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Abstract

Global climate change is expected to increase global mean surface temperature,
precipitation variation, and lead to more frequent and intense natural disasters.
The adverse consequences of these climatic events are likely to borne dispro-
portionately by developing countries. This thesis quantifies the causal effects
of changing climatic conditions in developing countries and identifies the chan-
nels through which the economy is affected.

In Chapter 2, I examine the direct and indirect consequences of floods on man-
ufacturing establishments. I construct a unique panel dataset of flood inunda-
tions in India using high-precision satellite images that I match with formal and
informal sector establishment-level data. I document significant heterogeneity
in vulnerability and resilience to floods within the formal manufacturing sector.
The least-productive formal establishments shut down after floods but there is
no labor reallocation to more productive establishments. Instead, I find evi-
dence of labor reallocation to informal household-run microenterprises. Given
that informal firms are far less productive than formal ones, this flood-induced
reallocation will result in a reduction in aggregate productivity. Indeed, I find
that a 10% increase in the incidence of flooding leads to a 17.3% reduction in
aggregate productivity in the manufacturing sector.

In Chapter 3, I explore how high temperatures affect the output and productiv-
ity of informal household-run microenterprises. I use detailed production data
on informal manufacturing microenterprises in India and combine them with
exogenous year-to-year variations in the annual distribution of daily tempera-
tures. I show that an increase in the number of hot days significantly reduces
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output produced by informal microenterprises by reducing worker productiv-
ity and working hours. These negative effects are mainly on the worst-off en-
terprises that have low capital and electricity intensity. Using household-level
data, I also that the negative impact of high temperatures on microenterprises
leads to a reduction in the welfare of households working in the informal econ-
omy by reducing their consumption. These findings suggest that without adap-
tation measures, temperature-driven productivity shocks can undermine hard-
fought poverty reduction in developing countries.

In Chapter 4, we explore the spillover effects of extreme rainfall on the con-
sumption expenditure of rural agricultural households in India. We exploit
exogenous variation in rainfall variability in own-district and neighboring dis-
tricts and combine those with household-level panel data. We show that while
greater own-district rainfall raises rural household consumption, greater rain-
fall in neighboring districts has a negative effect on consumption. We docu-
ment that these negative effects are mainly on rural agricultural households as
the reduction in crop prices is the main channel for the spatial spillover effect
of rainfall from neighboring districts. Thus, our findings suggest that climate
change adaptation policies to protect farmers should also consider the spillover
effect of greater rainfall.
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Chapter 1

Introduction

This thesis contributes to our understanding of the economic consequences of
climate change in developing countries. Climate change is not only expected
to increase global mean surface temperature and precipitation variation but
is also projected to increase the frequency and severity of flooding (Pachauri
et al., 2015). In recent years, methodological advances combined with increas-
ing access to computing power and climate data have improved our ability to
establish causal relationships between climate systems and socio-economic out-
comes. This thesis is composed of three papers where I follow recent advances
in the climatological literature and use high-dimensional remote sensing data
to identify the causal effects of weather events on economic agents in devel-
oping countries. As the greatest damages caused by extreme weather events
and natural disasters are projected to occur in developing countries (Handmer
et al., 2012), understanding the effects of these events is of first-order impor-
tance. A careful understanding of the vulnerability and resilience of economic
agents to extreme events is essential for the effective design and implementa-
tion of adaptation and mitigation policies in developing countries. This is an
important research agenda to minimize the current social cost of climate events
and to promote sustainable economic development.

Within developing countries, low-income households can be disproportion-
ately affected by changing climate as they work in more weather-sensitive sec-
tors and have limited access to adaptive capacities (Hallegatte et al., 2015). A
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large share of the labor force in developing countries is in the informal sector,
particularly in household-run microenterprises, which provide livelihoods for
the poor but are extremely unproductive.1 The extreme persistence of the low-
productive informal sector is one of the hindrances of sustainable development
(Ghani et al., 2013). In the first two chapters of my thesis, I investigate the in-
terrelationship between the challenges of climate change and the persistence
of the informal economy. Agriculture is another important sector which plays
a central role in the livelihoods of poor people in developing countries. In the
third paper of my thesis, I analyze how spatial spillover of extreme rainfall from
neighboring districts can affect the welfare of rural agricultural households.

In Chapter 2, I examine the direct consequences of floods on manufacturing
establishments in India as well as indirect effects on the entire manufacturing
sector through the sectoral reallocation of labor. Climate change is projected
to increase the frequency and severity of flooding. In this paper, I show that
recurrent flooding is a significant challenge faced by businesses in developing
countries. I construct a unique panel dataset of flood inundations in India us-
ing high-precision satellite images. I then match this floodmap with formal
and informal sector establishment-level data. I show that floods cause a signif-
icant reduction in output, capital, and employment in formal establishments.
There is no evidence of the net sorting of more-productive establishments to
least flood-prone areas. Rather, I find the concentration of economic activities
in the flood-prone region which can be explained by the advantage of trading
opportunities and amenity values offered by the river networks.

I document significant heterogeneity in vulnerability and resilience to floods
within the formal manufacturing sector. The least-productive formal estab-
lishments are the most vulnerable to floods: a 10 percent increase in flood
exposure leads to a 0.6 percentage point increased probability of exit among
low-productivity firms. I do not observe any associated labor reallocation to
more productive establishments, which would be consistent with the creative
destruction hypothesis. Rather, I find evidence of labor reallocation to informal

1See Banerjee and Duflo (2007), McCaig and Pavcnik (2018), Tybout (2000), La Porta and
Shleifer (2014) for evidence of high rates of informal employment in developing countries.
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household-run microenterprises. Because of the large labor productivity gap
across formal and informal sectors, I show that a 10 percent increase in the in-
cidence of flooding causes a 17.3 percent reduction in aggregate productivity
in the manufacturing sector. Collectively, these results suggest that recurrent
natural disasters can partly explain the high share of informal microenterprises
in developing countries.

In Chapter 3, I explore how high temperatures affect the output and produc-
tivity of informal household-run microenterprises. High temperatures are pro-
jected to increase globally as heat waves will occur with a higher frequency and
longer duration. Informal household-run microenterprises are more vulnerable
to high temperatures as they are associated with poor working conditions, type
of work that is labor-intensive, and are unable to afford climate control technol-
ogy. In this chapter, I use detailed production data on informal manufacturing
microenterprises in India and combine them with exogenous year-to-year vari-
ations in the annual distribution of daily temperatures to estimate the effects of
hot weather on microenterprises. I find that a 10-day increase in the number
of hot days above 31 degrees Celsius causes a 5 percent reduction in output
produced by informal microenterprises. This reduction in output is primarily
driven by a reduction in worker productivity and working hours. This effect is
borne by those who are worst-off among those enterprises, i.e. with low-levels
of capital and electricity intensity. Using household-survey data, I also find the
negative impact of high temperatures on microenterprises translates to a reduc-
tion in the welfare of households working in the informal economy by reduc-
ing their consumption expenditure. As households in the informal sector are
mainly working-poor, if adaptation measures are not taken, these temperature-
driven productivity shocks can undermine hard-fought poverty reduction in
developing countries.

Chapter 4 is joint work with one of my supervisors, Dr. Reshad Ahsan. In this
paper, we explore the spillover effects of extreme rainfall on the consumption
expenditure of rural agricultural households in India. The existing literature
generally finds that increases in rainfall either have no effects or raises agri-
cultural profits in developing countries. In our paper, we exploit exogenous
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variation in rainfall variability in own-district and neighboring districts and
combine those with household-level panel data. We show that the average ef-
fects mask the fact that greater rainfall creates both winners and losers. We
document that greater own-district rainfall raises rural household consump-
tion whereas greater rainfall in neighboring districts has a negative effect on
consumption. We find that this negative effect only holds for households that
report agriculture as their main income source. We provide supporting evi-
dence that higher rainfall in neighboring districts is a positive supply shock in
crops that causes a significant reduction in crop prices. This is the main mech-
anism identified in our paper through which rural agricultural households can
be adversely affected by higher rainfall. Our findings suggest that farmers who
face moderate-to-low rainfall in their own district and high rainfall in neigh-
boring districts may, in fact, be worse off due to greater rain. Thus, it implies
that climate change adaptation policies should also consider the spillover effect
of greater rainfall.

In all three papers, I seek to improve our quantitative understanding of the
causal effects of climatic conditions along with identifying specific channels
and mechanisms through which the economy is affected. My results reveal
that climatic condition is a major factor with first-order consequences in devel-
oping countries. My findings provide supporting evidence that global climate
change is not only negatively affecting developing countries but also dispropor-
tionately affecting income-generating activities of the poorer segments within
these countries. Thus, this research provides new insights into how extreme
weather events and natural disasters affect human well-being and productivity
in todays developing world and provide explicit mechanisms through which
future climatic events can increase the ongoing costs in these countries.
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Chapter 2

Creative Destruction or Just
Destruction? Effects of Floods on
Manufacturing Establishments in
India

2.1 Introduction

The manufacturing sector plays a crucial role in the process of development
and employment generation in low-income countries. One of the major chal-
lenges faced by industries in developing countries is more frequent and in-
tense natural disasters which are expected to increase because of climate change
(Field, 2014). Natural disasters perturb the functioning of the economic sys-
tem and negatively affect assets, output, and employment (Hallegatte, 2015).
These negative consequences can be moderated through the sectoral realloca-
tion of workers. However, the aggregate effect on the economy depends cru-
cially on whether labor is reallocated to more productive or less productive
sectors. Given the existence of large, low-productivity informal economies in
developing countries, understanding the effects of disasters on sectoral labor
reallocation is of first-order importance for estimating the full costs of natural
disasters.
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In this paper, I document the direct negative effects of floods and indirect effects

through sectoral labor reallocation within the manufacturing sector in India.

Floods are among the costliest and most repeated natural disasters (Michaels

et al., 2019).2 I provide evidence that more intense floods cause significant re-

duction in output, capital and employment in formal manufacturing establish-

ments. I also show that floods cause a reallocation of workers from formal es-

tablishments to low-productive informal household-run microenterprises and

thus reduce aggregate manufacturing productivity.3

The costs of floods to industries include both direct and indirect losses (Cochrane,

2004; Hallegatte, 2014; Hallegatte et al., 2007). Floods can interrupt business ac-

tivities and destroy the stock of productive capital and infrastructure system.

These can reduce output and employment that are part of the direct losses of

the businesses due to floods (Hallegatte, 2015). There could also be some in-

direct consequences of floods to the manufacturing sector through the sectoral

reallocation of workers. This reallocation can increase or decrease aggregate

productivity depending on whether labor is reallocated to higher productivity

or lower productivity firms. In developing countries, resources are misallo-

cated across sectors due to many institutions and policies (Hsieh and Klenow,

2009; Restuccia and Rogerson, 2017). If floods work as an external shock and

force the least productive plants to exit from the formal sector, there could be

a Melitz (2003) style positive productivity effect if labor reallocated to more-

productive plants.4 This can be termed as the creative destruction effects of

disasters. On the other hand, there is another possibility of labor reallocation to

informal household businesses as a survival strategy of displaced workers from

the formal sector. Because of the low productivity of informal microenterprises,

2During 1995-2015, floods accounted for 43% of all recorded natural disasters. 2.3 billion
people were directly affected and total losses exceeded USD 662 billion (UNISDR et al., 2015).
The total economic losses due to floods are expected to increase by 17% globally in the next 20
years (Willner et al., 2018).

3See Tybout (2000), Nataraj (2011), La Porta and Shleifer (2014), and McCaig and Pavcnik
(2018) for a discussion of high rates of informal employment and low productivity of informal
enterprises in developing countries.

4The Melitz (2003) model shows how trade liberalization forces the least productive firms to
exit and causes labor reallocation towards more productive firms. This reallocation contributes
to productivity gain by increasing aggregate industry productivity.
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this reallocation could decrease the aggregate productivity of the manufactur-
ing sector.

In this paper, I explore the above mechanisms and document heterogeneity in
vulnerability and resilience to floods among the manufacturing establishments.
I focus on India as it is one of the most vulnerable countries to flooding risk
where 40 million hectares out of a total area of 329 million hectares is flood-
prone (NDMA, 2008). India also has rich datasets on both formal plants and in-
formal microenterprises. In India, the unorganized or informal sector accounts
for more than 81% of the manufacturing employment but only 20% share of
output (Ghani et al., 2013). Thus to understand the full effect on the manu-
facturing sector it is important to include informal enterprises. To construct a
measure of exposure to floods, I use satellite images and frontier techniques in
the climatological literature to create a database of detailed flood inundations.
I then merge these data with formal manufacturing establishment-level panel
data and repeated cross-section data on informal household-run microenter-
prises.

At first, I document a significant negative impact of floods on output, capital,
and employment of formal establishments. A 10% increase in inundation expo-
sure causes a 1.3% reduction in capital, 0.94% reduction in output, and 0.66%
reduction in employment among formal establishments. I also show that the
least-productive formal plants are most vulnerable and close down their busi-
ness after floods. Though more productive plants survive, there is no evidence
of Melitz (2003) style labor reallocation to more productive plants. Thus my
findings do not support the creative destruction hypothesis.

I then test for whether there is any reallocation of workers to the informal
household businesses. I find evidence of an increase in labor employment in
the informal sector. A 10% increase in inundation exposure causes around 60%
increase in labor employment in informal microenterprises. My findings are
in line with the view that moving to the informal sector is a survival strategy
for workers who cannot find a job in the formal market (La Porta and Shleifer,
2014; Tybout, 2000). These results highlight that, to analyze the full impact of
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disasters on sectoral labor reallocation, it is important to include microenter-

prises operating in the unorganized or informal sector.

After examining the effect of floods on worker reallocation from formal to the

informal manufacturing sector, I analyze the potential loss in aggregate produc-

tivity due to this movement to the low-productive sector. The estimates of the

labor productivity gap between the formal and the informal sector are crucial to

estimate the aggregate labor productivity loss due to this reallocation. I follow

the approach of McCaig and Pavcnik (2018) to calculate the labor productivity

gap between these sectors. By using the average revenue product of labor, I

find that the formal sector is 17 times more productive than the informal manu-

facturing sector. Due to this large productivity gap, any reallocation of workers

from the formal to the informal sector will cause a huge reduction in aggregate

productivity in the manufacturing sector. By aggregating the employment in

the formal and informal sector at the district-level, I find that a 10% increase in

flood inundation translates into a 3.75% worker reallocation from formal to the

informal sector. This reallocation of workers due to floods reduces aggregate

labor productivity within the manufacturing sector by 17.3%. My findings pro-

vide evidence that recurrent natural disasters affect the manufacturing sector

in both direct and indirect ways and significantly hinder the aggregate produc-

tivity of this sector in developing countries.

Related Literaure This paper contributes to the literature that identifies the im-

pact of natural disasters on manufacturing plants. In a recent study, Hsu et al.

(2018) find that natural disasters significantly reduce the return on assets of the

U.S. public firms, which can be mitigated by technology diversification. Using

flood data for four European countries, Leiter et al. (2009) find that firms in

regions hit by a flood on average experience higher growth in total assets and

employment compared to unaffected firms. Coelli and Manasse (2014) find that

after the 2010 flood in Italy, the value-added growth of the affected firms is 6.9%

higher than the unaffected firms due to the contribution of the government aid

in the recovery phase. Cole et al. (2013) use a plant-specific damage measure of

the 1995 Kobe earthquake in Japan and find that a significant negative relation
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between damage and firm survival. These studies examine the impact of dis-
asters in developed countries. Establishments in developing countries are dif-
ferent than developed countries because of resource misallocation (Hsieh and
Klenow, 2009) and inadequate access to infrastructure, skilled labor, and the
existence of large, low-productive informal economy (Tybout, 2000). My paper
contributes to this literature by identifying that natural disasters cause labor re-
allocation from the formal to the informal sector in a low-income country and
estimating the cost of this reallocation on aggregate productivity of the manu-
facturing sector.

My study also contributes to the burgeoning literature that examines the im-
pact of one of the consequences of climate change: an increase in temperature
on manufacturing productivity and sectoral labor reallocation. Colmer (2016)
uses temperature-driven agricultural productivity shocks in India and find that
reduction in agricultural labor demand cause labor reallocation from the agri-
cultural to the formal manufacturing sector. Somanathan et al. (2015) find that
hot days reduce worker productivity and output in manufacturing plants in In-
dia. Climate change is not only projected to increase the global mean surface
temperature but also expected to cause more intense natural disasters (Field,
2014; Guiteras et al., 2015). My paper contributes to this literature by exam-
ining the effects of floods on manufacturing output, employment, and sectoral
reallocation of workers. My paper also relates to the literature that examines the
effect of trade shocks on sectoral labor reallocation. In a recent study, McCaig
and Pavcnik (2018) find that a positive export shock causes labor reallocation
from informal to formal sector in Vietnam. In my paper, I document the effect
of a negative shock on labor reallocation from the formal manufacturing to the
low-productive informal sector which reduces the overall productivity of the
manufacturing sector.

There is a large literature that identifies the economic impact of natural disas-
ters. Previous empirical studies mainly focus on the macroeconomic impact
by examining country-level economic losses (Kahn, 2005; Strobl, 2012). These
studies are inconclusive about the effects of disasters on the aggregate economy.
Some studies find creative destruction effect at the aggregate level (Okuyama,

9



2003; Skidmore and Toya, 2002) whereas other studies find the long-term nega-
tive effect of disasters (Hsiang and Jina, 2014). In my paper, I analyze the effects
of floods on the entire manufacturing sector that can be one of the channels
through which the aggregate outcome is affected. Micro-level studies are con-
fined into the shock effects on households income and expenditure and their
shock coping mechanisms (i.e. Dercon (2002); Townsend (1995); Jacoby and
Skoufias (1998), Kazianga and Udry (2006); Anttila-Hughes and Hsiang (2013);
Gröger and Zylberberg (2016)). My paper contributes to this literature where I
investigate the labor market effects of floods which helps us to document one
of the mechanisms through which households are affected by disasters and un-
derstand the vulnerability and resilience of the enterprises in the aftermath of
disasters.

The rest of the paper is structured as follows. Section 2.2 presents a brief back-
ground of floods in India and how the manufacturing sector can be affected by
floods. Section 2.3 explains the various sources of data and the construction
of key variables. Section 2.4 discusses identification issues. Section 2.5 explains
the results of the formal sector and explain some possible mechanisms. Sections
2.6 presents the labor reallocation effect of floods within-formal and across the
formal and informal manufacturing sector. Section 2.7 discusses how labor re-
allocation affects aggregate productivity of the manufacturing sector. Section
2.8 include some additional results and section 2.9 concludes.

2.2 Background

2.2.1 Floods in India

India is one of the most flood-prone countries in the world- 40 million hectares
out of a total area of 329 million hectares is flood-prone. In India, floods have
been a recurrent phenomenon that causes huge losses to live, properties, in-
frastructure, and public utilities. Sudden flash floods typically occur in moun-
tainous areas which are shorter in duration but the high velocities cause much
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damage and loss of life. The major causes of floods in India are inadequate

carrying capacity of river banks, riverbank erosion and silting river beds (Jain

et al., 2007; Kumar et al., 2005). During the monsoon months (June to Septem-

ber), eighty percent of the precipitation takes place in India and the river basins.

This heavy rainfall coupled with an insufficient carrying capacity of the rivers

causes flooding. In recent years, floods happened in areas that were not con-

sidered flood-prone before. The origin of some of the rivers causing damage in

India are in neighboring countries which is another difficult aspect of the prob-

lem (NDMA, 2008).

In this paper, I measure flood intensity using 8-day composite data which is

more likely to capture the impacts of riverine flooding rather than short-duration

flash floods. According to the National Disaster Management Authority (2008),

to study the river flood hazard, India can be broadly divided into four regions.

The Brahmaputra river region is severely flooded quite frequently. This region

consists of the rivers the Brahmaputra and Barak and their tributaries and cov-

ers mainly the North-Eastern states namely Assam, Meghalaya, Mizoram, Ma-

nipur, Arunachal Pradesh, Tripura, Nagaland, Sikkim. This region also covers

the northern parts of West Bengal. The Ganga river region has several tributaries

including the Yamuna, Sone, Kosi, and Mahananda and covers eleven states in

India. This region covers four northern states: Uttarakhand, Uttar Pradesh, Hi-

machal Pradesh, and Delhi; two northeastern states: Jharkhand and Bihar; two

northwestern states: Punjab and Rajasthan. This region also covers south and

central parts of West Bengal, parts of Haryana and Madhya Pradesh. In this

region historically flooding problem is serious in the states of Uttar Pradesh,

Bihar, and West Bengal. However, in recent years, some districts in Rajasthan

and Madhya Pradesh also frequently experience heavy flooding events. The
north-west river region has several tributaries of the river Indus. This region cov-

ers the northern states Jammu and Kashmir and Punjab. It also covers parts

of Rajasthan, Himachal Pradesh, and Haryana. The Central India and Deccan re-
gion cover central, west, and south India. The states of Andhra Pradesh, Orissa,

Tamil Nadu, Kerala, Maharashtra, Karnataka, Gujarat, and parts of Madhya

Pradesh are covered by this region. In Orissa, the deltaic area formed by the

Mahanadi, Baitarni and Brahmani rivers overflows their banks which causes
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regular floods in that region. In recent years, Kerala, Maharashtra, and Gujarat
have also experience incidences of severe floods.

