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Abstract

A large fraction of the world’s poor rely on rain-fed agriculture, which makes them vulner-
able to changes in rainfall patterns. In this paper, we examine whether spatial correlation
in rainfall results in these households also being vulnerable to an adverse spatial-spillover
effect. In particular, we use household-level panel data from India along with high-resolu-
tion meteorological data to show how rural household consumption varies with own-region
rainfall as well as rainfall in neighboring areas. We find that while greater own rainfall has
a positive effect on rural household consumption, greater rainfall in neighboring regions
has an adverse spatial-spillover effect. Our results suggest that when this spillover effect is
taken into account, the positive impact of own-region rainfall on household consumption
falls by 38 percent.
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1 Introduction

In 2015, more than 735 million people globally lived in extreme poverty, with 79 percent
of them in rural areas (World Bank 2018).! Many of these rural households rely on rain-fed
agriculture, making them especially vulnerable to production and price risk due to changes
in rainfall patterns. In this paper, we examine whether spatial correlation in rainfall can
result in these households also being vulnerable to an adverse spatial-spillover effect.

To understand why spatial correlation in rainfall matters, consider a farmer residing in
region d. Greater rainfall in d will increase this farmer’s crop output and, for a given crop
price, increase her income. But the crop price received by farmers in d will likely depend
on rainfall in its neighboring districts. With greater neighboring rainfall, production of
the same crop will increase, which will lower crop prices, and with inelastic demand,
also lower farm incomes. On the other hand, for a given income, the lower crop price will
increase a farmer’s purchasing power. Thus, the overall impact of this spatial-spillover
effect is an empirical question.

To examine this spatial-spillover effect empirically, we use household-level panel data
from India along with high-resolution meteorological data. Our choice of India as a setting
for this analysis provides us with two important benefits. As a geographically large coun-
try, India experiences significant spatial and temporal variation in weather patterns. As we
document below, this ensures that we have sufficient variation in rainfall to identify our
key results. Second, agricultural production in India is mainly rain-fed and the sector plays
a dominant role in the overall economy. For instance, agriculture accounts for 49 percent
of India’s total employment and 52 percent of agricultural land is rain-fed (Economic Sur-
vey 2018). Thus, any adverse spatial spillover effect of rainfall is likely to be of first-order
importance here.

To capture rainfall in district d’s neighboring regions, we calculate the cumulative
weighted rainfall in all districts j # d, where the weights are the inverse straight-line dis-
tance between d and j. This flexible approach places greater weight on rainfall in nearby
districts without requiring us to define which neighbors matter. We then examine whether
a household’s consumption depends on rainfall in neighboring districts as well as rainfall
in its own district. Our identification strategy incorporates household fixed effects, which
means that our results are identified from within-district deviations in own and neighboring
district’s rainfall from its long-term average. These deviations are likely to be orthogonal to
unobserved determinants of rural household consumption.

We find that a one standard deviation increase in own-district rainfall increases house-
hold consumption by 8.46 percent. However, we also find that rainfall shocks in neighbor-
ing districts attenuate this positive effect. Indeed, when we account for this adverse spatial
spillover effect, we find that the same increase in own-district rainfall increases household
consumption by only 5.23 percent. This is approximately 38 percent lower than the bench-
mark case with no spatial spillovers. These results, therefore, suggest that spatial correla-
tion in rainfall creates economically meaningful general equilibrium effects that attenuate
the overall consumption gains from rainfall.

Our results are robust to controlling for a district’s average temperature and to adjusting
standard errors for spatial correlation following (Conley 1999). To further guard against

! According to World Bank (2018), people who live on less than USD 1.90 a day (2011 PPP) are consid-
ered to be in extreme poverty. The latest year for which these estimates are available globally is 2015.
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spurious spatial correlation, we show that our results are robust to including a spatial lag of
average household consumption and to a falsification test where we regress crop yields in
a district d on neighboring rainfall. Our hypothesis is that rainfall in neighboring districts
can have adverse effects on rural households in d via a reduction in crop prices. Rainfall
in neighboring districts should not directly affect crop yields in d. Our results indicate that
this is indeed the case and suggest that our core result is not being driven by spurious spa-
tial correlation.

To empirically examine the key mechanisms that explain the spatial-spillover effect, we
first use district-level crop-price data to confirm that a rainfall shock in neighboring dis-
tricts lowers crop prices received by farmers. Next, we show that households that experi-
ence a higher neighbor’s rainfall shock earn lower income from selling crops at the market
and are also less likely to participate in markets. We find no such effect on non-agricultural
income as well as remittances, which suggests that our results are not being driven by other
shocks that are correlated with rainfall.

Our paper is related to a small but growing literature that documents the spatial-spillo-
ver effect of weather shocks. For instance, Harari and La Ferrara (2018) examine the spillo-
ver effect of weather shocks on conflict in Africa. Elliott et al. (2019) examine the spillover
effect of typhoons on manufacturing firms in China while Boustan et al. (2020) construct
a measure of natural disasters for U.S. counties that account for both own-county disasters
as well as disasters that occur in nearby counties. Ours is the first paper to examine the
spatial spillover effect of weather shocks on rural agricultural households. Individuals in
such households constitute the majority of people living in extreme poverty globally and
are especially vulnerable to weather shocks due to climate change. Our approach is also
related to past efforts at estimating spatial spillovers of other shocks and interventions (see
e.g. Miguel and Kremer 2004).

Our paper is also related to a literature that examines the effect of climate change
induced variation in temperature and rainfall on agricultural outcomes using both simu-
lation methods (Adams 1989) and regression analysis (Mendelsohn et al. 1994; Schlen-
ker et al. 2006; Deschénes and Greenstone 2007; Dell et al. 2012, 2014). Our paper is
also related to a literature that documents the welfare consequences of weather shocks in
developing countries. These studies find that weather shocks affect agricultural production,
employment, and wages (Jayachandran 2006; Emerick 2018; Kaur 2019; Colmer 2021) as
well as human capital (Maccini and Yang 2009; Shah and Steinberg 2017). We contribute
to these literatures by showing that rainfall can have economically significant adverse spa-
tial spillover effects.”

Indeed, our results also have an important methodological implication for the literature,
where the typical approach is to regress an outcome of interest on rainfall in its own region.
Thus, rainfall in neighboring districts is implicitly included in the error term. Our results
suggest that in the presence of spatial correlation, such an econometric model is misspeci-
fied. This point is also relevant when estimating the effects of other weather and environ-
mental shocks with substantial spatial correlation.

We structure the rest of the paper as follows. In Sect. 2, we discuss the mechanisms
that can lead to rainfall in neighboring districts lower rural household welfare. In Sect. 3,

2 Finally, our paper is related to a literature that examines agricultural households in developing countries
with an emphasis on their market participation decision. Singh et al. (1986), de Janvry et al. (1991), Key
et al. (2000), Taylor and Adelman (2003), Fafchamps and Hill (2005), and Barrett (2008), among others,
are key contributions to this literature.
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we describe our household-level panel data as well as our rainfall data. In this section, we
also describe how we construct our own-rainfall and neighbor’s rainfall shock variables. In
Sect. 4, we describe the empirical strategy we use to identify the impact of rainfall shocks
on household consumption. In Sect. 5, we present our baseline results and address key
econometric issues while in Sect. 6 we provide supporting evidence for the mechanisms
that are driving the spatial spillover effect. In Sect. 7, we explore additional results and
robustness checks while in Sect. 8 we provide a conclusion.

2 Conceptual Framework

In this section, we use an agricultural household model to show that increased rainfall in
neighboring districts will have an ambiguous effect on rural household consumption. The
distinguishing feature of an agricultural household is that it is both a consumer as well as a
producer of agricultural products (Singh et al. 1986; de Janvry et al. 1991).

2.1 Production

To begin, consider a risk-neutral farmer that produces a homegrown crop, H, which we
refer to as a home crop from hereon. At the beginning of the growing season, the farmer
must decide how much of the home crop to produce. Her household’s welfare in this initial
period, U,(Qy, T;), depends on her crop yield at harvest time, O, as well as the leisure
time enjoyed during the growing season, 7,. To produce output, the farmer can use her
fixed arable land as well as family labor, 7),. We normalize the arable land to one and
assume that the farmer cultivates this land in its entirety. We also assume that the house-
hold has a time endowment of T with 7, + Ty = T.

