villages. For this, we re-estimate impacts on key out-
comes while removing the treated villages that are closest to the boundary (within 2 km). ‘ese
are the villages which are most likely to be driving manipulation of the boundary. Were the treat-
ment e,ects in fact being driven by unobservable a<ributes of these inf uential villages, then we
would expect the treatment e,ects to decline with the exclusion of these villages. Reassuringly,
the results are essentially unchanged both in magnitude and signi€cance (Appendix Table A3.7).

Sixth, we estimate our main results while removing villages which intersect the boundaries
(see Appendix Table A3.8, Panel A); with winsorized outcome variables at the 5th and 95th per-
centiles (Appendix Table A3.8, Panel B); and with Conley standard errors that account for poten-
tial spatial correlation in errors across villages that are up to 300 km apart (Appendix Table A3.8,
Panel C). ‘e results are not materially a,ected.

Lastly, we highlight that our identi€cation strategy estimates relative e,ects at local geo-
graphic levels, where productive factors can reallocate between treatment and control areas. At

this local level, our results indicate that we estimate lower-bound e,ects of irrigation: when we
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inspect the e,ects on light density and €rm employment, for example, we €nd evidence of posi-
tive spillovers to control groups (see Figures 3.5 and 3.6).

In addition, though we €nd no evidence for endogenous town formation, we nonetheless
conduct robustness test for the town analysis to assess whether any such endogeneity could
have biased our results. First, we restrict the town sample to those locations (villages and towns)
that met the township criteria given by the census (population, population density, and male
agricultural labor force). Second, we restrict the sample to locations (villages and towns) that
continue to meet the township criteria a%oer reducing their populations by®the estimated
increase in village population in treatment areas), which removes locations that may have crossed
the village-town population threshold due to the treatment. ‘ird, we restrict the sample to
locations (villages and towns) that were well above the census criteria, in order to exclude all
locations that could have possibly converted from villages to towns due to the intervention. ‘e

results, given in Appendix Table A3.9, are largely unchanged from the baseline analysis.

5.7 Heterogeneous Treatment E,ects by Proximity to Towns

To be<er understand how agricultural productivity shocks interact with the spatial organization

of the economy, we next explore whether treatment e,ects for villages vary by distance to towns.
‘is analysis is motivated by Appendix Figure A3.1, which depicts a strong relationship between
distance to the nearest town and a variety of demographic and economic variables (with distance
set at O for towns themselves).

Figure 5 plots the magnitude of treatment e,ects for villages at various distances from the
nearesttown. ‘e e,ects of irrigation on village population and built-up areas are positive further
from towns, but in their vicinity become negative: villages within 2 km of a town experience
an approximately 10% decline in population density (Figure 5.1) and built-up land (Figure 5.2).
We also €nd that increases in the share of farmers in the workforce documented for towns also
occurs for villages in the vicinity of towns (Figures 5.3; and that the same is true of employment

in manufacturing €rms 5.4).
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Tables 8, 9, and 10 present corresponding estimates using a (treatment-interacted) binary
indicator for town-proximity which takes a value of 1 for villages within 4 km of the nearest

town. Table 11 reports results for household assets and home amenities.

5.8 Aggregate Geographic Units

‘e heterogeneity in impacts across towns and villages raises the important question of what
the local aggregate impacts are of the agricultural productivity shocks. ‘e model suggests that
the impacts on total population will depend on the ratio of towns to villages and the degree of
frictions to labor mobility.

To conduct the aggregate analysis, we use the two approaches discussed in Section 4.1 based
on local geographic cells: the €rst composed of a town and its surrounding 10-km hinterland; and
the second usind0 10-km cells on either side of the command area boundary. ‘e regression is
speci€ed similarly to equation 3, with the indexhow designating a whole cell. For thE0 10
km cell analysis, we also include a binary indicator for the presence of a town in the cell, and its
interaction with the treatment term.

‘e results of these analyses are given in Table 12. ‘e results indicate that, on aggregate, the
command area experiences increases in population density, €rm employment, and manufacturing
employment; but no change in employmentin large €rms. However, there are substantial declines
for all these outcomes when there is a town present, indicating that losses occurring in towns are

not o,set by gains to surrounding villages.

5.9 Discussion

Itimportant to emphasize that our estimates, whether at the village, town or cell level, capture the
localeconomic impacts of agricultural productivity gains o,ered by irrigation. ‘e widespread
introduction of irrigation also has general equilibrium country-wide impacts, including the po-
tential acceleration or slowdown in aggregate structural transformation, but these do not lend

themselves to causal inference using our approach. ‘e local impacts we estimate occur against
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that backdrop and in addition to it. For example, if general equilibrium impacts have driven
aggregate declines (increases) in manufacturing and large-€rm production at the country level,
they have done so more in the treatment (control) area of the study sample than in the control
(treatment).

‘ough our RDD empirical strategy limits the conclusions one can draw about the mecha-
nisms driving the observed impacts on population, our model provides guidance about this ques-
tion. ‘e model predicts that, overall, relative increases in manufacturing productivity will move
workers from villages to towns. A permanent increase in agricultural productivity in a given
village will slow the outward movement of workers from that village, causingedative (if not
absolute) increase in its population, in comparison to una,ected villages. ‘e same shock in a
town will reduce the inward movement of workers, causing a relative decline in the town popu-
lation in comparison to una,ected towns.

In principle, the observed increase in village population could also arise because of an in-
crease in in-migration or in the native population growth rate. We €nd reduced out-migration,
as posited by our model, to be the most plausible explanation, given the predominance of rural-
urban migration in male migration pa<erns in Indi&; and the scale of rural-urban migration oc-
curring during these years. To put our estimated @G Yillage population increase in perspective,
using a back-of-the-envelope calculation based on changing urbanization rates in India between
1971{2011 (and excluding urbanization caused by village conversion to towns), we estimate that
the average Indian village would have been approximatel9allarger in 2011 without rural-to-
urban migration?® For the same reason, we €nd reduced in-migration to be the most plausible
explanation of the decline in town population, rather than increased out-migration or reduced
population growth.