2.2.2 Disruption in Manufacturing Activities

Natural disasters work as external shocks on manufacturing establishments
physical assets and outputs which can affect their labor employment. For in-
stance, disasters like floods can disrupt production by damaging physical assets
including buildings, machinery, or inventories of the plants which can cause a
reduction in output produced by them. There could also be an indirect effect on
establishments via damages to infrastructure networks (i.e. roads, telecommu-
nications, and electricity) or interruption in sales networks and supply chains
(Carvalho et al., 2016; Hallegatte, 2014). These negative impacts can reduce the
labor demand by establishments which will cause a reduction in their labor em-
ployment and the earnings of workers in the affected sector. In the aftermath
of shocks movement of labor across regions is sluggish or incomplete (Giroud
and Mueller, 2017). Thus, there is a possibility of within-sector or across sec-
tor reallocation of workers if the less affected sectors absorb unemployed labor
from more affected sectors.

This reallocation of workers depends on the relative vulnerability and resilience
of each sector to natural disasters. As mentioned earlier, one of the distinc-
tive features of the manufacturing sector in developing countries is that a large
number of small enterprises and a handful of large-scale factories operate side
by side (Allen et al., 2018; La Porta and Shleifer, 2014; Rauch, 1991; Tybout,
2000). Natural disasters can affect both sectors in developing countries as the in-
surance market is incomplete and there is an inadequacy of financial resources.
Formal manufacturing establishments rely more on capital and infrastructure
for their production process which makes them more susceptible to damages
caused by natural disasters. If this disruption forces unproductive firms to exit,
then there is a possibility labor reallocation to more productive formal firms
which can be the creative destruction effect of disasters. On the other hand, the
informal sector can be more vulnerable because of their limited access to formal
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financial resources. However, labor-intensive nature, lower dependency on the

infrastructure system due to reliance on indigenous resources and supplier of

commodities to the local economy, informal establishments have more flexibil-

ity which enables their faster recovery in the aftermath of disasters. One of the

leading views for the existence of informal firms as a survival strategy for work-

ers who are unable to find a job in the formal sector.5 If workers are displaced

from the formal sector after disasters and move to the low-productive informal

sector for survival, then this reallocation can have negative implications on the

overall productivity of the manufacturing sector.

2.3 Data

2.3.1 Flood Data

I use satellite images to obtain the measure of flood intensity. Recent studies

document that rainfall and self-reported exposures are weak proxies to mea-

sure true flood intensity (Guiteras et al., 2015; Hsiang, 2016). That’s why I use

recent advances in climate measure and follow the remote sensing literature

to detect surface flooding using satellite imagery. I proceed in the following

way. At first, I collect the satellite images of India from the Moderate Reso-

lution Imaging Spectroradiometer (MODIS) instruments operated by NASA. I

obtain the data from the Terra satellite which was launched in December 1999.

In satellite images, cloud cover can restrict the detection of surface properties.

For that reason, data are processed into cloud-free composites of the 8-day pe-

riod. These composite products provide the best surface spectral-reflectance

data. For that reason, I use 8-day composite data for my analysis. As monsoon

is the main flooding season in India, I analyze floods during the period of May-

5There are three views of the existence of informal firms: high entry regulation in the formal
sector; the possibility of earning higher profits due to the cost advantages of not complying with
taxes and regulations; and survival strategy for low-skill workers who cannot find a job in the
formal sector (La Porta and Shleifer, 2014). Using Brazilian data, Ulyssea (2018) finds that 49%
of informal firms support the view that informality is a survival strategy of low-skill workers.
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October each year for the years of 2000-2007.6

To detect flood from satellite images, I follow an algorithm proposed by Sakamoto

et al. (2007) which is further developed by Amarnath et al. (2012) for the Indian

context.7 The main idea behind this method is to construct two indices that

reflect surface water and surface vegetation. If the value of the surface water

index surpasses the greenness index, we can say there is evidence overlying

surface water. The composite data is available for 500m × 500m resolution.

Following the algorithm in figure 2.1, I identify whether a pixel is flooded or

not. Then I overlay the pixels on district boundaries and compute flood inten-

sity as the district-level. To capture the effect of duration of flooding, each pixel

is weighted by the number of days it is flooded in a given year. Thus the flood

intensity is measured as the proportion of pixel days the surface area of a dis-

trict affected by floods in a given year.8 As I measure flood extent using 8-day

composite data, it better captures rural floods rather than short-duration flash

floods in urban areas. That’s why I confine my analysis to rural areas.

Figure 2.2 shows one satellite image with false-color composites for a part of

Northwest India on July 28, 2005 (left panel). In the false-color image pair, wa-

ter is dark blue, vegetation is bright green and clouds are light blues. The top

image shows the presence of flood water which is not present in the image of

the dry season (right image is taken on March 26, 2005). Figure 2.3 represents

the susceptibility of floods in Indian districts during the data period of 2000-

2007. I calculate the average intensity of flood at the district level for the whole

sample period and divide the districts into three groups according to the sever-

ity: low flood, moderate flood, and severe flood-prone region.

6As Terra satellite was launched in December 1999, I have no satellite images of floods
before that period. Thats why I begin my analysis from the year 2000.

7Guiteras et al. (2015) and Gröger and Zylberberg (2016) also utilize the same algorithm to
identify flood pixels for Bangladesh and Vietnam, respectively.

8In the appendix, I explain the satellite data cleaning process in detail.
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2.3.2 Establishment Data

I use establishment-level data for both formal and informal manufacturing sec-
tor. In India, under the Factories Act 1948, all manufacturing establishments
with more than 10 workers that use electricity or 20 workers that do not use
electricity are required to register. Establishments below these employment
thresholds are not required to register under the act. They are often referred
to as unorganized or informal firms.

For formal establishments, I use the Annual Survey of Industries (ASI) data
which is the most comprehensive panel available for the registered manufac-
turing establishments in India. For the current analysis, I use the ASI data for
the period of 2000-01 through 2007-08.9 The ASI data is a representative sample
of registered manufacturing factories in India. I can follow the same factories
across years by using the panel identifiers. The unit of observation in the ASI
data is an establishment (reported as a factory in the dataset).10 Establishments
are identifiable at the district-area level, with 500 unique districts and within
each district in both urban and rural areas. I focus on rural enterprises for my
analysis as the 8-day composite flood data reflect rural floods.11 The ASI cross-
sectional data have the district identifiers but the panel data does not contain
those identifiers. I follow Martin et al. (2017) who integrate district identifiers
into the ASI panel by merging both cross-section and panel ASI datasets.

For informal firms, I use the survey of unorganized manufacturing, conducted
by the National Sample Survey Organisation (NSSO) of India. The coverage
of the survey includes all manufacturing enterprises not registered under the
Factories Act, 1948. This survey is conducted every five years. To match with

9The ASI uses accounting year, which runs from April of a given year through March of
the following year. For example, the reference year of ASI 2004-05 is from April 1, 2004-March
31, 2005. The actual survey is conducted in 2005-06. So, I merged flood data in 2004 to the ASI
2004-05 data.

10Though it is possible to own multiple establishments by a single owner and report joint
return, less than 5% of my sample report joint return. Thus, my analysis is at the plant or
establishment level.

11There is a significant manufacturing activity in rural areas in India. In my sample around
43% of firms and workers are located in rural areas.
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the ASI data periods, I use the information from the rounds 56 (2000-01) and 62
(2005-06).

Though establishments with fewer than 10 employees are not required to regis-
ter under the Factories Act, still around 20% of the establishments in each year
report fewer than 10 employees. I retain those firms in my data as this could
happen because some firms may temporarily reduce employment or choose to
register to signal the creditors (Nataraj, 2011). Similarly, establishments with
more than 20 employees should not appear in the NSSO survey. But around 1%
enterprises in the NSSO survey report employing more than 20 workers. I ex-
clude those from the analysis but including those enterprises do not change the
informal sector results. To construct results that are representative of the pop-
ulation, throughout the empirical analysis I use the sampling weight provided
in both datasets. Across the years, the Government of India has split districts
and regions into smaller units. Industry classification also changed across the
years (from NIC 1998 to NIC 2004). To keep the geographic identifiers and in-
dustry classifications consistent across years, I follow the industry and district
concordance table provided by Martin et al. (2017).

The main outcome variables are output, capital, and employment. The output
is measured as the value of total output. Capital is measured as the closing
value of fixed assets (i.e., land, building, plant, machinery) and inventory. Total
employment of the establishment is measured as the total number of workers
employed. I also examine the effect on wage, productivity, and investment.
I divide the total compensation paid to workers by the number of man-days
worked to construct a measure of daily wage. Throughout the paper, I define
values of output, capital, and wages in real terms. I deflate output values by
the Index Numbers of Wholesale Prices for the relevant product category. Cap-
ital values are deflated by the Index Numbers of Wholesale Prices for plant and
machinery. For wages, I use the consumer price index (CPI) to convert it to real
terms. I also measure real labor productivity as the real output divided by the
number of workers and total factor productivity (TFP) using the Levinsohn and
Petrin (2003) method. Investment is measured as an addition to fixed capital in
the accounting year. In some specifications, I also use industry information to
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identify the heterogeneous impact by industry type.

Table 2.1 reports the summary statistics for key variables on all the formal and

informal establishments. The top panel summarizes the information of the ASI

data and the bottom panel shows the summary statistics for informal establish-

ments. From the table, it is unambiguous that informal establishments on aver-

age are not only smaller in size, but also produce little output, low-productive

and use little capital compared to formal establishments.

As there are differences across districts in terms of flood proneness, at first I

check to what extent establishments avoid repeatedly flooded regions. Table

2.2 lists baseline differences of various outcome variables between establish-

ments in more flood-prone and less flood-prone regions. I define a district is

more flood-prone if mean flood intensity in that district is greater than the me-

dian intensity across all the districts in my sample for the period of 2000-2007.

Then I check the mean difference of my outcome variables in flood-prone and

not flood-prone regions while using the data for 2000. The top and bottom

panel summarizes the information for formal establishments and informal es-

tablishments, respectively. From the table, we see that establishments located

in the flood-prone region employ more labor, produce more output and are

more productive than establishments in less flood-prone regions. Thus there

is no evidence of the net sorting of establishments. One of the explanations of

the concentration of economic activities in the flood-prone regions could be the

benefit of trading opportunities due to low transport costs and amenity values

offered by coastal or river areas (Hallegatte et al., 2015; Michaels et al., 2019).

For informal establishments, I do not find significant differences between estab-

lishments in flood-prone and not flood-prone regions. This could be explained

as informal establishments are less reliant on trade and infrastructure for their

production.

Table 2.3 shows baseline differences in various outcome variables between fam-

ily and non-family microenterprises in the informal sector. From the table, we

see that family (own-account) enterprises not only employ fewer workers, but
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they produce a lower amount of output and are less-productive than the non-
family enterprises in the informal sector.

2.4 Econometric Strategy

My identification strategy exploits the different intensity of the flood at the
district-level in different years. I apply the generalized difference-in-difference
approach where I identify the effect of flood exposure to different establishment-
level outcomes. For formal establishments, I use establishment-level panel data
and estimate the following equation-

yidt = β1Flooddt + αi + γt + εidt (2.1)

where i indexes establishments, d indexes district, and t indexes year. The de-
pendent, yit, is the (log of) output, capital, and employment. To explore other
results, I also use (log of) average daily wage, labor productivity, total factor
productivity, investment, input costs, and an indicator value of exit as out-
comes.

To capture the labor reallocation effect to the informal sector, I use repeated
cross-section data of informal establishments and estimate the following equation-

yijdt = β1Flooddt + γXijdt + αj + δd + ηt + εijdt (2.2)

where i indexes establishment, d indexes district, t indexes year, and j indexes
industry. The main dependent variable is the log of total number of workers
employed by establishments.

The main parameter of interest is the coefficient of the flood variable. The vari-
able flood is a continuous measure of flood intensity constructed as the per-
centage of the area of district d affected by floods in year t. The inclusion of
the establishment fixed effects for formal establishments purges the effects of
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any unobserved, time-invariant establishment and district-level characteristics

that are correlated with flood intensity and the variables of interest at the es-

tablishment level. In this setup, the empirical strategy identifies the coefficient

of the flood variable from the within-establishment changes, where establish-

ments experience different intensity of flood at different time periods.

For informal establishments as I do not follow the same establishments over

time, I control for a vector of establishment-specific exogenous characteristics

Xijdt which helps to control for potential imbalance at the establishment level.

This includes the gender of the owner, physical operating structure of the mi-

croenterprise (operate inside or outside of the household, operate in fixed premises

or not). I also include industry and district fixed effects to control for time-

invariant industry and district characteristics correlated with flood and the pres-

ence of employment in informal microenterprises. In this specification, the em-

pirical strategy identifies the coefficient on flood variable by comparing the ef-

fects of floods on establishments with the same observable characteristics lo-

cated within the district, where establishments experience different intensity of

floods at different time periods.

The exact timing, location, and extent of the flood is largely stochastic and can-

not be predicted long in advance. This allows me to assume that the measure

of the flood is exogenous and uncorrelated with other unobserved factors in

the error term that might influence the establishment level outcome variables.

As the flood measure is constructed from satellite images, it is unlikely that so-

cial, political or economic events within a location systematically influence the

measure.12 In both specifications, standard errors are clustered by the district

to account for the heteroskedasticity and serial correlation of the error terms

within a district.

12Self-reported damage measures as a measure of severity of the disaster can be influenced
by the economic and political conditions in a country (Hsiang and Jina, 2014). Guiteras et al.
(2015) show that rainfall and self-reported flood measures are weak proxies to measure true
flood intensity.
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2.5 Results: Formal Establishments

I begin by discussing the effects of floods on capital, output, and employment

of formal manufacturing establishments. I then show how disasters affect pro-

ductivity and investment in these establishments. I also provide evidence of

firm closure by the type of firms.

2.5.1 Baseline Results: Capital, Output, and Labor

In table 2.4 column (1) and (2), I report the results from estimating equation

2.1. Here I examine the impact of a district’s exposure to flood intensity on

output and capital of formal manufacturing establishments. The coefficient of

the Flood variable shows us change in the dependent variable due to a full in-

undation intensity (100 percent area of the district is flooded) compared to no

flood (0 percent). Thus in table 2.4, we can interpret the coefficients of the Flood
variable -0.094 in Column (1) and -0.128 in column (2) as, a 10% increase in the

inundation exposure reduces formal manufacturing establishment-level output

and capital by 0.94% and 1.28%, respectively.

One of the potential threats to the underlying identification assumption can be

originated from time-varying factors that covary with flood intensity and in-

fluence the level of output and capital in the formal sector establishments. For

example, the extent of local development, institutional quality, macroeconomic

conditions might influence an establishments ability to respond to floods. To

control for the time-varying state effect, I include state-year effects in my model.

I follow Hsu et al. (2018) and calculate state-year as the state-year average of the

dependent variable without the focal establishment itself. Also, I control for un-

observable industry-level time-varying shocks by using the industry-year av-

erage of the dependent variable without the focal establishment itself. Column

(3) and (4) report the results of that specification and the point estimates are

similar.
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A reduction in capital and output is likely to reduce employment in formal es-

tablishments. To check that, I examine the impact of a district’s exposure to

flood intensity on employment in formal manufacturing establishments. Table

2.5 column (1) shows that indeed there is a reduction in labor employment. A

10% increase in inundation exposure causes a 0.66% reduction in employment.

Thus my results confirm that floods are negative shocks to formal establish-

ments and they reduce their demand for labor in the aftermath of shocks.

One can argue that floods might also affect labor and can be treated as a labor

supply shock to establishments. For example, floods might affect localities and

workers move to unaffected regions which can be treated as the negative labor

supply shock. In that case, we also expect to see a decrease in labor employ-

ment. In the standard labor demand-supply framework, we then expect to see

a positive or no effect on labor earnings. To check the effect on labor earnings,

I use real daily wage as a dependent variable in my regression. Column (2) of

table 2.5 shows a negative impact on the wages of the workers in the formal

sector. This result strengthens my story that employment reduces due to reduc-

tion in labor demand by formal sector establishments.

2.5.2 Effects on Firm Productivity and Investment

In this section, I estimate whether floods affect productivity and investment

of formal manufacturing establishments. I use two productivity measures: la-

bor productivity calculated as output per worker and total factor productivity

(TFP) using the Levinsohn and Petrin (2003) method. In table 2.6, column (1)

and (2) shows the results of the effects of floods on labor productivity and TFP,

respectively. Though the sign on both productivity variables is negative, these

effects are not statistically indistinguishable from zero. As floods destroy cap-

ital, it is more likely to increase investment by establishments. In column (3)

of table 2.6, I use investment of establishments as a dependent variable where

investment is calculated as an addition to fixed capital in the accounting year.

There is a marginally significant increase in investment among formal estab-
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lishments in the aftermath of floods.

2.5.3 Effects on Firm Exit

In this section, I test the extent to which floods cause permanent shut-down of

formal establishments (Table 2.7). Here the permanent shut-down is defined by

an indicator variable that takes on a value one in the year an establishment is

officially declared ”closed” and remains closed thereafter. I estimate the effects

of floods on the probability of exit using a linear probability model. Column (1)

of table 2.7 shows that floods have a significant positive impact on the proba-

bility of exit among formal establishments.

I then check to what extent exit falls disproportionately on low productivity

firms. I use two productivity measures: labor productivity calculated as output

per worker and total factor productivity using the Levinsohn and Petrin (2003)

method. I then construct a measure of productivity quartiles at the three-digit

industry level. To avoid the endogeneity problem, I use the productivity of the

establishment in the year in which it was observed first. Then I estimate the ef-

fects of floods on the probability of exit for each productivity quartile. In table

2.7, column (2) shows the results by labor productivity quartiles and column (3)

shows the results by total factor productivity quartiles. In both specifications,

there is clear evidence of firm closure among the least productive establish-

ments in the formal sector.

2.6 Reallocation

It is important to understand what happens to the workers who lose their jobs

from formal sector establishments. In the aftermath of shocks, the movement of

labor across regions is sluggish or incomplete (Giroud and Mueller, 2017). So,

the impact of local economic shocks can be mitigated through labor mobility
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across sectors. In this section, I examine whether there is any sectoral reallo-
cation of labor by examining the impact on other formal establishments and
informal establishments.

2.6.1 Other Formal Establishments

In section 2.5.3, I find that floods increase the probability of exit of low-productive
establishments. This implies the job loss of employees of those establishments.
It is interesting to explore whether these workers are moving to the high-productive
formal sector. To examine that, I estimate the impact on labor employment of
establishments in each productivity quartiles. I follow the same process as in
section 2.5.3 and construct two measures of productivity quartiles at the three-
digit industry level. I use the labor productivity and total productivity mea-
sures of the establishment in the initial year in which it was observed. In table
2.8, column (1) shows the results using the measure of labor productivity (out-
put per worker) and column (2) shows the results using the total factor produc-
tivity (Levinsohn and Petrin, 2003) measure. I do not find any evidence of labor
reallocation to high-productive establishments in both specifications. These re-
sults imply that there is no evidence of the creative destruction effects of floods.

2.6.2 Informal Establishments

In developing countries, moving to informal household-businesses is a survival
strategy for those who cannot find a job in the formal market (La Porta and
Shleifer, 2014; Tybout, 2000). As we find workers of low-productive establish-
ments lose their jobs from the formal sector, there is a possibility that those
workers are moving to the informal manufacturing establishments. To check
that possibility, I estimate equation 2.2. Table 2.9 reports the results of that re-
gression and I find there is a significant increase in labor employment in the
informal sector. I also check the possibility of whether workers are moving to
the very small family firms or to the larger firms that employ non-family labor.
Column (3) of table 2.9 shows that there is a significant increase in employment
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in family establishments.13 This is a suggestive evidence that floods cause a re-

allocation of workers from the formal sector to informal household businesses.

2.7 Effects of Labor Reallocation on Aggregate Pro-
ductivity of the Economy

In this section, I assess the impact of this labor reallocation from formal to in-

formal sector on aggregate labor productivity in the manufacturing sector. As

productivity is higher in the formal sector compared to the informal sector, the

reallocation of workers from the formal to the informal sector will cause a re-

duction in aggregate productivity. To evaluate the loss of aggregate produc-

tivity due to this labor reallocation, I use a standard development accounting

formula similar to McCaig and Pavcnik (2018)-

sFlood
I (Aratio − 1)AF

(1− sF)AI + sF AF
(2.3)

where sFlood
I is the share of workers reallocated from the formal to the informal

manufacturing sector due to floods. AI and AF are the initial average revenue

per worker in the informal and formal sector, respectively, sF is the initial share

of workers in the formal sector, and Aratio is the gap in the revenue per worker

across informal and formal sector defined as AI/AF. Equation 2.3 can be inter-

preted as the percentage change in aggregate labor productivity relative to the

baseline aggregate labor productivity.