Suppose her output at harvest time is determined by Oy = Rof (Ty), where f1is a produc-
tion function and R is the farmer’s expectation of the rainfall in her own district during
the growing season. Thus, R? serves as a Hicks-neutral productivity shifter.®> The farmer’s
objective is to pick the family labor, Ty, that maximizes U,(Qy, T;) subject to the time-
endowment constraint and the production technology. Let the resulting optimal family
labor choice be

T = 6T,

where 0 < 0 < 1is the fraction of the family’s time endowment spent on farm work.

2.2 Price Determination and Consumption

At harvest time, the actual own-district rainfall during the growing season is realized. This
value of RO along with the optimal labor chosen earlier, T7, pins down the farmer’s crop
output, Q; = Rf (T}). From hereon, we only consider farmers for whom this crop output
exceeds their own desired consumption, so that they have a surplus to sell. Farmers that

3 To concentrate on the mechanisms we can analyze with our data, we consider a stylized model where
we abstract from the use of intermediate inputs and the option to cultivate multiple crops. However, when
discussing the household’s consumption below, we introduce a market crop that the household does not pro-
duce and can only purchase from the market.

@ Springer



When it Rains, it Pours: Estimating the Spatial Spillover Effect... 331

do not have a surplus, and hence do not sell, will not be impacted by the price decline due
to increasing neighboring rainfall. Indeed, we verify that this is the case in our empirical
analysis below.

With her surplus in hand, the farmer can transport her crop to the nearest mandi, which
is a government-regulated wholesale market. Mandis are open auctions and are attractive
to farmers as it minimizes vulnerability to unscrupulous buyers. However, for the typical
farmer in India, mandis are costly to get to (Goyal, 2010). To capture this travel cost, we
assume that the farmer incurs an iceberg transport cost of = > 1to sell her crops at the mar-
ket. Thus, if she sells at the market, she will receive a price of P/z, where P is the prevail-
ing market price that the farmer takes as given.

If the market price is low or if the transport cost is high, the farmer can alternatively sell
her surplus to local traders at the farm gate (Fafchamps and Hill 2005). We assume that
there are no transport costs associated with selling to traders and thus the price that the
farmer will receive in this scenario is P < P. It follows that the farmer will participate in
the market if and only if P > 7P, and therefore, the equilibrium price she will receive is

P — P/t ifP> TFH,
H = .
P, otherwise.

)]

Given the above, the farmer’s income will be P,_,(é,_, — Cp), where é,_, — Cy > 01s her
marketed surplus. Suppose that her household has preferences over the consumption of the
home crop and a large variety of market crops. We assume that the farmer does not grow
the market crop varieties and must purchase them at a market. Let her preferences for these
crops be given by

U,=clc, )

where C,, is the aggregate consumption of market crops.* The farmer’s objective is to max-
imize (2) subject to the following budget constraint:

PyCy = PH(EH - CH)a

where P,, is a price index that captures the price of market crops. Importantly, the house-
hold does not have any market expenditure on Cy, as it consumes from its own production.
The tradeoff it faces is that while higher C; consumption increases its utility, it lowers
its farm income and hence consumption of the market crop. The household’s optimization
problem results in the following demand for the home crop:

Cy=(01- ’1)@1—1-

That is, C; only depends on crop yield, EH, and is not directly impacted by changes in
the market price. Given her optimal consumption of Cy, the residual income left over to
spend on the market crop varieties is Y,, = nP Q. This results in the following aggregate
demand for market crops:

4 C,, could be a CES aggregate over a large number of market crop varieties, C’;d, where k indexes varieties.
C), could also include non-food items that are purchased at the market.
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Notice that the consumption of the market crop depends on both its own price as well as
the level of farm income, which in turn is a function of PH.5

2.3 Impact of Neighboring Rainfall

Now consider the impact of greater rainfall in neighboring districts, RV. For farmers in
these neighboring districts, greater rainfall will act as a positive productivity shock and
result in an increase in regional crop output. In turn, this will reduce both P and P,, (Bur-
gess and Donaldson 2012).%7 To see how this will affect her household consumption, con-
sider the case where the farmer continues to sell at the market after the fall in P. For the
market crop, we can use (3) to decompose the effect of the lower prices into the following
channels:

4Cu _ _ —nPHaH <6Pl>(>0)+ ’1_& <&>(<0)
P .

N 2 N N
dRr P, oR u ) \OR )
- _ —_———
~-
Own-Price Effect Farm-Income Effect

The first term on the right-hand-side says that by lowering the own price, greater R will
raise C,,. This is the own-price effect. The second term says that by lowering the income
earned from its home crop, greater RV will lower CM.8 This is the farm-income effect
(Singh et al. 1986). Thus, the net effect of greater rainfall in neighboring districts on this
farmer’s overall consumption is ambiguous and is ultimately an empirical question.

Before moving on to the empirical analysis, it is worth pointing out that rainfall in
neighboring districts can affect farm income through both the intensive margin above
as well as the extensive margin. To see the latter, note from (1) that if greater neighbor-
ing rainfall lowers the market price P, then the transportation-cost inclusive market price
received by farmers may fall below the price received from traders. If so, the household
will prefer not to sell to the market. We will empirically explore this extensive margin
effect in Sect. 6 below.

5 Abidoye and Cali (2021) also discusses the contrasting effects of price changes on consumption and
income respectively in the context of conflict in Nigeria.

® We assume that the farmer’s district is small in the regional economy. This means that the market price of
both the home and market crops will not depend on her own district’s rainfall. We report crop-price regres-
sions below that support this assumption.

7 We are abstracting from the presence of minimum support prices (MSP) that the Indian government uses
to place a floor on the price of certain agricultural commodities. In principle, such a policy will attenuate
the effect of RY on P by setting a lower bound on the latter. Thus, incorporating this in our framework above
will not qualitatively change our predictions. We chose to abstract from this as there is evidence that these
MSPs are not fully effective. For instance, Aditya et al. (2017) show that less than 25 percent of farmers in
their data are even aware of what the MSP is for their crops.

8 Even when the output of the home crop is not fixed, lower P,; will lower farm income as long as the
demand for the home crop is price inelastic. Kumar et al. (2011) shows that this is indeed the case for staple
crops in India.
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3 Data
3.1 Household Data

We use household data from the Indian Human Development Survey (IHDS). IHDS is a
nationally representative longitudinal household survey that is available for two rounds,
2004-05 and 2011-12 (Desai and Vanneman 2005, 2012). The raw data cover 1,503 vil-
lages and 971 urban areas across India. However, given that we are interested in the effect
of rainfall on agricultural household consumption, we restrict our sample to rural house-
holds that are observed in both periods. The restriction to rural households ensures that
we only consider rainfall shocks in neighboring districts that grow crops in our analysis.’
This results in a working sample that consists of 28,087 households in 283 districts across
India."”

Our key outcome variable is each household’s total annual consumption expenditure per
capita. IHDS constructs this by dividing each household’s total expenditure on a series
of food and non-food items by the number of household members. We converted these
nominal values to real ones using the deflator provided by IHDS, which gives us annual
consumption expenditure per capita in constant 2005 Rupees.

Unlike other commonly used household surveys in India, the IHDS data have the
advantage that it follows households over time. Apart from enabling us to control for time-
invariant household characteristics, the panel nature of the data allows us to use a balanced
sample of households that appear in both survey rounds. This ensures that our key results
are not being driven by compositional changes in the sample. A second advantage of our
household-level data is that it avoids the attenuation bias that is present in more aggregated
analysis of weather shocks and agricultural outcomes (Fezzi and Bateman 2015).

In panel A of Table 1, we provide descriptive statistics of the households in our IHDS
sample. The average household has monthly consumption expenditure of approximately
824 Rupees per person, which is equivalent to 18.94 U.S. dollars per person in 2005. In
addition, the average household has 5.43 members and 1.77 children. On average, 88.40
percent of households have a male head with an average age of 48.70."!

Our analysis rests on the assumption that households in our sample produce crops
for sale in agricultural markets. Without such market participation, we would not expect
changes in market prices to impact household consumption. Similarly, if the households in
our sample reside in isolated areas that are far removed from local markets, then rainfall-
induced price changes in neighboring markets may have little impact on local prices. To
explore these issues further, we report summary statistics on crop sales and market access
indicators in Table 2.'? In panel A, we show that 55 percent of households in our sam-
ple report agriculture as their main source of income while 10 percent of households are

° The restriction that only households appearing in both survey rounds are included is relaxed for new
households in 2011-2012 that split off from households in 2004—2005. We retain these households even
thought they appear in only IHDS2.

10 To minimize measurement error in our data, we eliminate households that report negative values for
consumption per capita, educational expenses, and medical expenses. We also omit households that report
negative values for whether or not they own/cultivate land.