Our model makes no assumptions about the spatial extent of migration. Workers can move

to irrigated towns from both irrigated and non-irrigated villages within the study sample, as well

2%Using census migration data from 2011, we estimate that more th& @bmale work-related migration is to
urban areas.
26Numbers used in this calculation can be found in Bhagat (2018).
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as from more distant locations outside the study sample; and the same is true for non-irrigated
towns. ‘e spatial extent at which migration occurs in practice will depend on frictions in labor
mobility. ‘e fact that we €nd a negative population e,ect for aggregate (10-km) geographic
cells that contain towns suggests that these migration fows are likely not con€ned to nearby
locations?’

Asher et al. (2021) seek to empirically estimate general equilibrium population impacts on the
India-wide spatial distribution of towns and urban populations. Using a di,erence-in-di,erences
strategy|comparing town growth in the command area and adjacent areas to that occurring
farther away from the command arealthe authors €nd evidence for greater urbanization in the
vicinity of the command areas. ‘e control group in this analysis is primarily composed of towns
outside our study sample, while our own control group is sueciently close to the command area
that most of the towns are considered to be treated in the di,erence-in-di,erences analysise
focus instead on local impacts that are more amenable to causal inference using the spatial break

in project coverage, but view the €ndings of these two approaches as complementary.

6 Conclusion

Over much of the 20th century, the construction of large-scale surface irrigation infrastructure
was one of the most capital-intensive investments undertaken by governments wishing to boost
agricultural economies in low and middle income countries. ‘is paper evaluates the impacts

of such irrigation projects in India, one of the countries which has pursued this strategy most

27In addition, the lack of any village population trend with distance outside the command area (see Figure 3.4)
suggests that there has not been migration from control- to treatment-area villages, as the incentive to migrate would
vary with distance from the boundary and likely create a trend in village population.

2&e measure of treatment status for the Asher et al. (2021) analysis is the share of the 20 km area surrounding a
town which is located in a command area, which is used both as a continuous variable as well as an indicator taking a
value of 1 for towns for which the value is above @0 Within our study sample, the mean value of the surrounding-
area share variable is 26for towns outsidethe command area (i.e., our control group), with%®f these towns
being above the 2 threshold (see Appendix Figure A3.2). An analysis using the full set of towns (in-sample and
out-of-sample) would therefore include in its control group primarily towns well outside the command area, and in
its treatment group both within-sample (control and treatment) towns, as well as towns deep inside the command
area which were excluded from our analysis. It is important to reiterate that we €nd no evidence for di,erential
town formation across the control and treatment areas of our study sample.
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vigorously since its independence.

Surface irrigation projects have long been criticized for their inescient performance. While
con€rming the relatively modest local impact of these projects on irrigation, we nonetheless €nd
important impacts on local pa<erns of economic development. In rural areas, irrigation increases
population density, night light density, and built-up area, while also modestly increasing per-
capita wealth.

In towns (and villages close to towns), however, population density, nightlight density, and
the non-agricultural labor force share are reduced in irrigated areas; and there is a decline in
employment in €rms, including manufacturing and large €rms. When aggregating outcomes
across a broader area including both towns and villages, we €nd that the presence of a town
causes population and economic losses that are not 0,set by gains in nearby villages. ‘ese results
are consistent with a simple spatial economy model in which the same permanent agricultural
productivity gains can have substantially di,erent results, depending on the geographic incidence
of the shock.

‘e ability to simultaneously conduct our analysis at a €ne spatial resolution and on a
country-level scale allows us to estimate local impacts of surface irrigation that are both well-
identi€ed and externally valid. Due to the local nature of the treatment e,ects being identi€ed
by the spatial RDD, we are unable to capture the economy-wide impacts of irrigation expansion
on structural transformation, economic growth, and the spatial allocation of labor. We therefore
interpret our €ndings as refecting the local, long-term e,ects of irrigation occurring against the
benchmark of these economy-wide impacts; and, similarly to Foster and Rosenzweig (2004) and
Bustos et al. (2016), avoid making claims about la<er.

Overall, we €nd that local agricultural productivity gains arising from irrigation expansion
can bring substantial bene€ts to rural farmers, but that they can also potentially hinder local
non-agricultural economic activity in relatively more urbanized areas, consistent with €ndings
by Foster and Rosenzweig (2004). We provide evidence that these agricultural productivity shocks

have changed the spatial organization of agriculture, with potentially important implications to
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aggregate welfare.
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Figures

Figure 1: lllustration of a Canal Command Area (Hirakud Major Irrigation Project)

Notes: ‘e empirical strategy compares villages on either side of the command area border (shaded light grey) in a 10-km bu,er (denoted by the
do<ed black line). To compare nearby villages, 5-km boundary segment €xed e,ects are used, which are calculated by splicing the border into
smaller parts. (Boundary segments not shown for simplicity.) ‘e estimating sample is restricted to parts of the border which have a slope less
than 1.5 degrees on the outside of the border. (‘is sample restriction gives us a balanced sample on key geographic variables. See Figure 2.) ‘is
map illustrates the two types of estimation samples that are used in the study: the main results use the entire canal command area boundary, with
the caveats mentioned above. A second estimation sample, used in robustness checks, relies only on the part of the command area boundary that
is contiguous with the canal. In this example, only villages on either side of the command area border (black solid line) which overlaps with the

canal (red solid line) will be used.
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