To calculate the share of worker reallocation due to floods (sFlood
I ), at first I

aggregate both formal and informal sector establishment-level data at the dis-

trict level using sampling multipliers. To match the period of analysis in both

datasets, I keep information for the years of 2000 and 2005. This gives a district-

level measure of manufacturing labor employment which includes both formal

13My results are robust to using the level of employment among informal enterprises (See,
appendix table A.3).
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and informal sector employment. I estimate the effect of floods on the share
of workers in the formal sector. To control for the potential spillover effect of
workers from neighboring areas, I also include floods in neighboring districts
in my model. In particular, I estimate the following equation-

f ormal sharedt = γ0 + γ1Flooddt + γ2Neighbor Flooddt + φXd + δt + δs + εdt

(2.4)

where d indexes district, s indexes state, and t indexes year. Standard errors
are clustered at the district-level and the regression is weighted by initial labor
employment at the district.

The dependent variable f ormal sharedt is calculated as the ratio of total work-
ers in the formal sector and total workers at the district which is the sum of
workers in the formal and informal sector. The main coefficient of interest is γ1

which shows how the share of employment in the formal sector changes in re-
sponse to floods. Table 2.10 shows the results of the regression of district-level
estimates. In column (1), I control for district-level demographic characteristics
i.e., log population, literacy rate, scheduled caste ratio. In column (2), I control
for some geographic characteristics of districts i.e. area in square km, kilome-
ters of rivers in the district, percent of district with mean elevation less than
500m. In column (3), along with all the demographic and geographic controls,
I have an additional control for flood in neighboring districts where neighbor
is measured as the inverse distance between districts’ centroids. Column (3) is
the preferred specification which shows that a 10% increase in flood inunda-
tion reduces district-level formal employment share by 3.51%. This gives us the
measure of worker reallocation to the informal sector due to floods (sFlood

I in
equation 2.3), assuming all these workers are reallocated to the informal sector.

To calculate the productivity gap (Aratio) between establishments in two sec-
tors, I use the conventional development accounting literature. Following Mc-
Caig and Pavcnik (2018), I also assume a Cobb-Douglas production Ys = AsKαs

s L1−αs
s ,

where K is capital, L is labor, A is total factor productivity, and αs is the output
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elasticity with respect to capital, s ∈ ( f , i) denotes the formal and informal sec-
tor, respectively. If we assume homogeneity of labor and perfect labor mobility,
wages should be equal to the marginal revenue product of labor in each sector.
So, the gap in the marginal revenue product of labor and the average revenue
product of labor should be proportional across the formal and the informal sec-
tor.

wF

wI
=

MRPLF

MRPLI
=

ARPLF

ARPLI

So the labor productivity gaps across two sectors can be measured by the gap in
wages and revenue per worker across the sectors. Though my establishment-
level data have information on the wage bill, for own-account microenterprises
in the informal sector (those do not hire non-family labor) wage information is
not available. As the majority of workers in informal microenterprises are self-
employed, omitting them from the wage ratio calculation can have a significant
influence on the results. For that reason, I measure the productivity gap using
revenue per worker measure.

To calculate revenue per worker in each sector, from ASI and NSSO datasets
I use the information on gross value added and divide it by the total number
of workers. Row 1 of table 2.11 shows that the productivity of workers is 17
times higher in the formal sector compared to the informal manufacturing sec-
tor. This large productivity difference between formal and informal sector is
consistent with the previous studies in other developing countries.14 This large
productivity gap suggests that any reallocation to the informal sector will re-
duce aggregate productivity in the manufacturing sector. By substituting all
the information from table 2.11 to equation 2.3, we can see that for a 10% in-
crease in flood inundation exposure 3.51% of workers are reallocated from the
formal to the informal sector which reduces aggregate productivity in the man-
ufacturing sector by 17.3%. This finding highlights the cost of recurrent natural
disasters on the overall productivity of the manufacturing sector in developing

14Nataraj (2011) reports that output per worker in the formal firms is 12.4 times higher than
informal firms in India. McCaig and Pavcnik (2018) reports that without any adjustment in
worker heterogeneity and hours worked, in Vietnam the average revenue product of labor is 9
times higher in the formal sector compared to the informal household businesses.
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countries.

2.8 Some Additional Results

2.8.1 Persistent Effects of Floods

In this section, I investigate the persistence of the effects of floods on formal
manufacturing industries. For that reason, I include lagged versions of the
flood measure (up to t-3) to test the effects of floods on labor employment up
to three years after the flood. Figure 2.4 shows that the statistically significant
impact of the floods disappears at t-3. These results indicate that the effects of
floods persist and it takes two years for formal manufacturing establishments
to fully restore their economic activity after floods.

2.8.2 Contract Employment in the Formal Sector

In this section, I examine the differential impact of floods on permanent and
contract employment in formal establishments. Table 2.12 shows that floods
have a negative impact on the employment of regular male workers. There is
no significant impact on contract employment of the firms. My results confirm
that permanent workers lose their jobs in the formal sector and there is no real-
location of workers as contract (informal) employees in the formal sector.

2.8.3 Impact on Input Expenditure

Establishments can also be indirectly affected if floods destroy the infrastruc-
ture and communication network, cause power outages and disrupt the pro-
duction of the suppliers of the firms. In this section, I explore the indirect effects
of floods on formal establishments by examining the effects on materials and
fuel & electricity expenditure. I find a negative effect on material expenditure
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but this effect is statistically indistinguishable from zero (Table 2.13, column

(1)). However, there is a significant reduction in expenditure on fuels & elec-

tricity expenditure (Table 2.13, column (2)). The negative effect on energy cost

is suggestive of the disruption of transportation facilities which can severely

hamper the production process of the manufacturing industries.

2.8.4 Heterogeneous Impacts by Establishment Size and Indus-
try Type

To estimate heterogeneity by establishment size, I divide establishments into

two categories by the number of regular workers employed. To avoid the po-

tential endogeneity of establishment size to floods, I define an establishment

as large if it employs more than 50 workers in the first year in which it is ob-

served. Table 2.14 column (1) shows that the negative employment effect of

floods is mainly in smaller establishments.

As I find the evidence of a decrease in the value of capital and fuel expenditure

among the formal establishments, it is more likely that establishments that are

more capital and infrastructure dependent are more affected by natural disas-

ters. In this section, I estimate the heterogeneous impact of floods on formal

manufacturing establishments by their capital-intensity and infrastructure de-

pendency. I calculate the capital intensity of each establishment as the ratio be-

tween fixed assets and total compensation paid to employees. Then I compute

a three-digit industry-level average of this measure and define an industry as

a capital-intensive industry if an industry’s capital intensity measure is greater

than the median across all industries. To calculate infrastructure dependency,

I use the ratio of fuel expenses to gross value added and calculate average at

the three-digit industry level. Then I define an indicator of infrastructure de-

pendency if an industry’s expense is above the median expenditure across all

industries. I find significant evidence of the negative impact of floods on more

capital-reliant and infrastructure dependent industries as shown in table 2.14.
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2.9 Conclusion

This paper is the first to identify a causal effect of natural disasters on the
formal-to-informal transition of workers among the manufacturing establish-
ments in a developing country. I document a reduction in capital, output, and
labor among formal establishments. Though the least-productive formal estab-
lishments are forced to exit the market, there is no evidence of the reallocation
of workers to more productive establishments. Thus there is no evidence of the
creative destruction effect of disasters in developing countries. Rather, there
is a reallocation to the low-productive informal manufacturing sector as a sur-
vival strategy of the displaced workers from the formal sector. Due to the large
productivity gap across two sectors, this reallocation of workers from more-
productive to low-productive sector causes a significant reduction in the aggre-
gate productivity of the manufacturing sector. It is important to mention that,
my estimates reflect short-run responses and are not descriptive of long-term
losses in productivity due to this reallocation. Nonetheless, due to the recur-
rent nature of natural disasters, my results highlight the importance of analyz-
ing the impact of disasters on the manufacturing sector in developing countries
including the small, informal enterprises. This is important for understanding
the cost of climate change on these economies and for better design and imple-
mentation of the post-disaster recovery policies.
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Figure 2.1: Flowchart for construction of the flood inundation maps using MODIS
data
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July 28, 2005 

 

 

March 26, 2005 

 

Notes: In the false-color image pair, water is dark blue, vegetation is bright green and clouds
are light blues. The left image shows the presence of flood water which is not present in the
image of the dry season (right image)

Figure 2.2: False-color image pair to detect the presence of flood water
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Figure 2.3: District-level flood susceptibility calculated from the mean flood inten-
sity for the period of 2000-2007
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Table 2.1: Summary statistics of all establishments

Mean Std. Dev. N

Formal Establishments

Employment (All workers) 137.0 310.3 127257
Total Output (Million rupees) 254.0 3657.3 127056
Capital (Million rupees) 140.2 1854.9 127257
Daily wage (Rupees) 133.0 202.8 125840
Output per worker (Million rupees) 1.1 3.3 127056
Capital-Labor Ratio (Million rupees) 0.4 0.4 127257

Informal Establishments

Employment (All workers) 2.46 2.42 126849
Total Output (Million rupees) 0.15 2.66 126849
Capital (Million rupees) 0.08 0.41 126766
Output per worker (Million rupees) 0.02 0.23 126849
Capital-Labor Ratio (Million rupees) 0.02 0.06 126766

Notes: Summary statistics for establishment-level data. For formal establish-
ments, data from 2000-2007 are pooled. For informal establishments, I use 2000-
01 and 2005-06 data. Employment is total employees work in the establishment.
Output refers to the value of real output produced by the establishment. Capital is
the real value of total capital which is the sum of value of fixed assets and inven-
tory. Wage refers to average real daily wage calculated as total compensation dur-
ing the year divided by the total man-days worked. Output per worker indicates
labor productivity (real output divided by number of employees). Capital to labor
ratio is calculated as the ratio of real capital divided by the total compensation paid
to the employees. I do not use survey weights to calculate the measures.
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Table 2.2: Summary statistics of establishments in flood-prone and not flood-prone districts

Flood-Prone Not Flood-Prone Mean difference
mean/sd mean/sd diff/se

Formal Establishments

Employment (All workers) 153.7 133.9 19.8***
[350.7] [236.5] [5.30]

Total Output (Million rupees) 245.2 160.6 84.6***
[2229.1] [675.8] [29.0]

Capital (Million rupees) 165.7 116.2 49.5**
[1398.9] [796.9] [20.1]

Daily wage (rupees) 129.1 122.8 6.32*
[108.4] [249.7] [3.48]

Output per worker (Million rupees) 1.15 0.83 0.32***
[3.23] [1.99] [0.048]

Informal Establishments

Employment (All workers) 2.90 2.98 -0.074
[6.99] [32.5] [0.13]

Total Output (Million rupees) 0.22 0.19 0.027
[4.39] [3.73] [0.023]

Capital (Million rupees) 0.094 0.11 -0.019***
[0.63] [0.70] [0.0037]

Output per worker (Million rupees) 0.030 0.029 0.00080
[0.22] [0.26] [0.0013]

Notes: For each district, I calculate average flood intensity at the district-level over the whole sample period.
If the mean flood intensity of a district is greater than the median intensity of flood in our sample, then I de-
fine the district as a flood-prone district. Employment is total employees work at the establishment. Output
refers to the value of real output produced by the establishment. Capital is the real value of total capital which
is the sum of value of fixed assets and inventory. Wage refers to average real daily wage calculated as total
compensation during the year divided by the total man-days worked. Output per worker indicates labor pro-
ductivity (real output divided by number of employees). Capital to labor ratio is calculated as the ratio of real
capital divided by the total compensation paid to the employees. I do not use survey weights to calculate the
measures. *** p<0.01, ** p<0.05, * p<0.1.
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Table 2.3: Summary statistics of family and non-family firms in the informal sector

Family Firm Non-family firm Mean difference
mean/sd mean/sd diff/se

Employment (All workers) 1.64 5.25 -3.61***
[0.87] [3.64] [0.013]

Total Output (Million rupees) 0.024 0.57 -0.55***
[0.060] [5.57] [0.018]

Capital (Million rupees) 0.024 0.29 -0.27***
[0.068] [0.83] [0.0027]

Output per worker (Million rupees) 0.015 0.076 -0.060***
[0.030] [0.49] [0.0016]

Notes: Family firm is defined as the own-account manufacturing establishments in the informal sector which
predominantly employs family labor. Employment is total employees work in the establishment. Output
refers to the value of real output produced by the establishment. Capital is the value of real total productive
capital which is the sum of fixed capital and working capital. Output per worker indicates labor productiv-
ity (real output divided by number of employees). I do not use survey weights to calculate the measures. ***
p<0.01, ** p<0.05, * p<0.1.
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Table 2.4: Effect of floods on output and capital of formal establishments

(1) (2) (3) (4)
VARIABLES log(output) log(capital) log(output) log(capital)

Flood -0.094** -0.128** -0.090** -0.171***
(0.040) (0.059) (0.037) (0.056)

Observations 101,228 97,620 101,228 97,620
Firm FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Industry-Year Control No No Yes Yes
State-Year Control No No Yes Yes

Notes: Flood is a measure of flood intensity at the district level. I use sample weights provided
in the dataset in the regressions. Output refers to the value of real output produced by the estab-
lishment. Capital is the real value of total capital which is the sum of value of fixed assets and
inventory. Standard errors are clustered at the district-level.*** p<0.01, ** p<0.05, * p<0.1.

Table 2.5: Effect of floods on employment and wage of formal establishments

(1) (2)
VARIABLES log(labor) log(wage)

Flood -0.066** -0.076**
(0.033) (0.037)

Observations 103,205 102,158
Firm FE Yes Yes
Year FE Yes Yes

Notes: Flood is a measure of flood intensity at the district level. I use sample weights provided
in the dataset in the regressions. Labor is total employees work at the establishment. Wage refers
to real daily wage calculated as total compensation during the year divided by the total man-
days worked. Standard errors are clustered at the district-level.*** p<0.01, ** p<0.05, * p<0.1.
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Table 2.6: Effect of floods on productivity and investment of formal establishments

(1) (2) (3)
VARIABLES log(Q/L) log(TFP) log(investment)

Flood -0.045 -0.035 0.174*
(0.046) (0.031) (0.097)

Observations 101,228 98,799 69,697
Firm FE Yes Yes Yes
Year FE Yes Yes Yes

Notes: Flood is a measure of flood intensity at the district level. I use sample weights provided in the
dataset in the regressions. Q/L is output per worker. TFP is total factor productivity calculated us-
ing Levinsohn and Petrin (2003) method. Investment is calculated as addition to fixed capital in the
accounting year. Standard errors are clustered at the district-level.*** p<0.01, ** p<0.05, * p<0.1.
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Table 2.7: Effect of floods on firm closure

(1) (2) (3)
VARIABLES Pr(exit) Pr(exit) Pr(exit)

Flood 0.014**
(0.007)

Flood × Labor productivity quartile=1 (lowest) 0.059**
(0.030)

Flood × Labor productivity quartile=2 0.011
(0.014)

Flood × Labor productivity quartile=3 -0.003
(0.009)

Flood × Labor productivity quartile=4 (highest) 0.002
(0.006)

Flood × TFP quartile=1 (lowest) 0.067***
(0.026)

Flood × TFP quartile=2 -0.015
(0.011)

Flood × TFP quartile=3 -0.002
(0.006)

Flood × TFP quartile=4 (highest) 0.007
(0.007)

Observations 103,205 103,205 103,205
Firm FE Yes Yes Yes
Year FE Yes - -
Group*Year FE - Yes Yes
Mean of the dep. var. 0.20 0.20 0.20

Notes: Flood is a measure of flood intensity at the district level. I use sample weights provided
in the dataset in the regressions. The exit variable takes on a value one in the year an establish-
ment is officially declared ”closed” and remains closed hereafter. Labor productivity is measured
as output per worker. TFP is measured by the Levinsohn and Petrin (2003) method. Productiv-
ity quartiles are calculated at the three-digit industry-level. To avoid the endogeneity issue, I use
productivity of the establishment in the initial year in which it was observed. Standard errors are
clustered at the district-level.*** p<0.01, ** p<0.05, * p<0.1.
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Table 2.8: Effects of floods on employment by productivity of establishments

(1) (2)
VARIABLES log(labor) log(labor)

Flood X Labor productivity quartile=1 (lowest) 0.016
(0.151)

Flood X Labor productivity quartile=2 -0.255***
(0.066)

Flood X Labor productivity quartile=3 0.027
(0.041)

Flood X Labor productivity quartile=4 (highest) -0.015
(0.053)

Flood X TFP quartile=1 (lowest) -0.211
(0.135)

Flood X TFP quartile=2 -0.132**
(0.058)

Flood X TFP quartile=3 0.044
(0.051)

Flood X TFP quartile=4 (highest) -0.050
(0.057)

Observations 103,205 103,205
Firm FE Yes Yes
Group*Year FE Yes Yes

Notes: Flood is a measure of flood intensity at the district level. I use sample weights pro-
vided in the dataset in the regressions. Labor is total employees work in the establishment.
Labor productivity is measured as output per worker. TFP is measured by the Levin-
sohn and Petrin (2003) method. Productivity quartiles are calculated at the three-digit
industry-level. To avoid the endogeneity issue, I use productivity of the establishment in
the initial year in which it was observed. Standard errors are clustered at the district-level.
*** p<0.01, ** p<0.05, * p<0.1.
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Table 2.9: Effect of floods on informal microenterprises

(1) (2) (3)
VARIABLES log(labor) log(labor) log(labor)

Flood 0.621** 0.806***
(0.246) (0.280)

Flood* Family Firms 0.818***
(0.210)

Flood* Non-Family Firms 0.084
(0.326)

Observations 122,262 120,768 122,262
Industry & District FE Yes - Yes
Year FE Yes - -
Industry-District, Industry-Year FE - Yes -
Establishment Controls Yes Yes Yes
Group*Year FE - - Yes

Notes: Flood is a measure of flood intensity at the district level. I use sample weights pro-
vided in the dataset in the regressions. Labor is total employees work at the establishment.
Standard errors are clustered at the district-level. *** p<0.01, ** p<0.05, * p<0.1.
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Table 2.10: Effect of floods on district-level outcomes

Dep. var (formal employment/total employment) (1) (2) (3)

Flood -0.580*** -0.571*** -0.351**
(0.135) (0.171) (0.164)

Observations 632 458 458
Neighbor Flood Control No No Yes
Demographic Controls Yes No Yes
Geographic Controls No Yes Yes
State & Year FE Yes Yes Yes
Notes: Flood is a measure of flood intensity at the district level. The district-level employment
measures are calculated from the ASI and NSSO data for years 2000 and 2005. The dependent
variable is the share of formal workers calculated as the ratio of formal-sector workers to sum of
workers in the formal and informal sector at the district-level. In column (1), I control for district-
level demographic characteristics i.e., log population, literacy rate, scheduled caste ratio. In col-
umn (2), I control for some geographic characteristics of districts i.e. area in square km, kilometers
of rivers in the district, perecnt of district with mean elevation less than 500m. In column (3), I
control for flood in neighboring districts where neighbor is measured as the inverse distance be-
tween districts’ centroids along with all the demographic and geographic controls. Standard errors
are clustered at the district-level. *** p<0.01, ** p<0.05, * p<0.1.
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Table 2.11: Aggregate productivity loss due to labor reallocation

Productivity gap (Formal/Informal) (1/Aratio) 17.03
Share of worker reallocation (sFlood

I ) 0.0351
Initial share of workers in the formal sector (sF) 0.14
Revenue per worker in the formal sector (AF) 260215.7
Revenue per worker in the informal sector (AI) 15278.6

Aggregate productivity decline (percent) 17.3
Notes: The productivity gap is based on the average revenue product of
labor. The revenue productivity gap is the ratio of revenue per worker in
the formal to revenue per worker in the informal sector. Share of worker
reallocation to the informal sector is calculated from column (3) of table
2.10. Initial share of workers and initial revenue per worker is calculated
for year 2000.
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Table 2.12: Effect of floods on permanent and contract labor in the formal sector

(1) (2) (3)
VARIABLES log(contract labor) log(permanent labor (male)) log(permanent labor (female))

Flood -0.128 -0.096*** -0.001
(0.112) (0.034) (0.097)

Observations 32,147 90,571 28,747
Firm FE Yes Yes Yes
Year FE Yes Yes Yes

Notes: Flood is a measure of flood intensity at the district level. I use sample weights provided in the dataset in the re-
gressions. Contract labor are the number of employees who work on a contractual basis. Permanent labor are the number
of employees who work permanently at the establishment. Standard errors are clustered at the district-level. *** p<0.01,
** p<0.05, * p<0.1.