" Summary statistics by survey year are provided in Table 10 in the Appendix.

12 The data we use to construct the summary statistics in this table were only collected during the 2004—
2005 IHDS round.
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sharecroppers. Further, 47 percent of the households in our sample sell their crops with
these sales representing, on average, 31 percent of their total production. These numbers
suggest that while the households in our sample are poor, they are nonetheless actively
involved in agricultural markets.

In Panel B of Table 2, we examine how isolated the households in our sample are from
nearby markets. Unfortunately we do not have household-level data on the distance to the
nearest market, so instead we use several village-level proxies of market access. These
results suggest that 94.32 percent of villages in our sample are accessible by road. Further,
on average, the villages in our sample are 6.37 kilometers away from the nearest retail mar-
ket and 14.26 kilometers away from the nearest town. This suggests that the households
in our sample are not so isolated that we can dismiss the pass through of rainfall-induced
price changes in neighboring markets on to local prices.

3.2 Rainfall Data

We pair our household data with rainfall data from the ERA-Interim Reanalysis Archive.
These daily data are available at a 0.25° x 0.25° grid level for the period 1979 to 2015 (Dee
et al. 2011). These reanalysis data combine ground station and satellite data with results
from global climate models to create consistent measures of precipitation at a spatially
granular level (Auffhammer et al. 2013). When compared to standard rainfall data from
ground stations, using such reanalysis data has the advantage that we do not need to worry
about the endogenous placement of ground stations as well as spatial variation in the qual-
ity and quantity of rainfall data that is available (Colmer, forthcoming).

To merge these data with our IHDS household survey data, we first overlay the GIS
boundaries of each district in our IHDS sample on the gridded climate data. We then calcu-
late the total rainfall in each district by using the weighted average across all grids that fall
within a district. The weights are the inverse distance between each district’s centroid and
each grid point. Finally, we sum the daily rainfall data over the period June to September to
calculate total monsoon rainfall for each district in our sample in a given year. In Fig. 1, we
plot the trend in average monsoon rainfall in our sample over the period 1979 to 2011. As
is evident from this figure, average rainfall in India has been increasing during this period.
Further, there is also substantial year-to-year variation in monsoon rainfall.

To capture a district’s own rainfall shock, we follow Barrios et al. (2010) and Emerick
(2018) and create a rainfall anomaly measure for each district. This anomaly measure cap-
tures the deviation in a district’s monsoon rainfall in any given year from the long-term
monsoon average and is normalized by the long-term standard deviation. More precisely,
for a district d in year ¢, we define its own rainfall shock as

R, —R
RO = —d___d

i=— )
where R, is the total monsoon rainfall in a district in year ¢ and Ed is the district’s average
monsoon rainfall over the entire period for which we have data (1979 to 2015). Similarly,
S, is each district’s monsoon rainfall standard deviation during the 1979 to 2015 period.
Thus, a higher value of Rgt indicates that a district received total monsoon rainfall in a year
that was above its long-term average.'?

13 In addition to using this rainfall anomaly shock, we also follow Jayachandran (2006) and construct a
categorical variable that takes the value of one if a district’s rainfall in year 7 is above it’s 80th percentile
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Table 1 Summary statistics of IHDS households

@ @ 3 “ ()

Obs. Mean SD Min. Max
Panel A: household characteristics
Household consumption per capita 55,192 823.97 853.83 4.00 42,913.67
Indicator for households in poverty 55,205 0.22 0.41 0.00 1.00
Number of household members 55,205 5.43 2.82 1.00 38.00
Number of children 55,205 1.77 1.70 0.00 18.00
Male household head 55,205 0.88 0.32 0.00 1.00
Household head’s age 55,205 48.70 13.63 1.00 100.00
Panel B: weather
Total rainfall (in metres) 54,554 0.13 0.08 0.01 0.63
Own rainfall shock 54,554 0.16 0.89 - 1.81 3.21
Neighbor’s rainfall shock 54,554 0.14 0.57 -0.73 0.95
Own positive shock 54,554 0.26 0.44 0.00 1.00
Neighbor’s positive shock 54,554 0.26 0.23 0.01 0.63
Average temperature 53,880 25.57 2.54 5.86 28.89

In panel A, we report summary statistics for various household indicators. These averages were taken over

both survey rounds. In panel B, we report the summary statistics for various rainfall shock measures and
average monthly temperature. Household consumption per capita is calculated using monthly household
expenditure while the poverty indicator is as provided by the IHDS and is calculated using the Indian Plan-
ning Commission poverty line. Household consumption per capita is reported in constant 2005 Indian
rupees. 1 U.S. dollar was approximately equal to 43.5 Indian rupees in 2005. Total rainfall is reported in
meters. Own rainfall shocks and neighbor’s rainfall shocks are calculated using the anomaly approach
described in the text. Note that the numbers reported above incorporate sampling weights to ensure that
they reflect population averages

In Fig. 2, we illustrate the spatial variation in rainfall in India by plotting rainfall anom-
aly shocks at the district level by year. These maps yield two important insights. First, it
highlights the inter-temporal variation in rainfall during our sample period. For instance,
we observe that 2005 was a relatively dry year compared to 2011. This figure also makes
clear the significant within-district variation in the data.

The second important insight is that rainfall is highly spatially clustered. From Fig. 2
we can see that in 2004 the low rainfall shocks were clustered in the north and south-west
regions of India. In 2011, the higher rainfall shocks were concentrated in the central and
south-west regions of the country. This spatial clustering of rainfall reinforces the point
that if a household’s own district receives a high (low) rainfall shock, then nearby districts
are also highly likely to receive a high (low) rainfall shock. This suggests that to correctly
account for the overall effect of rainfall on household welfare, one must also account for
rainfall in nearby areas.

To examine this spatial spillover effect, we use the following measure of rainfall in
neighboring districts:

Footnote 13 (continued)

rainfall value over the period 1979 to 2015. All other districts have an own rainfall shock value of 0 (no
rainfall shock)
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Table2 Agricultural production

and market access in the M
2004-2005 IHDS sample Panel A: household’s agricultural production
Fraction with agriculture as main income 0.552
Fraction that are sharecroppers 0.102
Fraction that sell crops 0.472
Share of output sold 0.310
[0.377]
Panel B: village’s access to markets
Indicator for road-accessible villages 0.943
[0.232]
Distance to retail market 6.368
[6.881]
Distance to nearest town 14.261
[11.226]

In panel A, we report the sample averages and standard deviation in
brackets for various household agricultural production characteristics
while in panel B, we report the sample averages and standard devia-
tion in brackets for various aspects of a village’s access to markets.
The fraction with agriculture as main income variable is averaged over
both IHDS rounds while the remaining data are only available in the
2004-2005 IHDS round. Note that the numbers in panel A incorporate
sampling weights to ensure that they reflect population averages. The
numbers in panel B are calculated at the village level. All distances
reported in the table are in kilometers

15

Average Annual Rainfall

1979 1989 1999 2009
Year

Fig. 1 Trends in average annual rainfall in India (1979-2011)

1
R} = Z <—><Rj?> (6)

2 \Pdj
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Fig.2 Spatial variation in rainfall anomalies in India. Anomalies are defined as the difference between a
district’s rainfall during June to September in a year and its average rainfall between 1979 to 2015 divided
by the standard deviation of its rainfall over the same period. Thus, a higher value (bluer color) represents
greater than average rainfall

where j indexes all other districts in the sample and w,; is the straight-line distance (in kilo-
meters) between the centroids of d and j. We normalize this distance to ensure that the ratio
1/ @g; sum to one. Finally, R? is the own rainfall shock in neighboring district j in year .
Note that we exclude district d’s own rainfall, R[?z’ when calculating RS’I.

Thus, for each district d in year #, Eq. (6) provides us with a weighted average of rainfall
shocks experienced by all other districts in the sample, where the weights are the inverse
of the distance between d and j. These inverse distance weights ensure that rain shocks in
nearby districts play a greater role in determining the size of Rg’t.” An advantage of meas-
uring neighbor’s rainfall using (6) is that it includes all other districts j in the calculation
with faraway districts having a low weight due to the greater distance. Importantly, with RV
defined as in Eq. (6), we do not have to make an ad hoc decision on which neighbor’s to
include.

The correlation coefficient between a district’s own rainfall shock, Rgt, and its neigh-
bor’s rainfall shock, R’;’ , 15 0.77. Such a high correlation follows naturally from the spatial
clustering of rainfall evident in Fig. 2. This is further confirmed by the Moran’s [ statistic
for own-district rainfall, which yields a z-score of 10.81 and is statistically significant at the
1 percent level. Thus, we can comfortably reject the null of no spatial autocorrelation in
rainfall. Summary statistics for all rainfall variables used in the paper are reported in panel
B of Table 1.

4 Econometric Strategy

To examine the effect of both own rainfall shocks and neighbor’s rainfall shocks on house-
hold consumption, we use the following specification:

4 This measure of neighbor’s rainfall shock builds on measures of market access that is frequently used
in the trade and economic geography literature. See Donaldson and Hornbeck (2016) for a recent example.
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In(Cpy) = @ + BiRG + BoRY + 1\ Xy + 6, + 0, + €14 (7)

where C,,;, is the total consumption for household 4 in district d and year ¢, Rf{)f is a district
d’s own district rainfall shock, and R;Vt is the rainfall shock in neighboring districts. Our
coefficient of interest is f,, which will be negative if a positive rainfall shock in neighbor-
ing districts has an adverse effect on a household’s consumption.

We include in (7) a set of household- and district-level controls, X, that are likely to
affect consumption. This set includes an indicator for whether the household head is male,
the household head’s age and its square, and the number of children in the household.'® In
addition to rainfall, there may be other channels, such as temperature, through which rural
household consumption is correlated across space. To account for this, we also include
a district’s average monthly temperature in X, ;. Lastly, 8, and 6, are household and year
fixed effects respectively while ¢, is an error term.

The inclusion of household fixed effects in our specification provides us with two key
advantages. First, a negative f, could reflect the impact of differential crop choices. For
instance, it could be the case that households that grow higher-priced or higher-yield crops
endogenously locate in districts with a lower probability of a large neighbor’s rainfall
shock. In other words, households in these districts cultivate different crops compared to
households in districts that tend to receive larger neighbor’s rainfall shocks. To the extent
that these crop choices are time invariant, our household fixed effects will capture this con-
founding effect. Second, these fixed effects will also account for time-invariant, district-
specific and household characteristics that might impact its consumption.

While the inclusion of household fixed effects has key advantages, it is worth noting that
our rainfall shock measures, Rg and Rg’t, vary by district and year and not by household.
Thus, the inclusion of household fixed effects means that our results are identified from
within-district variation in own rainfall and neighbor’s rainfall from its long-term average.
As we argued above, conditional on including household fixed effects, these deviations are
likely to be orthogonal to unobserved determinants of rural household consumption and
allow us to identify the causal effects of own rainfall shocks as well as rainfall shocks in
neighboring districts. In addition, as is clear from Fig. 2, there is significant within-district,
temporal variation in our rainfall data. This allows us to identify g, and f,. Nonetheless, we
show below that our results are robust to excluding household fixed effects.

5 Results
5.1 Baseline Results

We report our baseline results in Table 3. In column (1), we estimate a parsimonious ver-
sion of (7) where we exclude household fixed effects. The coefficient of the own rain-
fall shock is positive and statistically significant. However, the coefficient of the neigh-
bor’s rainfall shock variable suggests that having greater rainfall in nearby districts lowers

15 Some of these control variables may be correlated with rainfall and thereby introduce confounding
effects. To guard against this, we show in Table 9 that our coefficients of interest - §, and f, - are robust to
excluding all household controls from our regressions.
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a household’s consumption. In other words, while rainfall in a household’s own district
raises its consumption, rainfall in nearby districts has the opposite effect.'®

In column (2), we add a set of district controls to the specification in column (1) to
account for district-level factors that are correlated with a household’s consumption.
These controls include indicators for a district’s elevation and slope, the natural loga-
rithm of a district’s population, the share of workers in a district that are in agriculture,
and the share of literate workers in a district. To ensure that these latter variables are not
endogenous to current rainfall, we use National Sample Survey Organization data from
1987 to construct them. The coefficient of both own-rainfall shock and neighbor’s rain-
fall shock remain robust, albeit the magnitude of the latter falls.

Next, in column (3) of Table 3, we report the results from estimating Eq. (7). That is,
we now include household fixed effects in our regression. The inclusion of these fixed
effects account for all time invariant, omitted household and district characteristics that
may bias our estimates of the own rainfall shock and the neighbor’s rainfall shock. As
the results in column (3) demonstrate, the effects we have identified thus far remain
robust to the inclusion of household fixed effects. That is, we continue to find that expe-
riencing a greater own rainfall shock raises household consumption while experienc-
ing a greater neighbor’s rainfall shock lowers household consumption. In column (3),
with the inclusion of household fixed effects, we are relying on within-district variation
in rainfall to identify our rainfall shock effects. As is clear from Fig. 2, our data does
exhibit significant within-district variation in rainfall. Nonetheless, it is reassuring that
our key result remains robust regardless of whether we include household fixed effects.

To gauge how important the spatial spillover effect of rainfall is, consider first a case
where we ignore rainfall in neighboring districts. In this benchmark case, the estimates
in column (3) of Table 3 suggest that a one-standard deviation increase in a district’s
own rainfall will result in an 8.46 percent increase in household consumption per capita.
To see how this effect changes when we incorporate the spatial spillover effect, note that
we can use (7) to write the effect of R” on household consumption (C) as

din(C)  »  » dRV
g0 Pt hges ®)

where the second term on the right-hand-side captures the attenuating effect of rainfall in
neighboring districts.

To implement this, we aggregate our data to the district-year level and regress RZ on
RZ’ district fixed effects, and state and year interaction fixed effects. The resulting coef-
ficient of the own-district shock is 0.086, which is our estimate of dRY /dR°. Combining
this with our estimates of f, and f, from column (3) of Table 3, we find that a one-stand-
ard deviation increase in the own-rainfall shock now increases a household’s per-capita
consumption by 5.23 percent. That is, accounting for the spatial spillover effect reduces
the consumption gains from own-district rainfall by approximately 38 percent.

The consumption expenditure reported by IHDS includes both expenditure on
market-purchased items as well as the value of homegrown crops consumed. For

16 One may be concerned that the THDS survey is conducted throughout the year and thus the consumption
data may not overlap with the rainfall data, which is collected over the monsoon period. Fortunately, only
0.38 percent of households in IHDS1 and 0.09 percent of households in IHDS2 were interviewed during or
prior to the monsoon season of 2004 and 2011 respectively. Thus, our consumption data are almost entirely
in the post-monsoon period.
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Table 3 Spatial-spillover effect of rainfall on rural households

Dependent variable 1) 2) 3) ) 5)

In (consumption per capita)

Own rainfall shock 0.143%** 0.076%** 0.084%** 0.103%** 0.084%**
(0.031) (0.026) (0.023) (0.026) (0.025)
Neighbor’s rainfall shock — 1.254%%%  —0.436%*¥*F  —0.379%FF  _(0.433%F*F  _(.379%*
(0.139) (0.159) (0.136) (0.152) (0.151)
Constant 6.059%** 54.293 7.233%** 7.584%%* —0.000
(0.186) (146.422) (0.448) (0.470) (0.008)
Time-invariant controls No Yes - - -
Household fixed effects No No Yes Yes -
Homegrown growers excluded No No No Yes No
Conley standard errors No No No No Yes
Observations 53,792 46,514 53,791 37,843 53,782
R-squared 0.210 0.274 0.248 0.276 0.091

The dependent variable in all columns is the natural logarithm of a household’s monthly per capita con-
sumption expenditure. The construction of the own rainfall shock and neighbor’s rainfall shock variables
are described in the text. In column (2), we control for a household’s religion, caste, indicators for its dis-
trict’s elevation and slope, the district’s total population in 1987, its share of agricultural workers in 1987,
it’s share of literate individuals in 1987, and state fixed effects. These additional controls are all time invari-
ant and are absorbed by the household fixed effects in column (3). In column (4), we exclude households
that report consuming only homegrown staples (rice, wheat, and cereals). In column (5), we report Con-
ley (1999) spatial correlation-adjusted standard errors with a distance cutoff of 250 kilometers. All regres-
sions control for the number of children in a household, the household head’s age, age squared, whether the
household head is male, and the average monthly temperature during the year. All regressions also include
year fixed effects and incorporate sampling weights to ensure that the sample reflects the population. Robust
standard errors in parenthesis are clustered at the district-year level. ***p < 0.01, **p < 0.05, *p < 0.1

homegrown crops, the reported quantities consumed by each household were multiplied
by the market price and added to total consumption expenditure. Unfortunately, total
expenditure on homegrown crops is not separately reported in the IHDS data, which
means that we cannot subtract it from total consumption expenditure and isolate the
expenditure on market-purchased items only. Recall that the latter is the ideal proxy for
C,, in our conceptual framework in Sect. 2.