Table 2.13: Effect of floods on materials and fuel expenditure

(1) (2)
VARIABLES log(Materials) log(Fuels)

Flood -0.101 -0.237***
(0.129) (0.057)

Observations 100,472 95,163
Firm FE Yes Yes
Year FE Yes Yes

Notes: Flood is a measure of flood intensity at the district level. I use sample weights provided in the dataset in the regressions.
Materials consumed represent real value of materials expenditure entered into the production process of the factory during the
accounting year. Fuels represent the real value of total purchase value of all items of fuels, lubricants, electricity etc. consumed
by the factory during the accounting year except those which directly enter into the products as materials consumed. Standard
errors are clustered at the district-level.*** p<0.01, ** p<0.05, * p<0.1.
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Table 2.14: Heterogeneous effects by size and type of establishments in the formal
sector

(1) (2) (3)
VARIABLES log(labor) log(labor) log(labor)

Flood × Large 0.076 - -
(0.069)

Flood × Not Large -0.078** - -
(0.035)

Flood × Capital Intensive - -0.155*** -
(0.034)

Flood × Not Capital Intensive - 0.100 -
(0.061)

Flood × Infrastructure Dependent - - -0.082*
(0.042)

Flood × Not Infrastructure Dependent - - -0.032
(0.050)

Observations 103,205 103,205 103,205
Firm FE Yes Yes Yes
Group*Year FE Yes Yes Yes

Notes: Flood is a measure of flood intensity at the district level. I use sample weights pro-
vided in the dataset in the regressions. Labor is total employees work at the establishment. An
establishment is defined as large if it has more than 50 workers in the first period in which I
observed it. Capital intensity of an establishment is defined the ratio between value of fixed
assets and total compensation paid to employees. Then I compute a three-digit industry-level
average of this measure and define an industry as capital-intensive if the industry measure is
above the median across all the industries. To calculate infrastructure dependency, I use the ra-
tio of fuel expenses to gross value added and calculate average at the three-digit industry level.
Then I define an indicator of infrastructure dependency if an industry’s expense is above the
median expenditure across all industries. Standard errors are clustered at the district-level.
*** p<0.01, ** p<0.05, * p<0.1.
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Chapter 3

The Heat is On: Effects of
Temperature Shocks on the Informal
Economy

3.1 Introduction

There is a growing consensus that emissions of anthropogenic greenhouse gases

cause a global increase in high temperature extremes which is projected to get

worse in the near future (Acevedo et al., 2018; Pachauri et al., 2014). Poor

people in developing countries are more exposed to temperature shocks as

they work in the agricultural sector and more manual labor-intensive indus-

tries (Hallegatte et al., 2015). The negative impact of temperature extremes

on the agricultural sector has been widely analyzed in the literature (Colmer,

2016; Hertel et al., 2010; Schlenker et al., 2005; Schlenker and Roberts, 2009). In

low-income countries, 70-80% of employment is in small, informal, household-

run microenterprises that provide livelihoods for the poor (Banerjee and Duflo,

2007; La Porta and Shleifer, 2014; McCaig and Pavcnik, 2018). However, to date,

little is known about the impact of weather extremes on the informal economy

in low-income countries.15

15There are some recent studies that document the negative effects of hot temperatures on
formal manufacturing factories (Somanathan et al., 2015; Zhang et al., 2018).
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In this paper, I address this gap in the literature by empirically examining the ef-
fects of high temperatures on the output produced by informal manufacturing
enterprises in India. As workers in the informal economy are mainly working
poor, negative output effects due to adverse weather events can have a detri-
mental effect on their welfare. Thus this study will illuminate a heretofore ig-
nored potential channel through which global climate change can significantly
affect social welfare in developing countries.

To examine the impact of temperature shocks on informal microenterprises, I
use yearly enterprise-level data of unorganized or informal manufacturing en-
terprises in India between 2000 and 2010. By using within-district year-to-year
variation in the annual distribution of daily average temperatures, I document
that high temperatures significantly reduce output produced by informal mi-
croenterprises. A 10-day increase in the number of hot days above 31◦C rela-
tive to 23◦-26◦C causes a 5% reduction in output produced by informal enter-
prises. I find that a reduction in productivity of workers is the primary channel
through which high temperatures cause a reduction in output. Though there is
no significant extensive margin effect on labor employment, I find an intensive
margin effect as workers significantly reduce their working hours in response
to high temperatures.

I also document substantial heterogeneity on dimensions of capital and elec-
tricity intensity of enterprises. I measure the capital intensity of enterprises by
their capital-to-labor ratio and construct capital-intensity quartiles at the three-
digit industry-level. The negative impact on the output is large in magnitude
and statistically significant for enterprises in the bottom three quartiles. How-
ever, there is no significant impact on the output produced by enterprises in
the top quartile of capital intensity. This supports my previous findings that
productivity loss of workers is the main channel that affects output in infor-
mal microenterprises. Thus, the impact is more negative on labor-intensive en-
terprises. As electricity is required for cooling technologies, higher electricity
usage can also moderate the negative effects of hot weather. To check that pos-
sibility, I use the electricity expenditure measure of enterprises and construct
electricity-intensity quartiles at the three-digit industry-level. I find evidence
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that higher electricity expenditure offsets the negative impact of hot days on the
output produced by informal enterprises. These findings suggest that the neg-
ative effects of high temperatures are borne by those who are worst-off among
informal enterprises.

I do not find any heterogeneous impact by the location of enterprises. I ana-
lyze heterogeneity by whether the establishment is operated within household
or outside household premises. I find similar effects of high temperatures on
both types of enterprises. I also find no significant difference between rural
and urban establishments. This finding is interesting as previous studies find
that temperature sensitivity is higher among people in rural India compared
to urban areas (Burgess et al., 2017). One of the reasons for this conclusion is,
they measure sensitivity using the income from the agricultural sector in rural
areas and the registered manufacturing sector from urban areas. In the process
of development, both urbanization and informality have been increasing in de-
veloping countries. Though urbanization is an integral part of the development
strategy, the growth of urban poor who are mainly workers in the informal sec-
tor is a serious concern (Ghani and Kanbur, 2013). My finding suggests that
extreme temperature shocks due to global climate change can worsen the situ-
ation of poor people in both rural and urban areas.

As a majority of enterprises in the informal sector are own-account or self-
employed workers, a negative impact on the output produced by the enterprise
might have a direct negative impact on the welfare of workers. To estimate the
welfare effect, I use household-level panel data from the Indian Human Devel-
opment Survey (IHDS). I document that, the negative impact of high tempera-
tures on microenterprises translates to a reduction in the welfare of households
working in the informal microenetrprises by reducing their consumption ex-
penditure.

Related Literature This paper contributes to a growing literature that finds heat
shocks significantly reduce the factor productivity of manufacturing firms. By
collecting primary data on daily worker productivity and attendance from se-
lected Indian firms in the cloth weaving, garment manufacture, steel rolling,
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and diamond cutting industries, Somanathan et al. (2015) find that high am-

bient temperature reduces productivity and attendance of workers. They use

the Annual Survey of Industries data which covers registered manufacturing

plants to show the impact of temperature shocks can be replicated in annual

plant output at the national level. In a recent study, Zhang et al. (2018) find that

temperature shocks cause a reduction in output among Chinese manufacturing

plants by reducing firm-level total factor productivity. Chen and Yang (2019)

also document the negative impact of temperature extremes on firm-level man-

ufacturing output in China. These studies examine the impact of temperature

extremes on formal sector factories. My paper contributes to this literature by

focusing on temperature effects on the unorganized or informal manufacturing

sector. The informal sector employs a significant portion of the workforce in

developing countries. In India, in the manufacturing sector, 99% of the estab-

lishments and 81% of the employees are in the unorganized sector (Ghani et al.,

2013). Investment in adaptation technologies suggested in the conventional lit-

erature (i.e. air conditioning) is also difficult to implement in these types of

enterprises. Thus it is important to quantify the cost associated with tempera-

ture shocks on the informal sector to develop policies to protect this sector.

Previous sectoral analyses of impacts of temperature shocks mainly focus on

agriculture, both in developed and developing countries (Deschênes and Green-

stone, 2007; Schlenker et al., 2005; Schlenker and Lobell, 2010; Schlenker and

Roberts, 2009; Skoufias et al., 2011). In the process of development, workers

move from the agricultural sector to the non-agricultural sector. In many devel-

oping countries, the informal sector plays an important role during this struc-

tural transformation of the economy.16 The informal sector is associated with

high poverty rates and poor jobs (Kanbur, 2011; OECD, 2009), which makes

them more vulnerable to weather shocks. Given the role of the informal sec-

tor on the livelihood of poor people, quantifying the impact of temperature

shocks in this sector is of first-order importance. In this paper, I document neg-

ative effects on high temperatures in the informal manufacturing sector. Thus

16See Kanbur (2011) for a discussion of the importance of the informal sector as an integral
part of structural transformation in the Indian economy.
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this paper identifies one of the potential channels through which global cli-

mate change can significantly affect the livelihoods of poor people in develop-

ing countries.

The negative effects of high temperatures on aggregate output are widely doc-

umented in the literature (Burke et al. (2015); Dell et al. (2012); Hsiang (2010)).

Some studies also find that these effects fall disproportionately on low-income

countries (Acevedo et al. (2018); Dell et al. (2012)). My paper contributes to

this literature by shedding light on one of the mechanisms through which ag-

gregate output can be negatively affected by high temperatures. I also docu-

ment that high temperatures not only affecting developing countries but also

disproportionately affecting income-generating activities of the working poor

within these countries. The negative relationship between high temperature

and labor productivity are well documented in the literature in both experi-

mental and observational data setting (Adhvaryu et al., 2018; Cachon et al.,

2012; Niemelä et al., 2002; Seppanen et al., 2003). My paper complement this

literature by focusing on how a reduction in labor productivity causes a reduc-

tion in output produced by informal manufacturing enterprises which are very

labor-intensive in nature.

The rest of the paper is structured as follows. Section 3.2 presents a brief dis-

cussion of how the informal economy can be affected by high temperatures.

Section 3.3 explains the various sources of data. Section 3.4 discusses the con-

struction of temperature bins and the regression specification. Section 3.5 ex-

plains the main results with some possible mechanisms. Sections 3.6 presents

heterogeneous impact by enterprise types. Section 3.8 presents aggregate im-

pact at the industry and district-level and the impact on household welfare.

Section 3.7 discusses some robustness tests and section 3.9 concludes.
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3.2 Background

High temperatures could negatively affect informal enterprises by reducing

worker productivity and working hours. In this section, I provide more back-

ground on each of these mechanisms.

3.2.1 High Temperature and Productivity of Workers

High temperatures can have a direct negative effect on human physiology and

cause a reduction in labor productivity and supply. Observational and exper-

imental studies find that hot temperatures adversely affect the productivity of

workers in an indoor environment. Niemelä et al. (2002) examine how differ-

ent ambient temperatures affect the productivity of call center workers. The

variation in temperature comes from both external weather and changes due to

installing cooling units. They find that high-temperatures are associated with a

reduction in the productivity of workers. Seppanen et al. (2003) also document

indoor temperature is an important determinant of worker productivity. In a

meta-analysis, Seppanen et al. (2006) conclude that increasing indoor tempera-

ture from 23 to 30◦C reduces the productivity of workers by 8.9%.

Several observational studies also find a negative association between tempera-

ture and worker productivity in a factory setting. Somanathan et al. (2015) find

that high temperatures cause a reduction in the productivity of workers work-

ing in factories in India. They find that on hot days, worker productivity de-

clines by 2 to 4 percent. Using Chinese manufacturing plant-level data, Zhang

et al. (2018) documented that this negative relationship between temperature

and productivity holds for both labor and capital productivity. They conclude

that relative to a day with temperatures between 10◦C-16◦C, a day with tem-

peratures above 32◦C decreases total factor productivity by 0.56%. Adhvaryu

et al. (2018) explore temperature variation at garment factories in India by pro-

viding LED bulbs that emit less heat than conventional bulbs. They find these

bulbs decrease temperatures on factory floors and increase the productivity of
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workers, particularly during hotter days.

3.2.2 High Temperature and Labor Supply

High temperatures can also have a direct negative effect on labor supply. Us-
ing the U.S. time-use survey data and daily temperature variation, Graff Zivin
and Neidell (2014) show that hot days reduce working hours in industries that
are more exposed to weather.17 During the days with temperatures above 85◦F
(30◦C), working hours decreased by as much as one hour in those industries.
Garg et al. (2019) use time-survey in China and find that extreme temperatures
reduce working hours, especially among female agricultural workers. They
also find evidence of a significant reduction in home production due to high
temperatures. Using daily worker-level data, Somanathan et al. (2015) find that
high temperatures increase absenteeism among salaried workers rather among
workers with a piece-rate contract.

3.2.3 High Temperature and Informal Enterprises

In this paper, I focus on the impact of temperature shocks on the output of the
informal manufacturing microenterprises. There is an emerging literature that
documents the negative effect of high temperatures on formal manufacturing
enterprises in developing countries (Chen and Yang, 2019; Somanathan et al.,
2015; Zhang et al., 2018). However, to date, little is known about how informal
enterprises are affected by high temperatures.

The main distinction between formal and informal enterprises in many devel-
oping countries is about firm registration status. However, there are some
other characteristics that are common across informal enterprises in develop-
ing countries. For example, informal enterprises frequently do not hire labor;
a large component is self-employment and own-account work; production is

17They define agriculture, manufacturing, construction, forestry, fishing and hunting, min-
ing, transportation and utility industries are more exposed to the climate.
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labor-intensive in nature and very low-productive compared to the formal sec-
tor (La Porta and Shleifer, 2014; McCaig and Pavcnik, 2018). Because of the
labor-intensive nature of their activity and lack of access to finance, climate
control can be expensive or infeasible among informal enterprises. This high
exposure and limited adaptation possibilities make them more susceptible to
temperature shocks than formal enterprises. I explore both the productivity
and labor supply channel to examine how temperature shocks affect output in
the informal manufacturing enterprises.

3.3 Data

In this section, I describe the data sets that I use to examine the relationship
between temperature and the informal microenterprises. I combine daily grid-
ded weather data that include temperature, rainfall, and relative humidity with
informal manufacturing establishment-level data for my analysis. I also use
household-level data to examine the effect of temperature shocks on household
welfare.

3.3.1 Informal Manufacturing Data

For the informal microenterprise data, I use the socio-economic survey con-
ducted by the National Sample Survey Organisation (NSSO) of India. In India,
under the Factories Act 1948, all manufacturing establishments with more than
10 workers that use electricity or 20 workers that do not use electricity are re-
quired to register. Establishments below these employment thresholds are not
required to register under the act. They are often referred to as unorganized or
informal firms. This survey data is available in every five years. For my anal-
ysis, I use information from round 56 (2000-01), round 62 (2005-06), and round
67 (2010-11). The NSSO socio-economic survey is the most comprehensive na-
tionally representative survey in India that provides detailed information on
unorganized manufacturing business activities.
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I use the information on the value of total output, the total number of workers
employed (including the working owner), and number of hours worked. I also
use the value of capital (fixed and hired capital) and electricity expenditure to
measure capital and electricity intensity of enterprises. Throughout the paper,
I define values of output, capital, and electricity expenditure in real terms. I
deflate output values by the wholesale price index (WPI) for the relevant prod-
uct category. Capital values are deflated by the WPI for plant and machinery.
Electricity costs are deflated by price index for electricty provided by RBI. To
examine the effect on productivity, I calculate real labor productivity as the ra-
tio of real output divided by the number of workers. To construct results that
are representative of the population, throughout the empirical analysis I use
the sampling weight provided in the data. Across the years, the Government
of India has split districts and regions into smaller units. Industry classification
also changed across the time span (from NIC 1998 to NIC 2008). To keep the
geographic identifiers and industry classifications consistent across years, I fol-
low the industry and district concordance table provided by Martin et al. (2017)
and Allcott et al. (2018).

Panel A of table 3.1 provides summary statistics of the informal establishment-
level data for my sample periods. The average employment per establishment
is 2-3 workers. The enterprises in the sample are predominantly very small
family firms with 66.6 percent of enterprises are reported as own-account enter-
prises. In addition, almost half of the enterprises mention household premises
as the location of their enterprise. On average, only 21 percent of the propri-
etary enterprises are female-owned and most of the enterprises have a fixed
location to operate.

3.3.2 Weather Data

The daily temperature and precipitation data are drawn from the Climate Pre-
diction Center (CPC) Global Temperature and Precipitation data. Daily tem-
perature and rainfall data are available at the 0.5× 0.5 quadrilateral grid. For
relative humidity, data is drawn from the National Center for Environmental
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Prediction (NCEP) Reanalysis data (Kalnay et al., 1996). The daily mean rela-

tive humidity data is available at the 2.5× 2.5 quadrilateral grid. Both CPC and

NCEP datasets are provided by the National Oceanic and Atmospheric Associ-

ationss (NOAA) Physical Sciences Division (PSD).18

I use daily maximum and minimum temperature data and calculate daily mean

temperature as the simple average of the maximum and minimum tempera-

ture. For precipitation and relative humidity, I use total daily precipitation and

daily average relative humidity, respectively. To construct weather measures at

the district-level, I overlay the GIS boundaries of each district with the gridded

climate data to calculate daily mean temperature, precipitation, and relative

humidity at the district level. Panel B of table 3.1 provides summary statistics

of weather data.

I also obtain predicted data for the future daily temperature distribution from

the National Center for Atmospheric Research’s (NCAR) Community Climate

System Model 4 (CCSM4) Global Circulation Model.19 CCSM4 model output

predictions are available for several Representative Concentration Pathways

(RCPs). RCPs are scenarios of greenhouse gas concentrations, constructed by

the Intergovernmental Panel on Climate Change (IPCC). I focus on RCP 8.5,

which is a high concentration pathway or an unmitigated scenario in which

emissions continue to rise throughout the 21st century. I use daily average tem-

perature predictions for India from the CCSM4 model for the years of 2075-

2099.20 The model output is available at 1×1.25 latitude-longitude grid. I over-

lay the gridded data on district boundaries to construct district-level tempera-

ture data.

To capture the effects of daily temperature variation within a year, I use a

widely-used method that assigns each district’s daily mean temperature real-

18CPC and NCEP reanalysis data provided by the NOAA/OAR/ESRL PSD, Boulder, Col-
orado, USA, collected from their Web site at https://www.esrl.noaa.gov/psd.

19 Information about the model can be found at http://www.cesm.ucar.edu/experiments/.
For details of the model, please see (Gent et al., 2011).

20This data can be accessed from https://www.earthsystemgrid.org/.
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izations into several temperature bins.21 This binning approach allows to flex-

ibly estimate the nonlinear effects of temperature across various temperature

realizations.

I divide the daily average temperature measured in degrees Celsius into k =

1, .., 7 separate bins. TMEANk
dt is the kth of 7 temperature bins in district d in

year t. The coldest temperature bin (TMEAN1
dt) is a count of the number of

days with daily average temperature less than 15◦C, and the hottest temper-

ature bin (TMEAN7
dt)) is a count of number of days with daily average tem-

perature greater than 34◦C. Each interior bin is 4◦C apart. Thus the 365 daily

average temperature values within a year are distributed over these seven bins.

Figure 3.1 shows the annual distribution of daily average temperatures across

India. The average number of days with the daily mean temperature falling

in each of the seven temperature bins (TMEANk
dt) are represented by each bar.

The daily mean temperature distribution for my sample period (2000, 2005, and

2010) are represented by the blue bars. The red bars show the distribution of

future temperature for the period of 2075-2099 based on the CCSM4 climate

forecast model under the RCP 8.5 scenario (business-as-usual). From the figure

3.1, we see that the distribution is predicted to shift to the right which under-

scores the importance of exploring the right tail of the distribution.

3.3.3 Household Data

To estimate the welfare effect of temperature shocks on manufacturing house-

holds, I use household survey data from the Indian Human Development Sur-

vey (IHDS). IHDS is a nationally representative longitudinal household survey

and is available for two rounds, 2004-05 and 2011-12 (Desai et al., 2005; Desai

and Vanneman, 2015). The raw data cover households in 1,503 villages and 971

urban areas across India. I use household-level data which has information on

21This method is widely used in the literature. See, for example, Dell et al. (2014) for a review.
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consumption expenditure, the main occupation of the household head and in-

dustry of occupation. I use that information to estimate the impact of shocks on

consumption expenditure of manufacturing households.

3.4 Empirical Strategy

In this section, I describe the empirical specification to estimate the relationship

between temperature realizations on the various establishment-level outcome

of informal enterprises.

Following Deschênes and Greenstone (2011), Hsiang (2016), and Burgess et al.