Instead, we identify households in our data that only consume homegrown staples and
exclude them from our sample.!” Because the remaining households are ones who are
less reliant on homegrown staples, their total consumption expenditure will largely reflect
expenditure on market-purchased items. In column (4) of Table 3, we report the results
using this sub-sample. As the results demonstrate, our key findings remain highly robust to
excluding households that only consume homegrown staples.

17 We err on the side of caution and classify a household as a homegrown consumer if it consumes only
homegrown rice or wheat or cereals. This is cautious in the sense that some of these households could con-
sume only homegrown rice and a mixture of homegrown and market-purchased wheat or cereals.
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5.2 Alternate Inference Approach and Specifications

Our econometric approach above controls for spatial correlation in rainfall by including
a neighbor’s rainfall shock measure. However, there could also be spatial correlation in
the error term itself in Eq. (7). To the extent that this is the case, the standard errors we
report in Table 3 are incorrect even if our estimate of f, is unbiased. To address this, we
report standard errors in column (5) of Table 3 that adjust for spatial correlation following
Conley (1999) as well as a standard heteroskedastic and auto-correlation correction (HAC)
following Hsiang (2016).'® As these results show, our baseline findings are largely unaf-
fected when we use the spatial-HAC correction. We still find that a higher neighbor’s rain-
fall shock has a negative and statistically significant effect on a household’s consumption.

The Conley (1999) approach, while popular, is also computationally intensive as one
must account for distances between every pair of observations when constructing the spa-
tial variance-covariance matrix. Given our relatively large, household-level sample, this
is an especially acute computational challenge. In light of this, our choice of district-year
level clustering as the baseline approach follows the advice of Hsiang (2016, p. 66), who
argues that it is “reasonable to estimate approximate standard errors using simpler tech-
niques, verifying that spatial-HAC adjustments do not alter the result substantively.”

To account for other channels of spatial spillovers such as similar farm production tech-
nology and soil types (Chen et al. 2016), we include a spatial lag (LeSage and Pace 2009)
to our baseline specification. Given that our unit of observation is a household, a spatial
lag in our case is a weighted average of household consumption in nearby areas, where the
weights are the bilateral distance between households.

Unfortunately, to construct such a spatial lag at the household level, we need the geo-
coordinates of each household. Such information is not available. Instead, we adopt an
alternate approach where we calculate a district-level spatial lag of the dependent variable.
That is, for each household in our sample, we calculate the weighted average district-level
consumption per capita in all other districts. The weights are the bilateral distance between
a household’s district of residence and all other districts. We then add this district-level
spatial lag as an explanatory variable to our baseline specification (7). We report the results
from estimating this new specification in column (1) of Table 4. As these estimates dem-
onstrate, our coefficient of interest remain highly robust. We continue to find that a higher
neighbor’s rainfall shock has a negative and statistically significant effect on a household’s
consumption.

To further guard against our spillover effect being driven by spurious spacial correla-
tion, we conduct a placebo test in column (2). The rationale for this placebo test is the
idea that rainfall in neighboring districts should not have any effect on a district’s crop
yields. To test this, we use the ICRISAT Village Dynamics in South Asia Macro-Meso
Database (henceforth ICRISAT) to construct crop-district-year-specific measures of yields
for the period 2004 to 2011. This dataset includes information on 16 major crops in 311
districts across India.'” We then regress the natural logarithm of these crop yields on both

18 We use the STATA .ado file reg2hdfespatial created by Thiemo Fetzer and used in Fetzer (2020)
to implement this procedure and assume a distance cutoff of 250 kilometers.

19 The 16 crops are rice, wheat, sorghum, pearl millet, maize, finger millet, barley, chickpea, pigeon-pea,
sugarcane, groundnut, sesame, rape and mustard, linseed, castor, and cotton. As we use monsoon rainfall
data in our baseline analysis, we restrict the ICRISAT data to crops that are primarily grown during the
monsoon months of June to September. Further, to account for outliers, we omit crop yields that are above
the 95th percentile of the crop yield distribution.
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own-district and neighboring-district rainfall. The results in column (2) suggest that while
higher own-district rainfall increases crop yields, greater rainfall in neighboring districts
does not have an effect on crop yields.

Lastly, while the household fixed effects in our baseline specification purges the effect
of any time-invariant district characteristics, there could be unobservable, time-varying
district shocks that threaten our identification strategy. For instance, the timing of rainfall
shocks may coincide with other time-varying agricultural productivity shocks. To account
for this, we include in Eq. (7) the interaction between a district’s share of agricultural work-
ers in 1987 and year fixed effects respectively. These interaction terms will allow us to flex-
ibly capture these time-varying, location-specific agricultural shocks. As these results in
column (3) of Table 4 demonstrate, our coefficient of interest remains highly robust.

Thus far, we have estimated a parsimonious baseline specification with linear own-dis-
trict and neighbor’s rainfall shocks. We now explore alternate specifications in Table 5. In
column (1), we include both a squared own-rainfall shock and neighbor’s rainfall shock.
Interestingly, we find that both the level and squared own-district rainfall coefficients are
positive and statistically significant. The latter suggests that the benefits of own rainfall are
increasing in the level of rainfall itself. In the case of the neighbor’s rainfall shock, while
the coefficients of both the level and squared terms are negative, the latter is considerably
larger and statistically significant. This suggests that at higher values of R", the marginal
effect of R on household consumption increases in magnitude.

Next, in column (2) of Table 5, we estimate an alternate specification where we include
an interaction between own-district and neighbor’s rainfall shocks. The coefficients of
interest remain robust while the interaction term itself is statistically insignificant. Lastly,
in column (3), we include both the squared terms and the interaction term to our baseline
specification. We continue to find the squared neighbor’s rainfall shocks is negative and
significant. Thus, the results in Table 5 suggest that even with alternate specifications, the
spatial spillover effect of rainfall remains robust. The key additional insight from this table
is that the spillover effect is being driven by very large neighboring shocks.

6 Mechanisms

In Sect. 2, we hypothesized that rainfall in neighboring districts can have adverse general-
equilibrium effects on rural households by (a) lowering crop prices and (b) lowering farm
income via the intensive margin (market sales) as well as the extensive margin (market
participation). We now examine whether these channels are supported by the data. To test
whether greater neighbor’s rainfall lowers crop prices, we use crop price data from ICRI-
SAT. For each district, this dataset provides farm-gate prices of crops in Indian rupees per
quintal (100 kg). For our analysis, we use annual data for the period 2004 to 2011. With
these data in hand, we examine whether greater rainfall in neighboring districts lower the
price of crops in a given district by estimating the following econometric specification:

In(P,,) = a. + 8,RS + 6,R) + 0,4+ 6. X0, + vy, ©)

where P, is the farm-gate price for crop ¢ in district d and year ¢. Rdot and Rg’f are the
rainfall shock measures defined above while 6,, 8, and 6, are crop, district, and year fixed
effects respectively. Lastly, v, is an error term. If the mechanism we propose above is cor-
rect, then we would expect 6, to be negative. We report the results from estimating Eq. (9)
in column (1) of Table 6. The coefficient of the neighbor’s rainfall shock is indeed negative
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Table 4 Addressing confounding

effects Dependent variable (@) 2) 3)

In (copc) In (yield) In (copc)

Own rainfall shock 0.073%** 0.014%* 0.070%**
(0.023) (0.007) (0.025)
Neighbor’s rainfall shock -0.298*%*  —-0.021 —0.314%*
(0.128) (0.024) (0.137)
Constant —5.850%*%  —0.099%** 7 198%**
(2.479) (0.004) (0.443)
District spatial lag included ~ Yes No No
Agriculture share X year FE ~ No No Yes
Observations 53,791 24,267 52,666
R-squared 0.256 0.606 0.250

The dependent variable in columns (1) and (3) is the natural logarithm
of a household’s monthly per capita consumption expenditure (copc)
while in column (2) it is the natural logarithm of crop yield. The unit
of observation in column (2) is crop-district-year, which is why the
sample size is smaller. In column (1), we include a district-level spa-
tial lag of average household consumption per capita. In column (3),
we include the interaction between a district’s share of agricultural
employment in 1987 and year fixed effects. The regressions in col-
umns (1) and (3) control for the household head’s age, age squared,
whether the household head is male, the average monthly tempera-
ture during the year, the number of children, household fixed effects,
and year fixed effects. These regressions also incorporate sampling
weights to ensure that the sample reflects the population. The regres-
sion in columns (2) includes district fixed effects and crop and year
interaction fixed effects. The standard errors in parenthesis in all col-
umns are robust and clustered at the district-year level. ***p < 0.01,
**p <0.05,*p < 0.1

and statistically significant, which supports the idea that greater neighboring rainfall will
lower crop prices.?’

Next, we examine how rainfall in neighboring districts affect a household’s farm income
through both the intensive and extensive margins. For the former, we use IHDS’s house-
hold-level data on market participation to estimate each farming household’s ratio of mar-
ket sales to production. We then use this ratio as the dependent variable in Eq. (7). Note
that the crop data are only available for 2005, which is why the farm-income regressions
do not include household fixed effects. The results from estimating this intensive margin
effect are reported in column (2) of Table 6. They show that greater own-district rainfall
increases market sales and greater rainfall in neighboring districts lower market sales.

In addition to lowering the value of market sales, equation (1) suggests that greater rain-
fall in neighboring districts can also lower the likelihood that a household participates in
markets. More precisely, if the decrease in crop price, P, due to higher neighboring rainfall
is large enough, then it could be the case that P < 7P, where 7 is the transportation cost of

20 The results in column (1) also suggest that own-district rainfall, on average, does not have a statistically
significant effect on crop prices. This validates our assumption in Sect. 2 that each district is small in the
regional economy, which means that crop output shocks due to own rainfall will not impact crop prices.
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Table 5 Alternate specifications

Dependent variable (e 2) 3)

In (consumption per capita)

Own rainfall shock 0.048* 0.0927%** 0.038
(0.026) (0.025) (0.027)
Own rainfall shock squared 0.023%%* 0.003
(0.011) (0.023)
Neighbor’s rainfall shock -0.109 —0.374%** -0.077
(0.141) (0.136) (0.142)
Neighbor’s rainfall shock squared —0.207%** —0.308%*
(0.062) 0.121)
Own shock X Neighbor’s shock -0.018 0.079
(0.019) (0.078)
Constant 6.76]1%** 7.094 %% 6.698%**
(0.459) (0.459) 0.473)
Observations 53,791 53,791 53,791
R-squared 0.250 0.248 0.250

The dependent variable in all columns is the natural logarithm of a household’s monthly per capita con-
sumption expenditure. All regressions control for the household head’s age, age squared, whether the
household head is male, the number of children, the average monthly temperature during the year, house-
hold fixed effects, and year fixed effects. All regressions also incorporate sampling weights to ensure that
the sample reflects the population. The standard errors in parenthesis in all columns are robust and clustered
at the district-year level. ***p < 0.01, **p < 0.05, *p < 0.1

Table 6 Mechanisms

Dependent variable [€)) 2) 3) 4

In (crop price) Sales/production Market indicator In (farm wages)

Own rainfall shock 0.011 0.128%* 0.089 0.097*
(0.007) (0.052) (0.063) (0.058)
Neighbor’s rainfall shock —0.087%#** — 1.047%** —0.771%%* — 1.696%**
(0.033) (0.238) (0.256) (0.387)
Constant 7.225%%% - 146.565 —194.601 12.573%**
(0.005) (168.942) (191.006) (1.356)
Observations 8,135 9,754 10,114 17,394
R-squared 0.794 0.188 0.121 0.105

The dependent variable in column (1) is the natural logarithm of crop prices and is constructed using ICRI-
SAT data. The unit of observation in this column is crop-district-year. The dependent variable in in column
(2) is the ratio of a household’s total market sales to its total production while in column (3) it is an indi-
cator for whether a household sells its crop to the market. The market participation data are at the house-
hold level and only available for 2005. The dependent variable in column (4) is the natural logarithm of a
household’s farm wages per capita. The sample in this column is restricted to households that have posi-
tive farm wages. The regression in columns (1) includes district fixed effects and crop and year interaction
fixed effects. The regressions in columns (2) and (3) include all controls in column (2) of Table 3 while the
regression in column (4) includes all controls in column (3) of Table 3. The regressions in columns (2)—(4)
also incorporate sampling weights to ensure that the sample reflects the population. Robust standard errors
in parenthesis are clustered at the district-year level in columns (1) and (4) and at the district level in col-
umns (2) and (3). ***p < 0.01, **p < 0.05, *p < 0.1
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selling to the market and P, < P is the price received by the farmer if she sells her surplus
to traders at the farm gate. As we can see from (1), P < 7P, would result in the farmer no
longer participating in the market.

To examine this extensive margin effect, we construct a market participation indicator
that takes the value of one if a household sells any crops in the market and is zero other-
wise. The results from estimating this extensive margin effect are reported in column (3)
of Table 6. As above, they show that while greater own-district rainfall increases market
participation, greater rainfall in neighboring districts lowers market participation. Thus,
through both the intensive and extensive margins, greater neighbor’s rainfall lowers a rural
household’s market income.

Lastly, we examine whether rainfall in neighboring districts also has adverse effects on
a household’s income from agricultural labor. To the extent that such rainfall lowers farm
revenue, it should also have an adverse effect on the wage received by farm workers. To
explore this, we use a household’s total agricultural wage income per capita.”’! We then
estimate a version of (7) where the dependent variable is the natural logarithm of a house-
hold’s agricultural wage income. We report these results in column (4) of Table 6. They
suggest that while greater own rainfall shock raises farm wage income, greater neighbor’s
rainfall shock lowers it. These results are consistent with the farm revenue effects above.

6.1 Alternate Mechanisms

In Sect. 2, the mechanisms we described to explain the impact of neighboring rainfall on
rural household consumption only applied to households that sold their crops at the market.
Households that either do not have a surplus to sell or choose not to participate in the mar-
ket for other reasons should not be impacted by price changes due to neighboring rainfall.
Indeed, this last point provides a useful falsification test that we can run to validate our
mechanisms.

To explore these implications, we use the market participation data to identify house-
holds that report participating in the market in 2005 as well as households that do not. We
then estimate our baseline regression separately for each sub-sample. If the mechanisms
we discussed are valid, we should find that the negative spillover effect from neighboring
rainfall only holds for the market-participant sample. In columns (1) and (2) of Table 7,
we show that this is indeed the case. In column (1), where we restrict the sample to market
participants, our baseline result for neighbor’s rainfall is robust. In contrast, in column (2),
where the sample is restricted to non-market participants, there is no neighbor’s rainfall
effect.

In column (3), we verify that this result holds in a regression where we interact both
own-rainfall shock and neighbor’s rainfall shock with the market participation indicator.
The result confirms that both an own-rainfall shock and a neighbor’s rainfall shock has a
statistically significant effect only for households that participate in the market.??

A concern with our headline result is that it could be driven by time-varying struc-
tural changes in a district’s economy that happen to be correlated with rainfall shocks.

21 To account for outliers in the raw farm wage data, we omit from our sample in column (4) households
that report farm wages that is equal to or above the 95th percentile.

22 While the result in column (3) validates the mechanisms we highlight in Sect. 2, the market participant
indicator in this column is itself endogenous to rainfall (column (3) of Table 6). This is why we do not treat
this interaction specification as our baseline.
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To address this, we examine whether our rainfall shock measures are related to income
changes among non-agricultural households. If our results are being spuriously driven by
unobserved structural changes, then we should find negative effects of rainfall of compa-
rable magnitude on non-agricultural households. In contrast, if there are weaker effects of
rainfall on such households, then we can be confident that our headline result is indeed
being driven by rainfall.”

We explore this by examining whether our rainfall shocks affect income from non-
agricultural sources. To do so, we first estimate a version of Eq. (7) where we change the
dependent variable to the natural logarithm of a household’s salary income per capita from
non-farm sources. These results, which are reported in column (4) of Table 7, indicate that
both the effect of own-rainfall shocks and neighbor’s rainfall shocks are statistically insig-
nificant. In column (5), we repeat the analysis above, but use the natural logarithm of a
household’s non-farm wage income per capita as the dependent variable.”* As in the pre-
vious column, we find that both the effect of own-rainfall shocks and neighbor’s rainfall
shocks are statistically insignificant.