(2017), I estimate the following regression equation for establishment i located

in industry j at district d in year t-

yijdt = β0 +
7

∑
k=1

βkTMEANk
dt + δWdt + θXijdt + γj + γd + γt + εijdt (3.1)

Where yijdt is the outcome variable (e.g, log of output, output per labor, la-

bor). The key explanatory variable of interest is the variable TMEANk
dt which

denotes the number of days in district d in year t on which the daily mean

temperature falls in the kth of the seven temperature bins. I estimate separate

coefficients βk for each of these temperature bin regressors. As there are 365

days in a standardized year, to avoid multicollinearity I use the temperature

bin 23◦-26◦C as a reference category. Therefore, the coefficient of that bin is nor-

malized to zero. Thus, the coefficient βk can be interpreted as the marginal effect

of one additional day in the temperature bin k relative to a day in the temper-

ature bin 23◦-26◦C. For example, the coefficient on the hottest bin (β7) shows

the marginal effect of an extra day with an average temperature above 34◦C
on informal enterprises relative to a day with an average temperature between

23◦C and 26◦C. This binning approach allows the data to determine the various

temperature response functions rather than imposing parametric assumptions.
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Though my main focus is on the effects of temperature on informal establish-
ments, temperature variation can be possibly correlated with variation in other
weather variables which can potentially confound the results (Burgess et al.,
2017; Garg et al., 2018). For that reason, I also control for other non-temperature
weather variables (Wdt) including daily total precipitation and average rela-
tive humidity in my specification. Xijdt is a vector of establishment-level con-
trols which include ownership type (single vs. multiple owners), location of
the establishment (home-based or not). γj is the three-digit industry-fixed ef-
fect, which absorbs all unobserved industry-specific time-invariant determi-
nants of the outcome. γd is the district-fixed effect, which absorbs all unob-
served district-specific time-invariant determinants of the outcome. γt is the
year fixed effect, which controls for time-varying differences in the outcome
variable that are common across regions. Standard errors are clustered at the
district-level.

Here the identification assumption is, the changes in the number of hot days are
exogenous and stochastic across years after controlling for the average climate
of each district absorbed by district-fixed effects; precipitation, and relative hu-
midity in each district, and year effects. Thus each coefficient βk is identified by
comparing the effects of the number of hot days on enterprises with the same
observable characteristics located within the district, where enterprises experi-
ence different intensities of hot days in different years.

3.5 Results

3.5.1 Baseline Results

At first, I report the baseline results estimated by using the above regression
equation. To visualize the results, I plot the point estimates for βk relative to the
omitted reference group (23◦C and 26◦C) for the output produced by the in-
formal enterprises. Figure 3.2 illustrates the relationship between temperature
and output produced in the informal sector. For extremely high temperatures
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(above 31◦C), the negative effects are statistically significant. The point esti-

mate of the bin 31◦C-34◦C implies that an extra day with temperatures in the

bin 31◦C-34◦C causes a 0.5% reduction in output of informal enterprises, rela-

tive to an extra day with temperatures between 23◦-26◦C.22

These effects are robust across various specifications. Table 3.2 reports the re-

sults of daily temperatures on output using various specifications including the

specification used to produce figure 3.2. My model includes all temperature

bins but I only report the coefficients on temperature bins 31◦-34◦C and >34◦C

because of space limitations. Column (3) is the preferred specification with dis-

trict, industry and year fixed effects along with other establishment-level and

weather controls as shown in figure 3.2. Column (1) and (2) test the robustness

of the results in other specifications. Column (1) includes industry, district, and

year fixed effects without any weather and establishment-level controls. One

potential threat to the underlying identification assumption can be caused by

time-varying factors that covary with temperature shocks and influence out-

come variables of informal establishments. Differential industrial composition

in different districts may also cause a differential response of establishments

to temperature shocks. Column (2) includes district-industry FE and industry-

year FE to control for differential industrial composition and time-varying fac-

tors, respectively. My results are robust across all specifications.23

This negative effect of temperature on output can be driven by a reduction in

worker productivity and labor supply (Somanathan et al., 2015; Zhang et al.,

2018). To further explore the mechanism, I examine the temperature-productivity

and temperature-labor relationship. In column (1) of table 3.3, we can see that

these negative effect on output is mainly through a reduction in labor produc-

tivity (measured as output per worker) of the informal manufacturing enter-

prises. Ten more days with daily average temperature above 34◦C relative to

22In figure 3.2, there is also evidence of negative impact of low temperatures. This negative
impact of low temperatures can be explained by a physiological channel as discussed in Garg
et al. (2018). In this paper, I focus on the impact of high temperatures because climate change is
predicted to increase the number hot days as we see from figure 3.1.

23My findings are also robust to wet bulb temperature measure as discussed in section B.1.
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23◦-26◦C cause a 6% reduction in productivity of workers among informal es-
tablishments. In column (2) we see that there is no significant effect on the
number of workers employed in micro-enterprises (no extensive margin effect).
However, there could be an intensive margin effect on labor supply response as
high temperatures can lead to a reduction in time allocated to work (Garg et al.,
2019; Graff Zivin and Neidell, 2014). In the NSSO dataset, information on the
working hour is available for 2005 and 2010 rounds. By using that information,
in column (3) of table 3.3, I show that extreme temperatures significantly reduce
the number of hours worked by the workers. These results are consistent with
the temperature and time-allocation literature.

3.6 Heterogeneous Impacts

In this section, I document heterogeneity in temperature responses by different
enterprise-level characteristics. Following Burgess et al. (2017) and Garg et al.
(2018), I also employ a parsimonious version of equation 3.1 when analyzing
the heterogeneous effects of temperature shocks. The advantage of using this
approach is, it allows me to estimate only two temperature coefficients rather
than seven in the baseline model. However, it still captures the non-linear na-
ture of the relationships. The lower threshold of that version is <15◦C and up-
per threshold is >31◦C, which are based on the kink points that were obtained
by the estimation of nonparametric equation 3.1. Thus the estimated regression
model for heterogeneous analysis corresponds to-

yijdt =β0 + β1TMEANdt(<= 15◦C)× Zijdt + β2TMEANdt(>= 31◦C)× Zijdt

+ δWdt + θXijdt + γj + γd + γt + εijdt
(3.2)

where yijdt is the log of output for establishment i located in industry j at district
d in year t. The explanatory variables TMEANdt(<15◦C) and TMEANdt(>31◦C)
denotes the number of days in district d in year t on which the daily average
temperature is less than or equal 15◦C and greater than or equal 31◦C, respec-
tively. Zijdt are establishment-level characteristics (i.e., capital and electricity
intensity, location of the enterprise) for which I am examining heterogeneous
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effects. Other controls are same as mentioned in section 3.4.

3.6.1 Heterogeneity by Capital Intensity and Electricity Inten-
sity of Enterprises

In the previous section, I document a reduction in labor productivity as the

main mechanism through which informal enterprises are affected by tempera-

ture shocks. In that case, we would expect to see capital-intensive enterprises

would be relatively unaffected by temperature shocks. Table 3.4 column (1)

shows the heterogeneous impact of temperature shocks on enterprises with

different capital intensity. Capital intensity of each enterprise is defined as the

capital-to-labor ratio of the enterprise. Then I construct capital-intensity quar-

tiles at the three-digit industry level. I interact capital intensity quartiles with

temperature bins to estimate the heterogeneous impact by capital intensity. We

see that enterprises with lower capital-intensity (i.e., higher labor intensity) are

more affected by hot days than enterprises with higher capital intensity.

The usage of cooling technologies can moderate the effects of extreme heat on

informal enterprises. In my data, I do not observe whether enterprises use

cooling technology in their production. However, I have data on enterprise-

level electricity expenditure of enterprises. As electricity is required for cooling

technologies to be used, higher electricity usage can moderate the effects of

hot weather. To check that possibility, I use the electricity expenditure mea-

sure of enterprises and construct electricity-intensity quartiles at the three-digit

industry-level. Column (2) of table 3.4 reports the results. I find that enterprises

with lower electricity expenditure are more affected by temperature shocks.

Thus my findings highlight that the negative effect of high temperatures is

borne by those who are worst-off among informal enterprises.
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3.6.2 Heterogeneity by the Location of Enterprises

In this section, I estimate the heterogeneous impacts of temperatures by the lo-
cation of enterprises. At first, I examine whether hot temperatures have any
differential effect on enterprises located within household and outside house-
hold premises. To identify whether an enterprise is located within or outside
household premises, I use the variable of the location of the enterprise. I de-
fine an enterprise operate within household if the location of the enterprise is
mentioned as within household premises. Outside household enterprises are
located outside household premises which can have permanent, temporary, or
no structure. Table 3.5 column (1) shows that enterprises operate within house-
hold or outside household premises are affected similarly due to temperature
shocks.

I also examine heterogeneity by rural and urban enterprises. Table 3.5 column
(2) shows that there is no significant heterogeneity between rural and urban
enterprises. Because of the weather-dependence of the agricultural sector, con-
ventional literature concludes that temperature sensitivity is higher among ru-
ral agricultural households (Burgess et al., 2017). In developing countries, a
large share of non-agricultural employment is in the informal sector,24 that are
associated with higher levels of poverty and low-productivity. My findings
suggest that extreme heat can worsen the situation of working poor in both ur-
ban and rural areas in developing countries.

3.7 Robustness Checks

3.7.1 Effects on Agro-processing and Contractual Enterprises

I argued in section 3.5 that higher temperatures reduce output in the informal
sector by directly reducing labor productivity and working hours of workers in

24In India, 99% of enterprises and 81% of manufacturing employment are in the informal or
unorganized sector Ghani and Kanbur (2013).
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microenterprises. An alternative explanation of this reduction in output could

be indirect negative effects from other sectors. For example, if temperature

shocks negatively affect agricultural production then it works as a negative sup-

ply shock to agro-processing enterprises. In that case, we would only see the

negative output impact on enterprises in the agro-processing industry. To check

that possibility, I estimate the differential impact between agro-processing and

other industries. Column (1) of table 3.6 shows that enterprises in both agro-

processing and other industries are similarly affected by extremely hot weather.

Some enterprises in the informal sector produce output on a sub-contract ba-

sis with the formal manufacturing sector. As it is documented in the literature

that formal manufacturing enterprises are negatively affected by hot weather

(Somanathan et al., 2015; Zhang et al., 2018), there could be some spillover ef-

fect from the formal manufacturing sector on informal enterprises working on

a sub-contract basis. To check the possibility of a spillover effect from the for-

mal manufacturing sector, I estimate the heterogeneous impact by the contract

structure of enterprises. I use the information on whether enterprises are oper-

ated on a contractual basis and create a dummy based on that information. I do

not find any differential impact on enterprises that are operated on a contrac-

tual basis with formal establishments (column (2) table 3.6). These support my

findings are the direct negative effects on the informal enterprises rather than

indirect effects from other sectors.

3.7.2 Effects after Controlling for Lag Temperature and District-
Specific Trends

To demonstrate the robustness of my findings to the inclusion of lags of temper-

ature shocks, I include a one-year lag of temperature shocks a control. Column

(1) of table 3.7 shows that the results are robust to the inclusion of a one-year

lag in the model. My main specification only controls for time-varying unob-

servables that do not vary across districts. To show that my findings are robust

to controlling for time-varying unobservables, I include district-specific linear
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time trends in my model. Table 3.7 column (2) shows that my findings are ro-
bust to these additional controls.

3.8 Aggregate Effect and Impacts on Household Wel-
fare

3.8.1 Industry and District-level Effects

My results so far present the negative impacts of temperature shocks on infor-
mal enterprises. In this section, I analyze the effect at the industry and district-
level to estimate the aggregate cost of the economy due to high temperatures. I
use the sampling multipliers in the data to construct industry and district-level
measures to make it representative of the population. Table 3.8 shows the re-
sults of the aggregate impact. From column (1) and (2) we see that a 10-day
increase in the number of hot days above 34◦C causes around 9% reduction in
industry and district-level output produced by informal enterprises. The aver-
age district-level output produced by informal enterprises in my sample is Rs.
3.89 million.25 Thus, if we have 10 more days above 34◦C then it will cause
around Rs. 0.35 million reductions in total manufacturing output.

3.8.2 Impact on Household Welfare

As people in the informal sector are mainly working poor, a reduction in out-
put due to temperature shocks can have significant implications on their in-
come and thus welfare. To estimate this negative effect of temperature shock
on manufacturing household welfare, I use household-level consumption ex-
penditure data from the Indian Human Development Survey (IHDS). Table 3.9
shows that higher temperatures have a significant negative impact on the per
capita consumption expenditure of households working in the manufacturing
sector. I define manufacturing households using information on the industry of

251 Rs.= 0.014 USD.
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occupation and type of occupation as provided by the IHDS data. Table 3.9 re-
ports the results. Column (1) shows the effect of all households in the working
in the manufacturing sector and column (2) shows effects on only manufactur-
ing labor. My results are similar in both specifications.

3.9 Conclusion

The informal sector is an important feature in many developing countries which
has significant implications for the livelihoods of poor people. However, there
is no existing literature on how changes in climate affect the productivity and
welfare of people working in non-agricultural informal businesses. The key
contribution of this paper is to document the negative impact of high temper-
atures on the informal economy in developing countries. I find that high tem-
peratures reduce output produced by informal microenterprises by reducing
the productivity of workers. Furthermore, I show that an increase in capital
and electricity intensity in production can moderate the negative impact of hot
weather. An interesting result is that both urban and rural populations are af-
fected equally by hot weather. Thus, there is no insurance value of living in
urban areas for better protection against the negative effects of hot weather. I
also document a significant negative impact on the consumption expenditure
of households working as manufacture labor. These findings suggest that if
adaptation measures are not taken, these productivity shocks in the informal
economy due to high temperatures can undermine hard-fought poverty reduc-
tion in developing countries.
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Table 3.1: Summary statistics of informal microenterprises

Variable Mean Std. Dev. N
Panel A: Informal Microenterprises Data
Total Labor 2.629 2.432 379206
Total Hired Labor 1.065 2.235 379206
Total Output (thousand Rs.) 174.454 1834.848 378058
Female-owned 0.210 0.407 379206
Own-account workers 0.666 0.471 379206
Home based firms 0.516 0.500 379206
Use electricity 0.653 0.476 379206
No fixed location 0.06 0.238 379206
Rural 0.446 0.497 379206
Panel B: Weather Data
Daily average temperature (◦C) 24.624 4.484 1779
Annual total precipitation (mm) 1145.806 638.179 1779
Daily average relative humidity (%) 36.349 10.024 1779
Days 31-34◦C 39.818 31.613 1779
Days > 34◦C 9.463 13.579 1779

Notes: I use 2000, 2005, and 2010 data to construct summary statistics table. Output val-
ues are deflated by the wholesale price index (WPI) for the appropriate product category.
Weather measure is at the district-level. I do not use survey weights in the NSSO data to
calculate the measures.
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Figure 3.1: Daily Temperature Distribution (2000-2010) and Predicted Daily Tem-
perature Distribution (2075-2099)
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Figure 3.2: Estimated Effects of Daily Temperature on Output of the Informal Man-
ufacturing Sector
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Table 3.2: Effect of temperature shock on output

(1) (2) (3)
VARIABLES log(output) log(output) log(output)

31− 34◦C -0.006*** -0.004*** -0.005***
(0.001) (0.001) (0.001)

> 34◦C -0.008*** -0.005*** -0.006***
(0.002) (0.002) (0.002)

Observations 378,053 377,046 377,908
District FE Yes No Yes
Industry FE Yes No Yes
Year FE Yes No Yes
Firm & Weather Controls No Yes Yes
District-Industry FE No Yes No
Industry-Year FE No Yes No

Notes: Output refers to the value of real output produced by the establishment.
Models include all temperature bins. Only coefficients of bins 31 − 34◦C and
> 34◦C are shown. Weather controls include log of total rainfall and daily relative
humidity. Firm-level controls include ownership structure and whether the firm
is home-based or not. I use sample weights provided in the dataset in regressions.
Standard errors are clustered at the district-level. *** p<0.01, ** p<0.05, * p<0.1
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Table 3.3: Effect of temperature shock on labor productivity, employ-
ment, and working hours

(1) (2) (3)
VARIABLES log(Y/L) log(labor) log(hours)

31− 34◦C -0.005*** -0.000 -0.001*
(0.001) (0.000) (0.001)

> 34◦C -0.006*** 0.000 -0.005***
(0.002) (0.001) (0.001)

Observations 377,908 379,042 173,467
District, Industry & Year FE Yes Yes Yes
Firm & Weather Controls Yes Yes Yes

Notes: log(Y/L) is measured as output per worker (real output divided by num-
ber of employees). Labor is measured as total number of employees including
the working owner. Hours is a measure of number of hours operated which is
available for 2005 and 2010 rounds. Models include all temperature bins. Only
coefficients of bins 31 − 34◦C and > 34◦C are shown. Weather controls in-
clude log of total rainfall and daily relative humidity. Firm-level controls in-
clude ownership structure and whether the firm is home-based or not. I use sam-
ple weights provided in the dataset in regressions. Standard errors are clustered
at the district-level. *** p<0.01, ** p<0.05, * p<0.1
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Table 3.4: Heterogeneous impact by capital and electricity intensity

(1) (2)
VARIABLES log(output) log(output)

>= 31◦C × Capital Intensity Quartile=1(lowest) -0.009***
(0.001)

>= 31◦C × Capital Intensity Quartile=2 -0.005***
(0.001)

>= 31◦C × Capital Intensity Quartile=3 -0.003***
(0.001)

>= 31◦C × Capital Intensity Quartile=4(highest) 0.001
(0.001)

>= 31◦C × Electricity Intensity Quartile=1(lowest) -0.008***
(0.001)

>= 31◦C × Electricity Intensity Quartile=2 -0.006***
(0.001)

>= 31◦C × Electricity Intensity Quartile=3 -0.001
(0.001)

>= 31◦C × Electricity Intensity Quartile=4(highest) 0.002
(0.001)

Observations 377,908 377,908
District FE Yes Yes
Industry FE Yes Yes
Group*Year FE Yes Yes
Firm & Weather Controls Yes Yes

Notes: Column (1) shows heterogeneity by capital intensity of firms. To calculate capital inten-
sity of firms, I calculate capital-to-labor ratio of firms. Capital intensity quartiles are calculated at
the three-digit industry-level. Column (2) shows heterogeneity by intensity of electricity usage by
firms. Electricity intensity quartiles are calculated at the three-digit industry-level. Models include
all temperature bins. Only coefficient of bin >= 31◦C is shown. Weather controls include log
of total rainfall and daily relative humidity. Firm-level controls include ownership structure and
whether the firm is home-based or not. I use sample weights provided in the dataset in regressions.
Standard errors are clustered at the district-level. *** p<0.01, ** p<0.05, * p<0.1
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Table 3.5: Heterogeneous effects by the location of the enterprise

(1) (2)
VARIABLES log(output) log(output)

>= 31◦ C ×Within Household Premises -0.004***
(0.001)

>= 31◦ C × Outside Household Premises -0.004***
(0.001)

>= 31◦ C × Rural -0.005***
(0.001)

>= 31◦ C × Urban -0.004***
(0.001)

Observations 377,908 377,908
District FE Yes Yes
Industry FE Yes Yes
Group*Year FE Yes Yes
Firm & Weather Controls Yes Yes

Notes: Column (1) shows the effects by location of enterprises. An enterprise is defined as operated within household
premises if the location of the enterprise is mentioned as that. Outside household premises are enterprises located out-
side of household premises which can have permanent, temporary, or no structure. Column (2) shows heterogeneity by
rural and urban enterprises. Models include all temperature bins. Only coefficient of bin >= 31◦C is shown. Weather
controls include log of total rainfall and daily relative humidity. Firm-level controls include ownership structure and
whether the firm is home-based or not. I use sample weights provided in the dataset in regressions. Standard errors are
clustered at the district-level. *** p<0.01, ** p<0.05, * p<0.1
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Table 3.6: Spillover effect from other sectors

(1) (2)
VARIABLES log(output) log(output)

>= 31◦ C × Agro-processing industry -0.004***
(0.001)

>= 31◦ C × Non-agro industries -0.004***
(0.001)

>= 31◦ C × Contract -0.005***
(0.001)

>= 31◦ C × Non-Contract -0.004***
(0.001)

Observations 377,908 377,908
District FE Yes Yes
Industry FE Yes Yes
Group*Year FE Yes Yes
Firm & Weather Controls Yes Yes

Notes: Column (1) shows heterogeneity between agro-processing and other indus-
tries to capture the spillover effect of temperature shocks from the agricultural sec-
tor. Agro-processing is a dummy equal to 1 if NIC-2digit=15 according to National
Inustrail Classification 1998. Column (2) heterogeneity according to the contract
structure of firms to capture the spillover effect from the manufacturing sector.
Models include all temperature bins. Only coefficients of bin > 31◦C is shown.
Weather controls include log of total rainfall and daily relative humidity. Firm-
level controls include ownership structure and whether the firm is home-based or
not. I use sample weights provided in the dataset in regressions. Standard errors
are clustered at the district-level. *** p<0.01, ** p<0.05, * p<0.1
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Table 3.7: Effects after including lag temperature shocks and
district-specific trend