Next, we examine whether own and neighbor’s rainfall shocks lead to out migration
from the rural households in our sample. While the survey data we use do not measure
temporary migration in both THDS rounds, it does include each household’s income from
remittances. This allows us to use remittance values as proxies for the rate of out migration
from a household. These results are reported in column (6) of Table 7 where the dependent
variable is now the natural logarithm of each household’s remittance earnings per capita.
As with columns (4) and (5), we find that both the effect of own-rainfall shocks and neigh-
bor’s rainfall shocks on a household’s remittance earnings are statistically insignificant.
Taken together, the results in Table 7 suggest that the household-consumption effects we’ve
document thus far are not being driven by changes in the non-agricultural sector or due to
out-migration.

7 Additional Results
7.1 Results by Expenditure Type

Up to this point, our default measure of household welfare has been total consumption per
capita. We now examine the effect of own-district rainfall shocks as well as neighbor’s
rainfall shocks on various types of consumption expenditure. Our motivation for doing this
is to examine the impact of these rainfall shocks on particularly important types of expend-
iture such as food, schooling, and medical expenses. We begin in columns (1) and (2) of
Table 8 by decomposing total household consumption into food consumption and non-food
consumption respectively. In column (1), we use the natural logarithm of a household’s
total food expenditure per capita as the dependent variable. The coefficient of own-district

23 Note that an existing literature shows that own-district weather fluctuations in rural areas can lead to a
reallocation of economic activity from agriculture to non-agriculture (Santangelo 2016; Emerick 2018, Col-
mer, forthcoming). Thus, in principle, the impact of rainfall of non-agricultural income need not be zero.

24 The income data we use are as constructed by IHDS. They decomposed non-farm income into income
from household members who received monthly salaries and income from household members who
received daily wages. We define the former as non-farm salary while we treat the latter as non-farm wages.
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Table 7 Alternate mechanisms

Dependent variable (1) 2) 3) 4) 5) (6)
In (cons. per capita) In (nf salary) In (nf wages) In (remitt-ances)
Own rainfall shock 0.080***  0.038 -0.069 -0.023 0.101
(0.028) (0.034) (0.061) (0.079) (0.156)
Neighbor’s rainfall shock —0.540%%* —0.075 0.410 0.280 -1.471
(0.180) (0.162) (0.378) (0.322) (0.967)
Own rainfall X Non- 0.047
market
participant (0.047)
Own rainfall X Market 0.128%#%*
participant (0.045)
Neighbor’s rainfall x -0.591
Non-market
participant (0.377)
Neighbor’s rainfall X -1.010%*
Market
participant (0.399)
Market participant Yes No - - - -
Observations 14,576 14,581 28,856 8,092 16,979 4,142
R-squared 0.225 0216  0.764 0.127 0.092 0.335

The dependent variable in columns (1)—(3) is the natural logarithm of a household’s consumption per
capita. The dependent variable in column (4) is the natural logarithm of a household’s total non-farm sal-
ary income per capita while in column (5) it is the natural logarithm of a household’s non-farm wages per
capita. Lastly, the dependent variable in column (6) is a household’s total remittance earnings per capita.
The sample is column (1) is restricted to households that sold crops at the market in 2005 while in column
(2), the sample is restricted to households that did not sell at the market in 2005. The regressions in all
columns control for the number of children in a household, the household head’s age, age squared, whether
the household head is male, the average monthly temperature during the year, household fixed effects, year
fixed effects, and a constant that is not reported. All regressions incorporate sampling weights to ensure that
the sample reflects the population. Robust standard errors in parenthesis are clustered at the district-year
level in all columns. ***p < 0.01, **p < 0.05, *p < 0.1

rainfall shock is positive and statistically significant while the coefficient of neighbor’s
rainfall shock is negative and statistically significant.

In column (2), we use the natural logarithm of a household’s total non-food expenditure
per capita as the dependent variable. Non-food items include rent, expenditure on electric-
ity, telephone, entertainment and other miscellaneous items. Thus, compared to food, these
items are comparatively durable in nature. The coefficients in column (2) suggest that both
an own-district rainfall shock and a neighbor’s rainfall shock has a statistically insignificant
effect on rural household consumption. Taken together, the results in columns (1) and (2)
of Table 8 indicate that households respond to a neighbor’s rainfall shock by primarily
lowering expenditure on food items and not by lowering expenditure on the relatively more
durable, non-food items.

Next, we examine the impact of own and neighbor’s rainfall shocks on components
of consumption that may have long-term consequences. More precisely, in column (3) of
Table 8 we use the natural logarithm of a household’s total schooling expenditure over
the previous 365 days as the dependent variable. This is the only recall period for which
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Table 8 Spillover effects of rainfall—by expenditure type

Dependent variable (€)] 2) 3) 4)

In (expenditure per capita on)

Food Non-food Schooling Medical
Own rainfall shock 0.063*** 0.033 -0.019 0.085

(0.021) (0.039) (0.042) (0.058)
Neighbor’s rainfall shock -0.231%* 0.030 -0.377 0.197

(0.124) (0.186) (0.230) (0.307)
Constant 6.691%** 4.149%** 3.634%** 5.946%**

(0.373) (0.712) (0.928) (1.206)
Observations 53,769 53,568 33,007 40,728
R-squared 0.128 0.328 0.246 0.055

The dependent variable in column (1) is the natural logarithm of household expenditure per capita on food
items. Similarly, the dependent variables in column (2) to (4) are the the natural logarithm of household
expenditure per capita on non-food items, schooling, and medical purposes respectively. All regressions
controls for the number of children in a household, the household head’s age, age squared, whether the
household head is male, and the average monthly temperature during the year. All regressions also include
household fixed effects and year fixed effects and incorporate sampling weights to ensure that the sam-
ple reflects the population. Robust standard errors in parenthesis are clustered at the district-year level.
***p < 0.01, ¥*p < 0.05, *p < 0.1

these data are available. The impact of rainfall on schooling is both theoretically ambigu-
ous and empirically contested.”> Our results in column (3) suggest that both own-district
rainfall shocks and neighbor’s rainfall shocks have statistically insignificant effects on a
household’s expenditure on schooling.

Finally, in column (4) of Table 8, we explore the impact of rainfall shocks on a house-
hold’s medical expenses. This is an alternate channel through which these shocks may have
adverse long-term consequences. The dependent variables here is the natural logarithm
of a household’s total medical expenditure over the previous 365 days. The results in this
column suggest that both a positive own-district rainfall shock and a positive neighbor’s
rainfall shock have statistically insignificant effects on a household’s medical expenditure.
Thus, the results in Table 8 indicate that the rural households in our sample respond to a
neighbor’s rainfall shock by primarily reducing food expenditure. We find no such effect
on durable, non-food expenditure as well as on schooling and medical expenditures. These
results are consistent with the idea that a neighbor’s rainfall shocks mainly represent an
adverse shock to a household’s transitory income.

7.2 Alternate Rainfall and Consumption Measures

We next examine whether our main findings are robust to using alternate measures of rain-
fall and consumption. In column (1) of Table 9, we follow Jayachandran (2006) and con-
struct categorical measures of rainfall shocks. More precisely, for each district we create

25 See the discussion in Shah and Steinberg (2017) for further details on this literature.
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Table 9 Robustness checks

Dependent variable (1) 2) 3) “4) o) (6)
In (cons. per capita) Winsorized
In (copc) In (cons.)  In (copc)
Own positive shock 0.134%#5%%*
(0.030)
Neighbor’s positive shock — 0.727%**
(0.212)
Own rainfall shock 0.009 —0.003 0.083 %% 0.082%#%  (.,072%**
(0.015) (0.021) (0.023) (0.023) (0.024)
Neighbor’s shock (popu- —0.276%*
lation)
(0.125)
Neighbor’s rainfall shock —0.153%%  —(.372%%** —0.368%#*  _(.289%*
(0.071) (0.132) (0.122) (0.142)
Rainfall data ERA (default) UDEL ERA (default)
Household Controls Yes Yes Yes Yes Yes No
Observations 53,791 51,862 52,137 53,791 53,791 54,541
R-squared 0.250 0.245 0.252 0.252 0.122 0.175

The dependent variable in columns (1)—(3) and (6) is the natural logarithm of a household’s monthly per
capita consumption expenditure (copc). In column (4), the dependent variable is the natural logarithm of
a household’s monthly per capita consumption expenditure that has been Winsorized at the 1 percent and
99 percent levels respectively. Lastly, in column (5), the dependent variable is a household’s total monthly
consumption. Own positive shock is a binary variable that takes the value of one if a district received an
own rainfall shock above the 80th percentile. Similarly, neighbor’s positive shock is a binary variable that
takes the value of one if a district received a neighbor’s rainfall shock above the 80th percentile. Neighbor’s
shock (population) uses population-weighted distance as weights when constructing the neighbor’s rainfall
shock. The rainfall shocks in column (3) are constructed using the University of Delaware’s rainfall data.
All regressions control for the number of children in a household, the household head’s age, age squared,
whether the household head is male, the average monthly temperature during the year, household fixed
effects, year fixed effects, and a constant that is not reported. All regressions also incorporate sampling
weights to ensure that the sample reflects the population. The standard errors in parenthesis in all columns
are robust and clustered at the district-year level. ***p < 0.01, **p < 0.05, *p < 0.1

an own positive shock variable that takes the value of one if a district’s annual monsoon
rainfall is above the 80th percentile of that district’s monsoon rainfall over the period 1979
to 2015. All other districts have a value of zero. Similarly, for each district, we construct a
neighbor’s positive shock measure that replaces R;:’ in Eq. (6) with this categorical version.