(1) (2)
VARIABLES log(output) log(output)

31− 34◦C -0.005*** -0.005***
(0.001) (0.001)

> 34◦C -0.010*** -0.006***
(0.003) (0.002)

Observations 377,908 377,908
District, Industry FE & Year FE Yes Yes
Firm & Weather Controls Yes Yes
One-year lag Yes No
District-trend No Yes

Notes: Column (1) reports effects of temperature shocks on the informal
sector including one-year lag temperature shocks in the model. Column
(2) shows the effects after including district-specific trends in the model.
Only coefficients of bins 31− 34◦C and > 34◦C are shown. Weather con-
trols include log of total rainfall and daily relative humidity. Firm-level
controls include ownership structure and whether the firm is home-based
or not. I use sample weights provided in the dataset in regressions. Stan-
dard errors are clustered at the district-level. *** p<0.01, ** p<0.05, *
p<0.1
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Table 3.8: Industry and district-level effect

(1) (2)
VARIABLES log(output) log(output)

31− 34◦C -0.004** -0.007***
(0.002) (0.003)

> 34◦C -0.009*** -0.009**
(0.003) (0.004)

Observations 27,034 1,554
District FE Yes Yes
Industry FE Yes -
Year FE Yes Yes
Weather Controls Yes Yes

Notes: Column (1) reports effects of temperature shocks on the industry-level output. Col-
umn (2) shows the effects of temperature shocks on the district-level output. Only coef-
ficients of bins 31− 34◦C and > 34◦C are shown. Weather controls include log of total
rainfall and daily relative humidity. I use sample weights provided in the dataset. Stan-
dard errors are clustered at the district-level. *** p<0.01, ** p<0.05, * p<0.1
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Table 3.9: Effects on consumption expenditure of households working in the manufacturing
sector

(1) (2)
VARIABLES log(consumption) log(consumption)

31− 34◦C 0.003 0.004
(0.003) (0.003)

> 34◦C -0.030** -0.035**
(0.014) (0.014)

Observations 1,248 1,066
Household FE Yes Yes
Year FE Yes Yes
Household & Weather Controls Yes Yes
Sample Manufacturing Industry Manufacturing Labor

Notes: Column (1) reports effects of temperature shocks on monthly per capita consumption expen-
diture of households working in the manufacturing sector. Manufacturing households are identified
from the main occupation industry of the household head from National Industry Classification pro-
vided in the IHDS dataset. Column (2) shows effects of temperature shocks on monthly per capita
consumtion expenditure of households working as a labor in the manufacturing sector. Manufacture
labor households are identified using National Occupation Classification and National Industry Clas-
sification provided in the IHDS dataset. Only coefficients of bin 31◦C-34◦C and > 34◦C is shown.
Houeshold controls include age, sex, and religion of the household head. Weather controls include log
of total rainfall and daily relative humidity. All regressions include initial district-level employment as
regression weights. Standard errors are clustered at the district-level. *** p<0.01, ** p<0.05, * p<0.1
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Chapter 4

When It Rains, It Pours: Estimating
the Spatial Spillover Effect of
Rainfall

4.1 Introduction

Climate change is projected to increase more intense and frequent extreme
precipitation events globally (Pachauri et al., 2015). An emerging consensus
in the literature is that higher precipitation, when it does not lead to floods,
either has no effect on agricultural output (Dell et al., 2012) or that it actually
increases agricultural profits (Deschênes and Greenstone, 2007) and economic
growth (Barrios et al., 2010).26 A key feature of these studies is that they focus
on the effect of a region’s own rainfall and ignore any spatial spillovers. This
is problematic since, as we show below, patches of high or low rainfall tend to
span multiple regions. The resulting spatial correlation means that rainfall may
have adverse spatial spillover effects.

Why might these spatial spillover effects matter? Consider a farmer resid-
ing in region i. Greater rainfall in i will increase this farmer’s crop output and,
for a given crop price, increase her income. But if i experiences greater rainfall,
then so will other neighboring districts. This means that when an individual

26See Dell et al. (2014) for a recent review of the extensive literature documenting the average
effects of rainfall on various agricultural outcomes.
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farmer’s production increases due to rain, so will the production of all other
nearby farmers growing the same crop. This general equilibrium effect will in-
crease regional crop output and, all else equal will result in lower crop prices.
With price inelastic demand, such a reduction in crop prices will result in lower
farm incomes.

In this paper, we examine the extent to which these spatial spillovers mat-
ter for rural household welfare. To do so, we use household-level, panel data
from India along with high-resolution meteorological data. 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.

Our choice of India as a setting for this analysis provides us with two im-
portant benefits. As a geographically large country, India experiences signif-
icant spatial and temporal variations 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 un-irrigated and
rain-fed and the sector plays a dominant role in the overall economy. For in-
stance, agriculture accounts for 49 percent of India’s total employment and 52
percent of agricultural land are un-irrigated and rain-fed (ES, 2018). Thus, any
adverse spatial spillover effect of rainfall is likely to be of first-order importance
here.

Our results indicate that both own-district rainfall shocks and neighbor’s
rainfall shocks have a statistically and economically significant effect on ru-
ral household consumption. We find that greater own-district rainfall results
in an increase in household consumption. This confirms the positive effect of
own-region rainfall that has been documented by (Deschênes and Greenstone,
2007), among others. We also find that a rainfall shock in neighboring districts
has a large negative effect on household consumption. This suggests that a
neighbor’s rainfall shock significantly attenuates the consumption benefits of
own-district rainfall.

Further, our estimates indicate that this attenuating effect is economically
significant. For instance, if we ignore the spatial spillover effect of neighbor’s
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rainfall shocks, we find that a one-standard deviation increase in a district’s

own rainfall shock raises household consumption by 7.72 percent. However,

after accounting for the adverse spatial spillover effect, we find that a one-

standard deviation increase in a district’s own rainfall shock raises household

consumption by 2.54 percent. This finding suggests that farmers who face

moderate-to-low rainfall in their own district and high rainfall in neighboring

districts may, in fact, be worse off due to greater rain. It also implies that in ad-

dition to protecting farmers from droughts, climate-change mitigation policies

should also consider the fact that greater rainfall, even when they do not lead

to floods, can adversely affect farmers.

Our finding of a negative spatial spillover effect of rainfall can be explained

by a decrease in crop prices and agricultural income as a result of greater rain-

fall in neighboring districts. We empirically examine whether these channels

are supported by the data. Using district-level crop-price data, we verify that

a rainfall shock in neighboring districts leads to a reduction in crop prices re-

ceived by farmers. In addition, consistent with our spatial spillovers channel,

we show that households that experience a higher neighbor’s rainfall shock ex-

perience a reduction in their agricultural income. We find no such effect on

non-agricultural salaries and wages as well as on remittances. To further sup-

port this result, we show that the negative effect of a neighbor’s rainfall shock

on household consumption only holds for households that report agriculture

as their main source of income. All of these results confirm that the price-based

mechanism outlined above is a plausible explanation for our spatial spillover

effect.

Our paper is related to a sparse literature that documents the spatial spillover

effects of weather shocks. For instance, Burgess and Donaldson (2012) examine

whether openness to trade reduces or exacerbates the sensitivity of real incomes

to productivity shocks in India. As part of their overall analysis, they show that

crop prices in a particular district are negatively related to rainfall in neighbor-

ing districts. We extend their analysis by empirically examining the effect of

neighboring rainfall shocks on household welfare. This is important because

the net welfare effect of a rainfall spillover shock is ambiguous. While farmers

lose income as a result of the lower prices, they gain as consumers. It follows
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that a key advantage of our paper is that we have the household panel data nec-

essary to examine whether rural household’s are indeed worse off as a result of

a rainfall shock in neighboring districts.27

Our paper is also related to the literature that examines the effect of cli-

mate change induced variation in temperature and rainfall on agricultural out-

comes using both simulation methods (Adams, 1989; Adams et al., 1995) and

regression analysis (Dell et al., 2012; Deschênes and Greenstone, 2007; Mendel-

sohn et al., 1994; Schlenker et al., 2006). Our paper is also related to the litera-

ture that documents the welfare consequences of weather shocks in developing

countries. These studies find that weather shocks affect agricultural produc-

tion, employment, and wages (Emerick, 2018; Jayachandran, 2006; Kaur, 2019)

as well as human capital (Maccini and Yang, 2009; Shah and Steinberg, 2017).

Our contribution to this literature is that in addition to examining the effect of

own-region rainfall, we also examine the spatial spillover effect of rainfall in

neighboring regions.

We structure the rest of the paper as follows. In section 4.2, we describe our

household and rainfall data. In this section, we also describe how we construct

our own-rainfall and neighbor’s rainfall shock variables. In section 4.3, we de-

scribe the empirical strategy we use to identify the impact of rainfall shocks on

household consumption. In section 4.4, we present our baseline results and ad-

dress key econometric issues. In section 4.5, we explore the potential channels

through which rainfall shocks in neighboring districts affect household con-

sumption. Finally, in section 4.6 we provide a conclusion.

27Boustan et al. (2017) construct a measure of natural disasters for U.S. counties that ac-
count for both own-county disasters as well as disasters that occur in nearby counties. Unlike
our analysis, they do not separately estimate the effect of an own-county disaster shock and
a neighbor’s disaster shock. Our approach is also related to past efforts at estimating spatial
spillovers in other contexts (see e.g. Miguel and Kremer (2004).
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4.2 Data

4.2.1 Household Data

We use household data from the Indian Human Development Survey (IHDS).

IHDS is a nationally representative longitudinal household survey and is avail-

able for two rounds, 2004–05 and 2011–12 (Desai et al., 2005; Desai and Van-

neman, 2015). The raw data cover households in 1,503 villages and 971 urban

areas across India. IHDS 2005 (round 1) has information on 41,554 households

among which 26,734 households are residing in rural areas and 14,820 in towns

and cities. IHDS 2012 (round 2) has information on 42,152 households among

which 27,580 and 14,573 households are residing in rural and urban areas, re-

spectively. 6,911 households from round 1 lost to recontact in round 2. IHDS

2012 also has information on 2,134 new households who are not interviewed in

round 1. However, given that we are interested in the effect of rainfall on agri-

cultural household consumption, we restrict our sample to rural households

that are observed in both periods.28 This results in a working sample that con-

sists of 28,087 households in 283 districts across India.29

Our key outcome variable is each household’s total consumption expen-

diture per capita. IHDS constructs this using expenditure on a series of food

and non-food items. They use a mixed recall period - a 30-day recall period for

more frequently purchased items and a 365-day recall period for infrequently

purchased non-food items. To calculate monthly per capita consumption ex-

penditure, they divide expenditures into infrequently-purchased items by 12

before adding it to the total expenditure on frequently-purchased items. They

then divide total household consumption expenditure by the number of house-

hold members. To convert these to real values, we use the deflator provided in

the raw data. This results in final consumption values that are in constant 2005

Rupees.

28The only exception to this restriction is new households in 2011–2012 that split off from
households in 2004–2005. We retain these households even though they appear in only IHDS2.

29To 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.
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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 attri-
tion, household migration, or other endogenous compositional changes in the
sample.

Table 4.1 provides descriptive statistics of the households in our IHDS sam-
ple. The average household has monthly consumption expenditure of approxi-
mately 876 Rupees per person and 20.41 percent of these households are below
the official poverty line.30 The households in our sample are also highly depen-
dent on agricultural production, with 55.17 percent of households reporting
agriculture as their main source of income. In addition, the average household
in our sample has 5.48 members and 1.75 children. On average, 88.50 percent
of households have a male head with an average age of 48.95 and 83.02 percent
of households are Hindu.

Our analysis rests on the assumption that households in our sample pro-
duce crops for sale to traders and/or agricultural markets. If the households in
our sample are mainly subsistence farmers with little or no connection to mar-
kets then 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 4.2. In Panel A, we examine whether households in our sam-
ple are active participants in markets. The data we use to construct the sum-
mary statistics in Panel A were only collected during 2004–2005 IHDS round.
They suggest that only 3 percent of households in our sample are sharecrop-
pers. Further, 59.84 percent of the households in our sample sell their crops
with these sales representing, on average, 34.39 percent of their total produc-
tion. These numbers suggest that, while the households in our sample are poor,

30The monthly expenditure is equivalent to 20.14 U.S. dollars per person in 2005. The
poverty indicator is as provided in the IHDS data. This indicator is calculated using the In-
dian Planning Commission poverty line.
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they nonetheless actively sell their crops to traders and/or in agricultural mar-
kets.

In Panel B of table 4.2, we use various village-level market access measures
to examine how isolated the households in our sample are. Unfortunately, we
do not have household-level data on the distance to the nearest wholesale mar-
ket, so instead, we use several village-level proxies of market access instead.
These results suggest that 94.32 percent of villages in our sample are accessi-
ble by road. Further, on average, the villages in our sample are 6.37 kilome-
ters away from the nearest agricultural retail market 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.

4.2.2 Rainfall Data

We pair our household data with rainfall data from the ERA-Interim Re-
analysis Archive. These daily data are available at a 0.25o × 0.25o 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 cre-
ate consistent measures of precipitation at a spatially granular level (Auffham-
mer et al., 2013). When compared to standard rainfall data from ground sta-
tions, 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 quality and quantity of rainfall data that is available (Colmer,
2016).

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 calculate 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 mon-
soon rainfall for each district in our sample in a given year. In figure 4.1, we
plot the trend in average monsoon rainfall in our sample over the period 1979
to 2011. As is evident from this figure, the average rainfall in India has been
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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),
Cole et al. (2012), and Emerick (2018) and create a rainfall anomaly measure
for each district. This anomaly measure captures 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 t, we define its own rainfall shock as

RO
dt =

Rdt − Rd
Sd

(4.1)

where Rdt is the total monsoon rainfall in a district in year t and Rd is each
district’s average monsoon rainfall over the entire period for which we have
data (1979 to 2015). Similarly, Sd is each district’s monsoon rainfall standard
deviation during the 1979 to 2015 period. Thus, a higher value of RO

dt indicates
that a district received total monsoon rainfall in a year that was above its long-
term average.31

In figure 4.2 we illustrate the spatial variation in rainfall in India by plot-
ting rainfall anomaly 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 figure 4.2 we can see that in 2004 the low rain-
fall 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 re-
gions 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 dis-
tricts 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.

31In 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 t is above
its 80th percentile 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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To examine this spatial spillover effect, we use the following measure of
rainfall in neighboring districts:

RN
dt = ∑

j 6=d

(
1

ωdj
× RO

jt

)
(4.2)

where j indexes all other districts in the sample and ωdj is the straight-line dis-
tance (in kilometers) between the centroids of d and j. We normalize this dis-
tance to ensure that the ratio 1/ωdj sum to one. Finally, RO

jt is the own rainfall
anomaly shock in district j and year t. Thus, for each district d in year t, equa-
tion 4.2 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 dis-
tance between d and j. These inverse distance weights ensure that rain shocks
in nearby districts play a greater role in determining the size of RN

dt.
32 The corre-

lation coefficient between a district’s own rainfall shock, RO
dt, and its neighbor’s

rainfall shock, RN
jt , is 0.77. Such a high correlation follows naturally from the

spatial clustering of rainfall evident in figure 4.2. Summary statistics for all
rainfall variables used in the paper are reported in table 4.3.

4.3 Econometric Strategy

4.3.1 Conceptual Framework

Consider a risk-neutral farmer that consumes a crop, A. This is a crop
that the farmer can either purchase at the retail market or produce on his own.
Assume that the price of this crop, PA, is fixed from the farmers perspective and
is determined by the supply and demand of the crop in regional markets. In this
context, an increase in rainfall in neighboring districts will result in an increase
in the regional supply of the crop. In turn, this will lower its price.33

32This measure of neighbor’s rainfall shock builds on measures of market access that is fre-
quently used in the trade and economic geography literature. See Donaldson and Hornbeck
(2016) for a recent example.

33We are abstracting here from the presence of minimum support prices (MSP) that the In-
dian government uses to place a floor on the price of certain agricultural commodities. In
principle, such a policy will attenuate the effect of rainfall on neighboring districts on PA by
setting a lower bound on the latter. Thus, incorporating such price floors will not qualitatively
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To see how this will affect the farmer’s household consumption, consider

the canonical agriculture household model (Strauss et al., 1986) in which a

farmer’s utility depends on her family’s consumption of the staple crop, CA,

as well as her family’s total leisure time. Leisure is simply the total time en-

dowment minus the hours of farm labor. Given crop price PA and her farm

income Y∗, we know that her optimal consumption of the staple, CA, can be

written as CA = C(PA(RN), Y∗(RO, RN)). In turn, this allows us to write the ef-

fect of greater rainfall in neighboring districts, RN, on household consumption

as
CA

RN =
CA

PA
× PA

RN︸ ︷︷ ︸
Own-Price Effect

+
CA

Y∗
× Y∗

PA
× PA

RN︸ ︷︷ ︸
Farm-Income Effect

(4.3)

Equation (4.3) suggests that greater rainfall in neighboring districts will af-

fect a farmer’s consumption through two distinct channels. The first term on

the right-hand side indicates that by lowering the price of the farmers staple

crop, greater rainfall in neighboring districts will raise a farmer’s consump-

tion. This is the own-price effect. On the other hand, the second term on the

right-hand side indicates that by lowering the income earned from its staple

crop, greater rainfall in neighboring districts will lower a farmer’s consump-

tion. This is the farm-income effect. Thus, the net effect of greater rainfall in

neighboring districts on this farmer’s consumption is ambiguous. Which of

these two channels will dominate is, therefore, an empirical question.

4.3.2 Econometric Specification

In this section we describe the econometric specification we use to examine

the effect of both own rainfall shocks and neighbor’s rainfall shocks on house-

hold consumption. To capture these effects, we posit the following reduced-

form specification:

ln (Chdt) = α + β1RO
dt + β2RN

dt + γ1Xhdt + θh + θt + εhdt (4.4)

change our predictions. We chose to abstract from this as there is evidence that these MSP’s 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.
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where Chdt is the total consumption for household h in district d and year t,
RO

dt is a district d’s own district rainfall shock, and RN
dt is the rainfall shock in

neighboring districts. Our coefficient of interest is β2. If a positive rainfall shock
in neighboring districts has a negative effect on a household’s income, then we
would expect β2 to be negative.

Xhdt is a set of household-level variables that is likely to determine its total
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. θt is a year fixed effect that captures any country-wide shocks
that might be related to household consumption. Standard errors are clustered
at the district-year level.

Importantly, our baseline specification incorporates household fixed ef-
fects, θh. This provides us with several key advantages. First, a negative β2

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 tend to
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 neigh-
bor’s rainfall shocks. To the extent that these crop choices are time-invariant,
our household fixed effects will capture this confounding 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, RO

dt and RN
dt, 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 rain-
fall 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 rain-
fall shocks in neighboring districts. In addition, as is clear from figure 4.2, there
is significant within-district, temporal variation in our rainfall data. This al-
lows us to identify β1 and β2. Nonetheless, we show below that our results are
robust to excluding household fixed effects.
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4.4 Results

4.4.1 Baseline Results

We report our baseline results in table 4.4. In column (1) we estimate a

parsimonious version of equation 4.4 where we exclude household fixed effects.

The coefficient of the own rainfall shock is positive and statistically significant.

This confirms the findings of an earlier literature that document the positive

effects of rainfall on rural household welfare (Jayachandran, 2006; Kaur, 2019).

However, the coefficient of the neighbor’s rainfall shock variable suggests that

having greater rainfall in nearby districts lowers 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 col-

umn (1) to account for district-level factors that are correlated with a house-

hold’s consumption and may also be correlated with rainfall in a district. These

controls include a district’s latitude and longitude, the natural logarithm of a

district’s population, the share of workers in a district that is 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 Organi-

zation data from 1987 to construct them. The results in column (2) suggest that

the addition of these additional district controls does not appreciably change

our results.