In contrast to our default measure, these categorical measures do not use the full rain-
fall data and instead focus on extreme positive shocks (i.e. above the 80th percentile).
Thus, we do not treat them symmetrically to our default baseline. Nonetheless, it is useful
to check whether our core results are robust to this alternative way of capturing rainfall
shocks. Indeed, the results in column (1) of Table 9 show that households in districts that
received greater than 80th percentile own rainfall experience an increase in consumption.
These results also show that households in districts that received greater than 80th per-
centile neighbor’s rainfall experience a decrease in consumption. Both of these results are
consistent with our baseline findings in Table 3.
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In column (2), we use an alternate definition of neighbor’s rainfall that takes into
account the market size of neighboring districts. More precisely, we define

POP;
NP _ J 0
Ry = Z <_ XRjt)’

j2d \ Pdi

where the weight now depends on both the other district j’s population, POP;, as well as
the distance between d and j, codj.26 The benefit of using this alternate definition is that it
allows a neighbor’s market size to influence how a rainfall shock there will impact regional
prices and household consumption in d. As the results in column (2) demonstrate, the spa-
tial spillover effect of neighboring rainfall remains robust to using this alternate definition.

In constructing our baseline sample, we used rainfall data from the ERA-Interim Rea-
nalysis Archive. These re-analysis data combine ground-station and satellite data with
results from global climate change models to create a consistent measure of rainfall across
time and space. In contrast, alternate sources such as the University of Delaware’s (UDEL)
terrestrial precipitation data tends to rely more heavily on ground station data. This has
the disadvantage that ground stations, especially in developing countries, are not uniformly
distributed across space. Further, as Colmer (forthcoming) points out, the quality of ground
stations in India has deteriorated over time. Nonetheless, for the sake of completeness, we
examine the robustness of our findings to the use of the alternate UDEL data. We report
the results from this robustness check in column (3) of Table 9. As the results demonstrate,
the coefficient of the neighbor’s rainfall shock remains negative and statistically significant.
While the own-rainfall effect is not robust, these alternate data yield a neighbor’s rainfall
shock effect that is fully consistent with our baseline findings.

We next turn to whether our results are robust to our choice of dependent variable.
Recall that our default dependent variable is the natural logarithm of a household’s con-
sumption per capita. We used this variable as provided by IHDS without excluding outli-
ers. To examine whether our core results are driven by such outliers, we winsorize the con-
sumption data at the 1 percent and 99 percent levels. The results in column (4) of Table 9
suggest that these potential outliers do not drive our results. Even after winsorizing the
consumption data, our coefficient of interest remains highly robust with magnitudes that
are similar to the baseline results in Table 3.

In column (5) of Table 9, we consider the effect of rainfall shocks on total household
consumption rather than on consumption per capita. That is, we multiply our default meas-
ure of consumption per capita with a household’s size to obtain each household’s total con-
sumption. We do so to account for the fact that our default consumption per capita meas-
ure captures both the effect of rainfall on consumption as well as its effect on household
size. In Table 7, we showed the rainfall shocks do not have any effect on a household’s
remittance income. Thus, we do not believe that the effect of rainfall shocks on household
size due to migration is a meaningful confounding effect. To verify this, we use as the
dependent variable the natural logarithm of a household’s total consumption in column (5)

26 To calculate RQ’IP , we use j’s population from the initial round of the IHDS. This means that the popula-
tion we use is time invariant. Note that the population data are at the district level, where each district is
classified as either being rural or urban. In other words, we do not observe the size of the rural population
and urban population separately in each district. This prevents us from using each district’s rural population
only to construct RZVIP .
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of Table 9. As the results confirm, the effect of both own and neighbor’s rainfall shocks are
very similar to the baseline.

Lastly, in column (6), we estimate a version of our baseline specification without any
household controls. Recall that our baseline specification includes a household head’s age,
age squared, whether the household head is male, and the number of children. Of particular
concern is the possibility that some our control variables are correlated with rainfall and
can therefore bias our coefficients of interest. However, as the results in column (6) dem-
onstrate, our coefficients of interest remain highly robust to excluding all control variables
from our sample.

8 Conclusion

In this paper, we showed that greater rainfall can have adverse spatial spillover effects on
rural households. Central to this new conclusion was our focus on estimating the effect of
both own-district rainfall and rainfall in neighboring districts on rural household consump-
tion. In theory, the welfare effect of such spatial spillovers is ambiguous. To see this, con-
sider a farmer that receives greater yield due to greater rainfall in his own district. To the
extent that rainfall spans multiple districts, there will also be greater rainfall in neighboring
districts, which will result in a positive supply shock. All else equal, this will drive down
the regional price of agricultural crops. This reduction in price can create both welfare
gains and losses for a farming household. As consumers, such a household gains from the
lower prices. As producers, however, the lower prices result in lower farm income, given
price inelastic demand. Thus, when we consider both own-district rainfall as well as neigh-
boring-district’s rainfall, the overall effect of rainfall on household welfare is ambiguous.

To explore this spillover effect empirically, we used household-level, panel data from
India along with high-resolution meteorological data to examine whether rural household
consumption depends on rainfall shocks in its own district as well as rainfall shocks in
neighboring districts. Our identification strategy incorporated household fixed effects,
which allowed us to purge the effect of any unobserved, time-invariant household and dis-
trict characteristics. Thus, our results were identified from within-district variation in own
rainfall and neighbor’s rainfall from its long-term average. These deviations are orthogonal
to unobserved determinants of rural household consumption and allow us to identify the
causal effects of rainfall shocks.

Our results indicated that both own-district rainfall shocks and neighbor’s rainfall
shocks have a statistically and economically significant effect on rural household con-
sumption. Indeed, we found that accounting for the spatial spillover effect resulted in a 38
percent decrease in the consumption benefits of an increase in own-district rainfall. These
results suggest that one must account for spatial spillover effects to correctly estimate the
welfare effects of own-district rainfall shocks. While this adds important nuance to our
understanding of the effects of rainfall shocks, the lack of appropriate data meant that we
were unable to examine the adaptation strategies adopted by the households in our sample.
Exploring these adaptation strategies is a fruitful avenue for future research.
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Appendix A: Additional Tables

See Table 10.

Table 10 Summary statistics by
survey year

@ Springer

Survey year (1 2 3)
2005 2012 Both
Panel A: household characteristics
Household consumption per capita ~ 691.3 961.5 824.0
(632.8) (1016.2)  (853.8)
Indicator for households in poverty — 0.237 0.202 0.220
(0.425) (0.401) (0.414)
Number of household members 5.974 4.872 5.433
(3.093) (2.385) (2.822)
Number of children 2.030 1.492 1.766
(1.826) (1.507) (1.699)
Male household head 0911 0.856 0.884
(0.285) (0.351) (0.320)
Household head’s age 48.19 49.23 48.70
(1327)  (13.97)  (13.63)
Panel B: weatherl
Total rainfall (in metres) 0.106 0.151 0.128
(0.0759) (0.0781)  (0.0802)
Own rainfall shock -0.397 0.741 0.158
(0.503) (0.831) (0.889)
Neighbor’s rainfall shock -0393  0.707 0.143
(0.133) (0.197) (0.575)
Daily average temperature 25.82 25.32 25.57
(2.546)  (2.511)  (2.541)

In panel A, we report summary statistics for various household indica-
tors. In panel B, we report the summary statistics for various rainfall
shock measures and average monthly temperature. Household con-
sumption per capita is reported in constant 2005 Indian rupees. 1 U.S.
dollar was approximately equal to 43.5 Indian rupees in 2005. Total
rainfall is reported in meters. Note that the numbers reported above
incorporate sampling weights to ensure that they reflect population

averages
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