Next, in column (3) of table 4.4 we report the results from estimating equa-

tion 4.4. 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 be biasing our estimates of the own rainfall

shock and the neighbor’s rainfall shock. As the results in column (3) demon-

strate, the effects we have identified thus far remain robust to the inclusion of

household fixed effects. That is, we continue to find that experiencing a greater

own rainfall shock raises household consumption while experiencing a greater

neighbor’s rainfall shock lowers household consumption. In column (3), with
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the inclusion of household fixed effects, we are relying on within-district varia-
tion in rainfall to identify our rainfall shock effects. As it is clear from figure 4.2,
our data does exhibit significant within-district variation in rainfall. Nonethe-
less, 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, note that
we can use equation 4.4 to write the effect of an own-district shock RO on house-
hold consumption (C) as

dln(C)
dlnRo = β̂1 + β̂2

dRN

dRO (4.5)

where the second term on the right-hand-side accounts for the fact that rainfall
tends to fall in clusters that span across districts (see figure 4.2). Thus, greater
rainfall in a district is likely to result in greater rainfall in neighboring districts
(RN). Now, in the absence of such a spatial spillover effect, the effect of an
own-district rainfall shock is simply β̂1. Given the estimates in column (3) of
table 4.4, it follows that a household that experiences a one-standard deviation
increase in its own rainfall shock will experience a 7.72 percent increase in its
consumption per capita. If instead we were to account for the spatial spillover
effect, we need to calculate the entire effect given in the equation 4.5. To imple-
ment this, we first need to estimate dRN/dRO. To do so, we aggregate our data
to the district-year level. We then regress a districts neighbors rainfall shock on
its own-district shock, district fixed effects, and year fixed effects. The resulting
coefficient of the own-district shock is 0.152. This is our estimate of dRN/dRO.
Then, if we again use the estimates in column (3) of table 4.4, we find that a
household that experiences a one-standard deviation increase in its own rain-
fall shock will experience a 2.54 percent increase in its consumption per capita.
This lower value reflects the fact that β̂2 is negative, which means that house-
holds are made worse off by greater rainfall in neighboring areas.

These results suggest that when we account for the spatial spillover ef-
fect, we get a more conservative estimate of the gains from rainfall. In fact, it
also suggests that if a household resides in a district that experiences a low-to-
moderate own rainfall shock and a moderate-to-high neighbors rainfall shock,
then they will be worse off due to greater rainfall. These findings suggest that
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it is important to consider the effects of rainfall in neighboring areas to capture

this important distributional consequence of greater rainfall.

4.4.2 Econometric Issues

Our econometric approach above controls for spatial correlation in rainfall

by including a neighbor’s rainfall shock measure. However, there could also be

a spatial correlation in the error term itself in equation 4.4. To the extent that this

is the case, the standard errors we report in table 4.4 are incorrect even if our

estimate of β2 is unbiased. Our default approach in table 4.4 has been to cluster

the standard errors at the district-year level to allow household consumption

within each district and year to be correlated with each other. We now explore

an alternate approach to account for spatial correlation in our error term.

A common approach to adjusting for such spatial correlation is to the use

the Conley (1999) standard-error correction. This approach requires the con-

struction of a spatial variance-covariance matrix that incorporates the distance

between all observations i and j. In fact, one can combine this spatial-correlation

correction with a standard heteroskedastic and auto-correlation correction (HAC)

to create spatial-HAC standard errors (Hsiang, 2016). We use this approach to

estimate our standard errors in column (1) of table 4.5.34 As these results show,

our baseline findings are largely unaffected when we use the spatial-HAC cor-

rection. We still find that a higher neighbor’s rainfall shock has a negative and

statistically significant effect on a household’s consumption. While the Conley

(1999) approach is popular, it is also computationally intensive as one must ac-

count for distances between every pair of observations when constructing the

spatial 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 ad-

vice of Hsiang (2016), who argues that it is “reasonable to estimate approximate

standard errors using simpler techniques, verifying that spatial-HAC adjust-

ments do not alter the result substantively.”

34We use the STATA .ado file reg2hdfespatial created by Thiemo Fetzer and used in Fetzer
(2014) to implement this.
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While our baseline specification allows rainfall to be spatially correlated,
there may be other channels through which rural household consumption is
correlated across space. For instance, nearby districts are likely to have sim-
ilar farm production technology and soil types (Chen et al., 2016; Schlenker
and Roberts, 2009). These channels could result in a spatial correlation in Chdt.
One way to account for this is to include a spatial lag (LeSage and Pace, 2009).
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 geocoordinates of each household. Such information are not available.
Instead, we adopt an alternate approach where we calculate a district-level spa-
tial 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 spa-
tial lag as an explanatory variable to our baseline specification (4.4). We report
the results from estimating this new specification in column (2) of table 4.5. As
these estimates demonstrate, 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.

As mentioned above, our baseline specification in (4.4) incorporates house-
hold fixed effects. This allows us to purge the effect of any unobserved, time-
invariant household and district characteristics. However, there could be un-
observable, time-varying district shocks that threaten our identification strat-
egy. While rainfall shocks themselves are unanticipated, the timing of these
shocks can coincide with other time-varying, district-level shocks. For instance,
it could be the case that the districts in our sample that received a large neigh-
bor’s rainfall shock also experienced a negative productivity shock at the same
time. Both of these shocks will lower household consumption, which means
that the latter shocks will confound the effects of a neighbor’s rainfall shock.
To account for these time-varying district shocks, we include in (4.4) the inter-
action between a district’s share of agricultural workers in 1987 and year fixed
effects respectively. These interaction terms will allow us to flexibly capture
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these time-varying, location-specific agricultural shocks. We report the results

from this augmented regression in column (3) of table 4.5. As these results

demonstrate, our coefficient of interest remains highly robust.

4.5 Additional Results

4.5.1 Mechanisms

Our results thus far suggest that a positive rainfall shock in neighboring

districts will lead to a reduction in a household’s consumption. What could

explain such an effect? In section 4.3.1, we argued that one possible mecha-

nism is that that greater rainfall in nearby districts leads to a positive supply

shock, which in turn lowers the price of crops in regional wholesale markets.

To the extent that this regional price acts as an outside option for farmers when

they negotiate with local traders, the reduction in this regional price will pass-

through to the price received by the farmer. In turn, this will lower the income

earned by the farmer from selling his crops. Thus, the essential elements of this

mechanism are that a positive neighbor’s rainfall shock leads to (i) a reduction

in crop prices and (ii) a reduction in household agricultural income. We now

explore whether these elements are supported by our data.

To test whether a positive neighbor’s rainfall lowers crop prices, we use

crop price data from the ICRISAT Village Dynamics in South Asia Macro-Meso

Database (henceforth ICRISAT). This dataset includes information on 16 ma-

jor crops in 311 districts across India for the period 1966-67 to 2011-12.35 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 neigh-

boring districts lowers the price of crops in a given district by estimating the

35The 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 prices that are above the 99th percentile of the crop-price distribution.
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following econometric specification:

ln (Pcdt) = αc + δ1RO
dt + δ2RN

dt + θd + θc × θt + νcdt (4.6)

where Pcdt is the farm-gate price for crop c in district d and year t. RO
dt and

RN
dt are the rainfall shock measures defined above while θc, θd, and θt are crop,

district, and year fixed effects respectively. Lastly, νcdt is a classical error term.

If the mechanism we propose above is correct, then we would expect δ2 to be

negative. We report the results from estimating equation (4.6) in column (1)

of table 4.6. The coefficient of the neighbor’s rainfall shock is negative and

statistically significant. This confirms that our proposed mechanism of rainfall

in neighboring areas lowering household consumption through a reduction in

crop prices is a plausible one.

As discussed section 4.3.1, a reduction in crop prices due to rainfall in

neighboring districts has contrasting effects on rural household consumption.

First, by lowering overall food prices, rainfall in neighboring districts will in-

crease household consumption. In contrast, by lowering crop prices, rainfall in

neighboring districts will lower farm income and hence household consump-

tion. We now examine whether this second effect is supported by our data. The

IHDS data provides a breakdown of each household’s income by source. We

use this to examine whether own-district rainfall and rainfall in neighboring

districts affect farm income in a manner that is consistent with our hypothesis

above.

To implement this, we first choose agricultural wage income as our proxy

for farm income. This measure of income is less vulnerable to measurement

error compared to more direct measures of agricultural profits.36 We then esti-

mate a version of (4.4) where the dependent variable is the natural logarithm of

a household’s agricultural wage income. We report the results from estimating

this regression in column (2) of Table 4.6. These results suggest that a greater

own rainfall shock raises farm wage income while a greater neighbor’s rainfall

36The raw farm wage data does have significant outliers. To ensure that our results are not
driven by these outliers, we omit from our sample households that report farm wages that is
equal to or above the 95th percentile.
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shock lowers farm wage income. These results are both fully consistent with

our hypothesis above.

The results above show that both own rainfall shocks and neighbor’s rain-

fall shocks affect agricultural households in a manner that is consistent with

our hypothesis. We now check whether these shocks affect agricultural house-

holds differently than non-agricultural households. One would expect both

the positive effects of greater own rainfall shocks and the negative effects of

greater neighbor’s rainfall shocks to be larger in magnitude for agricultural

households. To test this, we define an agricultural household as one that re-

ports agricultural income (either farm profits or farm wages) as their primary

source of income.37 We classify all other households as being non-agricultural.

We then estimate the following version of equation (4.4):

ln (Chdt) = α1 + βA
1 RO

dt × Ah + βNA
1 RO

dt × NAh + βA
2 RN

dt × Ah + βNA
2 RN

dt × NAh

+γ1Xhdt + θh + θt + εhdt (4.7)

where Ah takes the value of one if household h is an agricultural household

while NAh takes the value of one if household h is a non-agricultural house-

hold. All other variables are as described above. In equation (4.7) we are de-

composing the effects of own rainfall and neighbor’s rainfall into an effect that

is agricultural-household specific and one that is non-agricultural-household

specific. If our proposed mechanism is correct, then we should expect β̂A
1 >

β̂NA
1 and β̂A

2 < β̂NA
2 .

We report the results from estimating equation (4.7) in column (3) of table

4.6. These results confirm that the positive effects of greater own rainfall shocks

and the negative effects of greater neighbor’s rainfall shocks are larger in mag-

nitude for agricultural households. Thus, taken together, the results in table

4.6 are fully consistent with our hypothesis that greater rainfall in neighboring

districts can lower household consumption through a reduction in crop prices

and a reduction in agricultural income.

37More precisely, agricultural households are ones who report that their principal income
is from either cultivation, allied agriculture, or agricultural wages. Thus, these households
include both cultivators and agricultural laborers.
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4.5.2 Alternate Channels

In this section, we examine alternate channels through which a neighbor’s
rainfall shock can affect rural household consumption. The mechanism we pro-
posed in section 4.3.1 was one where neighbor’s rainfall shocks affected rural
households through its effect on agricultural income. If these shocks also af-
fect these households through non-agricultural channels, then it would suggest
that our discussion in section 4.3.1 was incomplete. We begin by examining
the effect of these shocks on income and wages from non-agricultural sources.
This is motivated by an existing literature that shows that own-district weather
fluctuations in rural areas can lead to a reallocation of economic activity from
agriculture to non-agriculture (Colmer, 2016; Emerick, 2018; Santangelo, 2016).
We now examine whether a similar effect exists for neighbor’s rainfall shocks.
To do so, we first estimate a version of equation (4.4) where we change the de-
pendent variable to salary income from non-farm sources. These results are
reported in column (1) of table 4.7. They suggest that both the effect of own
rainfall shocks and neighbor’s rainfall shocks are statistically insignificant. In
column (2) we repeat the analysis above, but use a household’s non-farm wage
income as the dependent variable.38 As in column (1), we find that both the
effect of own rainfall shocks and neighbor’s rainfall shocks are statistically in-
significant.

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 IHDS 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 re-
sults are reported in column (3) of table 4.7 where the dependent variable is
now the natural logarithm of each household’s remittance earnings per capita.
As with columns (1) and (2), we find that both the effect of own rainfall shocks
and neighbor’s rainfall shocks on a household’s remittance earnings are statisti-
cally insignificant. Together, the results in table 4.7 suggest that the household-

38The 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 house-
hold 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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consumption effects we’ve documented thus far are not being driven by changes

in non-agricultural industries or due to out-migration.

4.5.3 Results by Expenditure Type

Up to this point, our default measure of household welfare has been to-

tal 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 expenditure such as food as

well as on types of expenditure such as schooling and medical that are likely

to have long-term consequences. We begin in columns (1) and (2) of table 4.8

by decomposing total household consumption into food consumption and non-

food consumption. 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 rainfall shock is positive and statistically significant while the coef-

ficient 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 electricity, telephone, entertainment, and other miscellaneous

items. Thus, compared to food, these items are comparatively durable in na-

ture. 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 4.8 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 pre-

cisely, in column (3) of table 4.8 we use the natural logarithm of a household’s

total schooling expenditure over the previous 365 days as the dependent vari-

able. This is the only recall period for which these data are available. The

impact of rainfall on schooling is both theoretically ambiguous and empirically
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contested.39 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 4.8 we explore the impact of rainfall shocks
on a household’s medical expenses. This is an alternate channel through which
these shocks may have adverse long-term consequences. The dependent vari-
able 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 pos-
itive 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 4.8 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 neigh-
bor’s rainfall shocks mainly represent an adverse shock to a household’s tran-
sitory income.

4.5.4 Alternate Rainfall and Consumption Measures

We next examine whether our main findings are robust to using alternative
measures of rainfall and consumption. We report the results from this exercise
in table 4.9. In column (1), we follow Jayachandran (2006) and construct cate-
gorical measures of rainfall shocks. More precisely, for each district we create
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. Sim-
ilarly, for each district, we construct a neighbor’s positive shock measure that
replaces RO

jt in equation (4.2) with this categorical version. In contrast to our de-
fault measure, these categorical measures do not use the full rainfall 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 4.9 show

39See the discussion in Shah and Steinberg (2017) for further details on this literature.
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that households in districts that received greater than 80th percentile own rain-
fall experience an increase in consumption. These results also show that house-
holds in districts that received greater than 80th percentile neighbor’s rainfall
experience a decrease in consumption. Both of these results are consistent with
our baseline findings in table 4.4.

In constructing our baseline sample, we used rainfall data from the ERA-
Interim Reanalysis 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 disadvan-
tage that ground stations, especially in developing countries, are not uniformly
distributed across space. Further, as Colmer (2016) 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 Matsuura and Willmott (2009). We report the results from
this robustness check in column (2) of table 4.9. As the results demonstrate,
the coefficient of the neighbor’s rainfall shock remains negative and statisti-
cally 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 the depen-
dent variable. Recall that our default dependent variable is the natural loga-
rithm of a household’s consumption per capita. We used this variable as pro-
vided by IHDS without excluding outliers. To examine whether our core results
are driven by such outliers, we winsorize the consumption data at the 1 percent
and 99 percent levels. The results in column (3) of table 4.9 suggest that these
potential outliers do not drive our results. Even after winsorizing the consump-
tion data, our coefficient of interest remains highly robust with magnitudes that
are similar to the baseline results in table 4.4.

Finally, in column (4) of Table 4.9, we consider the effect of rainfall shocks
on total household consumption rather than on consumption per capita. That
is, we multiply our default measure of consumption per capita with a house-
hold’s size to obtain each household’s total consumption. We do so to account
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for the fact that our default consumption per capita measure captures both the

effect of rainfall on consumption as well as its effect on household size. In Ta-

ble 4.7, 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 (4) of Table 4.9. As the results confirm, the effect of

both own and neighbor’s rainfall shocks are very similar to the baseline.

4.6 Conclusion

In this paper, we showed that greater rainfall can have adverse spatial

spillover effects. Central to this novel conclusion was our focus on estimating

the effect of both own-district rainfall and rainfall in neighboring districts on

rural household consumption. This is in contrast to the typical approach in the

literature that only examines the effect of own-region rainfall shocks. This liter-

ature concludes that greater rainfall either has no effect on agricultural output

(Dell et al., 2012) or that it actually increases agricultural profits (Deschênes and

Greenstone, 2007) and economic growth (Barrios et al., 2010). In contrast, our

econometric approach accounts for the fact that rainfall patches tend to span

multiple districts. This means that if a district receives greater rainfall then it is

likely that neighboring districts will also receive greater rainfall.

In theory, the welfare effect of such spatial spillovers is ambiguous. To

see this, consider 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 agricul-

tural 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 rain-

fall as well as the neighboring district’s rainfall, the overall effect of rainfall on

household welfare is ambiguous.
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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 district characteristics.
Thus, our results were identified from within-district variation in own rain-
fall 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 consumption. Further, they also suggested that higher rainfall in
neighboring areas can significantly attenuate the positive impact of own-district
rainfall. Thus, farmers who faced moderate-to-low rainfall in their own district
and high rainfall in neighboring districts may, in fact, have been worse off due
to greater rain.

These results support the view that one must account for spatial spillover
effects to correctly estimate the welfare effects of own-district rainfall shocks.
They also suggest that the findings of the previous literature that greater rainfall
has either benign or positive effects on agricultural outcomes should be inter-
preted with caution. Instead, we showed that depending on how much rainfall
fell in neighboring districts, greater rainfall can make rural households better
off or worse off. While this result adds important nuance to our understand-
ing 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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Figure 4.1: Trends in Average Annual Rainfall in India (1979–2011)
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Figure 4.2: Spatial Variation in Rainfall in India
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Table 4.1: Descriptive Statistics of IHDS Households

(1)

Household Consumption per Capita 876.096
[958.283]

Indicator for Households in Poverty 0.204
[0.403]

Main Income Source is Agriculture 0.552
[0.497]

Number of Household Members 5.475
[2.868]

Number of Children 1.748
[1.698]

Male Household Head 0.885
[0.319]

Household Head’s Age 48.950
[13.715]

Number of observations 54,541
Number of Households 28,087

Notes: this table reports average values for various
household indicators. These averages were taken over
both survey rounds. We report the standard deviation
for each variable in the square brackets. Household con-
sumption per capita is calculated using monthly house-
hold expenditure while the poverty indicator is as pro-
vided by the IHDS and is calculated using the Indian
Planning Commission poverty line. Household con-
sumption per capita is reported in constant 2005 Indian
rupees. 1 U.S. dollar was approximately equal to 43.5 In-
dian rupees in 2005.
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Table 4.2: Agricultural Production and Market Access in the
2004–2005 IHDS Sample

(1)

Panel A: Household’s Agricultural Production

Fraction of Households that are Sharecrop-
pers

0.030

[0.172]
Fraction of Households that Sell Crops 0.598

[0.490]
Share of Output Sold 0.344

[0.363]

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]

Notes: this table reports summary statistics for various house-
hold production characteristics and village-level access to mar-
kets indicators from the 2004–2005 IHDS sample. Panel A re-
ports the sample averages and standard deviation in brackets
for various household agricultural production characteristics
while Panel B reports the sample averages and standard devi-
ation in brackets for various aspects of a village’s access to mar-
kets. Note that the numbers in Panel B are calculated at the vil-
lage level. All distances reported in the table are in kilometers.
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Table 4.3: Rainfall Summary Statistics

(1)

Total Rainfall 0.124
[0.086]

Own Rainfall Shock 0.058
[0.914]

Neighbor’s Rainfall Shock 0.106
[0.574]

Own Positive Shock 0.235
[0.424]

Neighbor’s Positive Shock 0.245
[0.218]

Notes: this table reports the sample averages for var-
ious rainfall and rainfall shock measures along with
its standard deviation in brackets. Total rainfall is re-
ported in meters. Own rainfall shocks and neighbor’s
rainfall shocks are calculated using the anomaly ap-
proach described in the text. In contrast, own positive
shock takes the value of one if a district’s monsoon
rainfall was above the 80th percentile for that district
during 1979 to 2015. Similarly, neighbor’s positive
shock takes the value of one if a district’s neighbor’s
rainfall was above the 80th percentile for that district
during 1979 to 2015.
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Table 4.4: Spillover Effects of Rainfall on Household Consumption

(1) (2) (3)
Dependent variable Ln(Consumption Per Capita)

Own Rainfall Shock 0.127*** 0.073*** 0.085***
(0.029) (0.024) (0.024)

Neighbor’s Rainfall Shock -1.148*** -0.424*** -0.374***
(0.130) (0.159) (0.140)

Time-Invariant Controls No Yes No
Household Fixed Effects No No Yes
Observations 54,519 52,657 54,541

Notes: the dependent variable in all columns is a household’s monthly per
capita consumption expenditure in rural India. The construction of the
own rainfall shock and neighbor’s rainfall shock variables are described
in the text. All regressions control for the number of children in a house-
hold, the household head’s age, age squared, and whether the household
head is male. In column (2), we control for a household’s religion, caste,
its district’s latitude, longitude, total population in 1987, share of agricul-
tural workers in 1987, the share of literate individuals in 1987, and state
fixed effects. These additional controls are all time invariant and are ab-
sorbed by the household fixed effects in column (3). All regressions in-
clude year fixed effects. All regressions also incorporate sampling weights
to ensure that our 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.
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Table 4.5: Econometric Issues

(1) (2) (3)
Dependent variable Ln(Consumption Per Capita)

Own Rainfall Shock 0.085*** 0.073*** 0.070***
(0.025) (0.023) (0.025)

Neighbor’s Rainfall Shock -0.374** -0.293** -0.310**
(0.164) (0.128) (0.142)

District Spatial Lag Included No Yes No
Additional District Controls No No Yes
Observations 54,541 54,541 52,666

Notes: the dependent variable in all columns is a household’s
monthly per capita consumption expenditure in rural India. The
construction of the own rainfall shock and neighbor’s rainfall shock
variables are described in the text. In column (1) we report Conley
(1999) spatial correlation-adjusted standard errors. In column (2) we
include a district-level spatial lag of average household consumption
per capita. Finally, in column (3) we include the interaction between
a district’s share of agricultural employment in 1987 and year fixed
effects. All regressions control for the number of children in a house-
hold, the household head’s age, age squared, and whether the house-
hold head is male, household fixed effects, and year fixed effects.
All regressions also incorporate sampling weights to ensure that our
sample reflects the population. The standard errors in parenthesis in
columns (2) and (3) are robust and clustered at the district-year level.
*** p<0.01, ** p<0.05, * p<0.1.
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Table 4.6: Mechanisms

(1) (2) (3)
Ln(Farm Ln(Consumption

Dependent variable Ln(Crop Price) Wage) Per Capita)

Own Rainfall Shock 0.010 0.143**
(0.007) (0.060)

Neighbor’s Rainfall Shock -0.070*** -1.963***
(0.031) (0.399)

Own Rainfall Shock × Non-Agri. Households 0.025
(0.040)

Own Rainfall Shock × Agri. Households 0.133***
(0.034)

Neighbor’s Rainfall Shock × Non-Agri. Households -0.019
(0.310)

Neighbor’s Rainfall Shock × Agri. Households -1.060***
(0.290)

Observations 8,477 17,497 37,658
Notes: the dependent variable in column (1) is the natural logarithm of crop prices, which are drawn from the
ICRISAT data. The unit of observation in column (1) is crop-district-year, which is why the sample size there is
smaller. The dependent variable in column (2) is the natural logarithm of household-level farm wage earnings.
The sample in this column is restricted to households that have positive farm wage earnings. Lastly, the depen-
dent variable in column (3) is a household’s consumption per capita in natural logarithm. Agricultural house-
holds are those that report agricultural income as their main source of income. All other households are classified
as being non-agricultural households. The regressions in columns (2) and (3) control for the number of children
in a household, the household head’s age, age squared, and whether the household head is male. The regression
in column (1) includes a district fixed effect and crop and year interaction fixed effects. The remaining regres-
sions all include household fixed effects and year fixed effects. All regressions also include a constant that is not
reported. The regressions in columns (2) and (3) also incorporate sampling weights to ensure that our sample re-
flects 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.
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Table 4.7: Alternate Channels

(1) (2) (3)
Ln(Non-Farm Ln(Non-Farm Ln(Remitt

Dependent variable Salary) Wage) ances)

Own Rainfall Shock -0.072 0.013 0.092
(0.061) (0.086) (0.155)

Neighbor’s Rainfall Shock 0.401 0.019 -1.508
(0.380) (0.333) (0.976)

Observations 8,234 17,074 4,145
Notes: the dependent variable in column (1) is the natural logarithm of a house-
hold’s total non-farm salary income per capita. The dependent variable in col-
umn (2) is the natural logarithm of a household’s non-farm wages per capita.
Lastly, the dependent variable in column (3) is a household’s total remittance
earnings per capita. The construction of the own rainfall shock and neighbor’s
rainfall shock variables are described in the text. All regressions control for the
number of children in a household, the household head’s age, age squared, and
whether the household head is male. All regressions include household fixed ef-
fects and year fixed effects. All regressions also incorporate sampling weights to
ensure that our sample reflects the population. Robust standard errors in paren-
thesis are clustered at the district-year level. *** p<0.01, ** p<0.05, * p<0.1.
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Table 4.8: Spillover Effects of Rainfall – By Expenditure Type

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

Dependent variable Ln(Expenditure Per Capita on)
Food Non-Food Schooling Medical

Own Rainfall Shock 0.064*** 0.033 -0.020 0.085
(0.021) (0.039) (0.042) (0.058)

Neighbor’s Rainfall Shock -0.226* 0.027 -0.359 0.191
(0.129) (0.185) (0.233) (0.309)

Observations 54,519 54,313 33,453 41,077
Notes: the dependent variable in column (1) is the natural logarithm of household
expenditure per capita on food items. Similarly, the dependent variables in col-
umn (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, and whether the household head is male. All regressions also in-
clude household fixed effects and year fixed effects and incorporate sampling
weights to ensure that our sample reflects the population. Robust standard er-
rors in parenthesis are clustered at the district-year level. *** p<0.01, ** p<0.05, *
p<0.1.
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Table 4.9: Robustness Checks

(1) (2) (3) (4)
Winsorized

Dependent variable Ln(Cons. Per Capita) Ln(Cons. PC) Ln(Cons.)

Own Positive Shock 0.135***
(0.031)

Neighbor’s Positive Shock -0.748***
(0.217)

Own Rainfall Shock - UDEL -0.003
(0.021)

Neighbor’s Rainfall Shock - UDEL -0.153**
(0.071)

Own Rainfall Shock 0.084*** 0.082***
(0.023) (0.023)

Neighbor’s Rainfall Shock -0.368*** -0.365***
(0.135) (0.123)

Observations 54,541 52,137 54,541 54,541

Notes: the dependent variable in columns (1) and (2) is a household’s monthly per capita con-
sumption expenditure in rural India. In column (3), the dependent variable is the natural loga-
rithm of a household’s monthly per capita consumption expenditure that has been Winsorized
at the 1 percent and 99 percent levels. Lastly, in column (4), the dependent variable is a house-
hold’s total monthly consumption. The construction of the own rainfall shock and neighbor’s
rainfall shock variables are described in the text. Own positive shock is a binary variable that
takes the value of one if a district received a own rainfall shock above the 80th percentile. Simi-
larly, 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. Own rainfall shock - UDEL and neigh-
bor’s rainfall shock - UDEL are our baseline shock measures 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, and whether the household head is male, household fixed ef-
fects, year fixed effects, and a constant that is not reported. All regressions also incorporate sam-
pling weights to ensure that our sample reflects the population. The standard errors in parenthe-
sis in all columns are robust and clustered at the district-year level. *** p<0.01, ** p<0.05, * p<0.1.
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Chapter 5

Conclusion

One of the salient features in developing countries is the centrality of the in-

formal and agricultural sectors to the economic life of the poor. This thesis

provides novel insights into how climate change can affect income-generating

activities in these sectors in developing countries.

In Chapter 1, I document how floods affect manufacturing productivity in In-

dia. I find evidence that formal manufacturing establishments are negatively af-

fected by floods. Floods cause a significant reduction in output, capital, and em-

ployment in formal establishments. However, there is significant heterogeneity

in vulnerability and resilience to floods among formal establishments. There

is evidence of shut down of least-productive formal establishments. High-

productive formal establishments are more resilient to floods, but they do not

absorb unemployed workers from other establishments. Having established

these facts, I explore whether there is any movement of labor to informal household-

run microenterprises as a survival strategy of workers. Indeed, I find sugges-

tive evidence of labor reallocation to these enterprises in the aftermath of floods.

To estimate the aggregate consequences of these effects, I assess the potential

loss in aggregate productivity due to this movement to the low-productivity

sector. Based on the average revenue product of labor, I calculate the formal

sector is 17 times more productive than the informal sector. Due to this large
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productivity gap, I estimate that a 10 percent increase in the incidence of flood-
ing causes a 17.3 percent reduction in aggregate productivity of the manufactur-
ing sector. Collectively, these results suggest that recurrent natural disasters are
one of the key factors of the persistently high share of informal microenterprises
in developing countries and thus constrain sustainable economic development.
These results highlight that the inclusion of small, informal enterprises is im-
portant while analyzing the effects of disasters on sectoral labor-reallocation in
developing countries to estimate the full cost of natural disasters.

In Chapter 2, I document the negative impact of high temperatures on the work-
ers in the informal household-run microenterprises. Using detailed production
data on informal manufacturing enterprises in India, I show that high temper-
atures reduce output produced by these enterprises which are primarily driven
by a reduction in worker productivity and working hours. I also provide evi-
dence that this negative effect is entirely on the worst-off enterprises i.e. those
with lower capital and electricity intensity. Using household-level data, I also
show that higher temperature has a negative impact on consumption expen-
diture of households working as manufacturing labor. As high temperatures
are projected to increase globally, my findings illuminate a heretofore ignored
potential channel through which global climate change can significantly affect
social welfare in developing countries.

In Chapter 3, we document greater rainfall can have adverse consequences on
the rural agricultural households by negatively affecting crop prices. Our re-
sults indicated that rainfall in both own and neighboring districts have a sig-
nificant impact on rural household consumption. We provide evidence that
high rainfall in neighboring districts leads to a positive supply shock in crops
which in turn leads to a reduction in crop price. This is the main mechanism of
the negative spillover effect of greater rainfall. These results support the view
that one must account for spatial spillover effects to correctly estimate the wel-
fare effects of own-district rainfall shocks. They also imply that climate change
adaptation policies to support farmers should also consider this spillover effect
of greater rainfall from neighboring areas through market mechanisms.
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Together, all three papers in this thesis document specific channels and mecha-
nisms through which changing climatic conditions can adversely affect devel-
oping countries. The findings show the negative effects of extreme events on
income-generating activities of low-income people and highlight the vulner-
ability of the working poor in developing countries. It is important to men-
tion that, these estimates reflect short-run responses and are not descriptive
of long-run responses to changing climate. Nonetheless, these results improve
our understanding of the mechanisms through which weather affects economic
activity in developing countries. These findings are important to draw deeper
insights about the design and implementation of policies to mitigate the nega-
tive consequences of current and future climate change.
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Appendix A

Appendix Chapter 2

A.1 Data Appendix

A.1.1 Flood Data

Flood-inundated areas can be effectively and efficiently determined by using
remote-sensing images (Islam et al., 2010). In this paper, the spatio-temporal
extent of flood inundation is detected from the MODIS surface reflectance data
for India over the period of 2000-2007. The main advantage of the MODIS prod-
ucts is the availability of high-frequency observation at a very high resolution.
The Dartmouth Flood Observatory also uses MODIS data to observe flood in-
undations all over the world. Flood inundation maps were developed from
Land Surface Water Index (LSWI) and Enhanced Vegetation Index (EVI) using
the following formula

EVI = 2.5× NIR− RED
NIR + 6× RED− 7.5× BLUE + 1

LSWI =
NIR− SWIR
NIR + SWIR

For each pixel, I also calculate DVEL which is the difference between LSWI and
EVI. After obtaining time-series profiles of all the indices, I follow the modified
algorithm modified for South Asia Amarnath et al. (2012) originally developed
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by Sakamoto et al. (2007). The steps can be described as follows. At first, if

the blue reflectance (Band 3 of MODIS) is greater or equal to 0.2, they are con-

sidered as the cloudy pixel and removed from the image. Then I assign an

indicator to each pixel based on the threshold values following the algorithm

in figure 1.

• Non-flood pixels: no evidence of surface water

• Water-related pixels: pixels which show evidence of surface water and

vegetation. Water-related pixels can further be categorized into three groups

– Flood pixels: water pixels which are unambiguously flooded

– Mixed pixels: a mix of water, vegetation, and soil coverage

– Long-term water bodies: if the duration of water-related pixels are greater

than 120 days in a year

A.1.2 ASI Data

For the formal manufacturing establishments, I use the Annual Survey of In-

dustries (ASI) data covering 2000-2007. The ASI is the representative sample

of all registered manufacturing establishments in India. Large firms with more

than fifty workers (one hundred if they operate without electricity) are con-

sidered part of the Census sector and are surveyed every year. A random one-

third sample of registered plants with more than ten workers (twenty if without

electricity) are considered part of the Sample sector and are surveyed every few

years. Sampling weights are provided by the survey that allow for construction

of representative samples. I exclude services and mining establishments from

the analysis.

A.1.3 Industry Description of the ASI and NSSO data

Table A.1 gives a description of industries at the two-digit industry-level.
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Table A.1: Industry description of the ASI and NSSO data

Industry Industry Formal Informal
code description (%) (%)

15 Food products and beverages 25.59 20.13
16 Tobacco products 2.10 5.59
17 Textiles 10.61 12.68
18 Wearing apparel; dressing and dying of far 0.82 18.14
19 Tanning and dressing of leather; luggage, handbags, saddlery, harness and footwear 1.24 0.91
20 Wood and products of wood and cork, except furniture; manufacture of articles of straw and plaiting materials 2.37 17.79
21 Paper and paper products 3.06 0.30
22 Publishing, printing and reproduction of recorded media 0.66 0.44
23 Coke, refined petroleum products and nuclear fuel 1.43 0.09
24 Chemicals and chemical products 10.12 1.22
25 Rubber and plastics products 4.51 0.69
26 Other non-metallic mineral products 15.01 8.21
27 Basic metals 5.33 0.37
28 Fabricated metal products, except machinery and equipments 3.18 5.02
29 Machinery and equipment n.e.c. 3.85 0.85
30 Office, accounting and computing machinery 0.16 0.00
31 Electrical machinery and apparatus n.e.c. 2.55 0.38
32 Radio, television, and communication equipment and apparatus 0.78 0.02
33 Medical, precision and optical instruments, watches and clocks 0.75 0.03
34 Motor vehicles, trailers and semi-trailers 1.89 0.15
35 Other transport equipment 1.09 0.10
36 Furniture; manufacturing n.e.c. 1.37 6.90

Total 100 100

Notes: Figures are computed from the ASI and NSSO data. For the ASI data, sample refers to the years 2000-2007. For the NSSO data, sample refers to the years 2000-01
and 2005-06.

A.2 Some Additional Results

A.2.1 Effect of floods on working days

In table A.2, I analyze the effects of floods on working days among formal sector

establishments. Here the days variable is obtained by summing up the number

of mandays worked by persons working in each shift over all the shifts on all

days. It is important to mention that, this variable counts both manufacturing

days and repair and maintenance days. Column (1) of A.2 shows that there is

no significant effect on mandays worked. However, in column (2) we see that

there is a decrease in working days among establishments in the second-lowest

productivity quartile.
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Table A.2: Effect of floods on working days in formal sector establishments

(1) (2)
VARIABLES log(days) log(days)

Flood -0.020
(0.033)

Flood × Labor productivity quartile=1 (lowest) 0.168
(0.126)

Flood × Labor productivity quartile=2 -0.280***
(0.081)

Flood × Labor productivity quartile=3 (lowest) 0.045
(0.041)

Flood × Labor productivity quartile=4 (highest) 0.013
(0.045)

Observations 102,184 102,184
Firm FE Yes Yes
Year FE Yes -
Group*Year FE - Yes
Notes: Flood is a measure of flood intensity at the district level. I use sample weights
provided in the dataset in the regressions. Days variable is obtained by summing up
the number of mandays worked by persons working in each shift over all the shift
on all days (i.e., both manufacturing and non-manufacturing days). Labor produc-
tivity is measured as output per worker. Productivity quartiles are calculated at the
three-digit industry-level. To avoid the endogeneity issue, I use productivity of the
establishment in the initial year in which it was observed. Standard errors are clus-
tered at the district-level.*** p<0.01, ** p<0.05, * p<0.1.
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A.2.2 Level effect on employment in informal microenterprises

In section 2.6.2, I use the log of employment as the dependent variable and find
floods increase employment among informal enterprises. My findings are ro-
bust if I use level of employment variable as shown in table A.3.

Table A.3: Level effect of employment in the informal sec-
tor

(1) (2) (3)
VARIABLES Labor Labor Labor

Flood 1.062*
(0.565)

Flood × Family Firms 1.726***
(0.443)

Flood × Non-Family Firms -1.378
(1.198)

Observations 126,846 126,846 126,846
Industry&District FE Yes Yes Yes
Year FE Yes Yes Yes
Establishment Controls Yes Yes Yes
Notes: Flood is a measure of flood intensity at the district level.
I use sample weights provided in the dataset in the regressions.
Labor is total employees work at the informal enterprise includ-
ing working owner and hired workers. Standard errors are clus-
tered at the district-level.*** p<0.01, ** p<0.05, * p<0.1.
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Appendix B

Appendix Chapter 3

B.1 Effects using wet bulb temperature measure

In this section, I use the Wet Bulb Temperature (WBT) measure used by So-

manathan et al. (2015) which is a measure of the risk of heat stress. I combine

temperature and relative humidity data to calculate the WBT measure-

WBT = 0.567TA + 0.216ρ + 3.38 (B.1)

where

ρ = (RH/100)× 6.105exp
(

17.27TA

237.7 + TA

)
(B.2)

Previous studies document that web bulb temperatures above 25◦C can signif-

icantly reduce the productivity of workers (Hsiang, 2010; Somanathan et al.,

2015). A web bulb temperature of 25◦C at 65% relative humidity is similar to a

temperature of 31◦C in dry conditions (Somanathan et al., 2015). I follow similar

binning approach as mentioned in section 3.4 to estimate the effects of wet bulb

temperature measure. In particular, I estimate the following equation.

yijdt = β0 +
5

∑
k=1

βkWBTk
dt + δRain f alldt + θXijdt + γj + γd + γt + εijdt (B.3)
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where WBT1
dt is a count of number of days with web bulb temperature below

12◦C, WBT5
dt is a count of number of days with web bulb temperature above

25◦C. Each interior bin is 4◦C wide. I use the bin 16◦C-20◦C as the reference
category. Table B.1 shows the results estimated by using equation B.3. My find-
ings using web bulb temperature are similar to dry air temperature measure
used in the baseline regression.

Table B.1: Effects of wet bulb temperature on the informal
manufacturing sector

(1) (2)
VARIABLES log(output) log(Y/L)

>= 25◦C -0.003*** -0.003***
(0.001) (0.001)

Observations 377,908 377,908
District, Industry & Year FE Yes Yes
Firm & Weather Controls Yes Yes

Notes: Output refers to the value of real output produced by the
establishment. log(Y/L) is measured as output per worker (real
output divided by number of employees). I use wet bulb temper-
ature measure to construct temperature bins. Models include all
bins. Only coefficients of bins 25◦C is shown. The effects of days
between 16◦C-20◦C is normalized to zero.. Firm-level controls in-
clude ownership structure and whether the firm is home-based or
not. I use sample weights provided in the dataset in regressions.
Standard errors are clustered at the district-level. *** p<0.01, **
p<0.05, * p<0.1

B.2 Adaptation

To check whether temperature effects decline over time, I interact temperature
bin counts with a continuous-time variable. Column (1) of table B.2 shows the
results. I do not find any decline in temperature sensitivity over time. I also
check the possibility of whether warmer regions are differently adapted to hot
weather than regions that are cooler. I calculate the long-term average temper-
ature at the district-level and define a district located in the hot region if the

132



long-term temperature in that district is greater than the average across all dis-

tricts. Column (2) of table B.2 shows the results. My results show that the neg-

ative output effects of hot weather are mainly on enterprises located in warmer

regions. I do not find any effect of hot weather on enterprises located in cooler

regions. These findings suggest that adaptation is costly or incomplete.

Table B.2: Adaptation over time and across regions

(1) (2)
VARIABLES log(output) log(output)

>= 31◦C -0.00361**
(0.002)

>= 31◦C × year -0.00030
(0.000)

>= 31◦C × Not Hot Region -0.001
(0.004)

>= 31◦C × Hot Region -0.004***
(0.001)

Observations 377,908 377,908
District, Industry & Year FE Yes Yes
Firm & Weather Controls Yes Yes

Notes: Column (1) shows whether temperature effects decline over
time. Column (2) shows how warmer and cooler regions respond to
extreme weather. Output refers to the value of real output produced by
the establishment. I calculate the long-term average temperature at the
district-level and define a district located in the hot region if the long-
term temperature in that district is greater than the average across all
districts. Firm-level controls include ownership structure and whether
the firm is home-based or not. I use sample weights provided in the
dataset in regressions. Standard errors are clustered at the district-
level. *** p<0.01, ** p<0.05, * p<0.1
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B.3 Impact on labor employment in rural and urban
areas

It might be argued that extreme heat causes migration of workers from rural to
urban informal enterprises. One of the limitations of the NSSO data is it does
not have any migration information. For that reason, I cannot directly check
rural to urban migration. However, if this migration happens then we expect
to see a negative employment effect in rural areas and a positive employment
effect in urban areas. In this section, I estimate the effect of hot weather on labor
employment in rural and urban areas. I do not find any impact of hot weather
on labor employment in both rural and urban areas. Table B.3 shows the results.

Table B.3: Impact on labor employment in rural and ur-
ban areas

(1) (2)
VARIABLES log(labor) log(labor)

31− 34◦ -0.0004 -0.0001
(0.0005) (0.0004)

> 34◦ 0.0005 -0.0002
(0.0009) (0.0007)

Observations 144,139 171,397
District FE Yes Yes
Industry FE Yes Yes
Year FE Yes Yes
Firm & Weather Controls Yes Yes
Sample Rural Urban

Notes: Column (1) shows effects on rural areas. Column (2)
shows effects on urban areas. Firm-level controls include own-
ership structure and whether the firm is home-based or not.
I use sample weights provided in the dataset in regressions.
Standard errors are clustered at the district-level. *** p<0.01,
** p<0.05, * p<0.1
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