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Abstract

This paper evaluates the role of adaptation in mitigating the effects of rising climate
risk. Using long-term data on cyclones and floods in Bangladesh from 1960 to 2010, I
study adaptation along two margins: crop choice and sectoral employment. Increases
in flooding and cyclones during a crop’s season reduce the land share allocated to that
crop. Additionally, increases in cyclones—but not floods—shift workers out of agricul-
ture. I develop a structural model to quantify the welfare implications of adaptation.
If both cyclone and flooding propensity double relative to 2000s levels, welfare losses

would be 29.2% larger without adaptation than with adaptation.
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1 Introduction

Climate change is expected to worsen the frequency and intensity of extreme weather events
such as floods, droughts, hurricanes and heatwaves (EPA, 2025). This will lead to an in-
crease in the downside risks that economic agents are exposed to. A key question is: how
important is adaptation in dealing with the adverse effects of climate change? If adaptation
is important, any projections about the economic implications of climate change will likely
overestimate its impact if they fail to account for how economic agents respond to worsening
climate conditions around them. In addition, adaptation opens up a role for policymakers
to influence the economic costs of future climate risk. If there are frictions to adaptation,

reducing those frictions could alleviate the passthrough of climate risk to the economy.

Using long-term data on flooding and cyclone incidence in Bangladesh from 1960 to
2010, I study how increases in climate risk lead to in-situ adaptation along 2 margins:
within agriculture changes and reallocation of workers across sectors. These two margins are
especially relevant for developing countries, where the share of employment in the agriculture
sector is large and the ability to relocate to other regions may be limited by high mobility
frictions. To study adaptation along these two margins, I collect data from agriculture and
population census publications between 1981 and 2011 at the level of Bangladeshi upazilas,
which are the third tier of administration in Bangladesh. Given its frequent exposure to
extreme weather events, Bangladesh provides an ideal setting to study medium- to long-

term adaptation to climate risk.?

In the empirical section, I document how crop choice and sectoral employment in agri-
culture respond to increase in climate risk, by exploiting changes in flooding and cyclone
propensity over 10 or 12-year periods. For crop choice, I find that for an average crop, an in-
crease in flooding propensity by 0.1 meter during a crop’s season reduces the land share used
for that crop by 7.9 percentage points, while an increase in cyclone propensity by 10 kmph
during a crop’s season reduces the land share used for that crop by 2.3 percentage points.
With respect to sectoral employment, while I find that an increase in cyclone propensity by
10 kmph reduces the share of workers in agriculture by 1.5 percentage points, an increase
in flooding propensity has a marginally positive but statistically insignificant effect on the

share of workers in agriculture.

Guided by the empirical results, I develop a general equilibrium model that incorporates
decisions along the two margins of adaptation. Importantly, the model features damage func-

tions that translate cyclone and flooding propensity into output losses, with the parameters

2Bangladesh is consistently placed among the most climate vulnerable countries in the world by the UN.


https://www.epa.gov/climate-indicators/weather-climate
https://www.un.org/development/desa/dpad/wp-content/uploads/sites/45/DESA-Intdiv-BGD.pdf

of the damage functions calibrated to match the adaptation responses in the empirical sec-
tion. Using the calibrated model, I conduct counterfactual exercises to evaluate the impact
of future increases in climate risk and calculate the value of adaptation — that is, how much

worse welfare would be if climate risk increases but adaptation is not possible.

In the scenario where cyclone and flooding propensity doubles relative to the 2000s av-
erage, welfare declines by 3.85% in a model without adaptation but declines by 2.98% when
adaptation is allowed, implying a value of adaptation of 29.2%. I find that the value of
adaptation depends on two features of future climate shocks: their intensity and their cor-
relatedness across crops and regions. The value of adaptation increases with the intensity
of future shocks but decreases with their correlatedness across crops and regions. While the
empirical section of this paper does not focus on migration as an adaptation channel, I ex-
tend the baseline model to allow for migration, subject to a migration elasticity found in the
literature in the context of developing countries. When migration is an additional channel
of adaptation, the value of adaptation increases from 29.2% to 41.1%. I test the robustness
of these findings by varying the functional forms of damage functions, adjusting parameter

values, and altering the intensity and correlatedness of future climate shocks.

This project relates to the evolving literature on responses to climate shocks and the
importance of such responses in mitigating the impact of climate change on welfare. Most
papers focus on a subset of rainfall, temperature, flooding, drought or cyclone shocks, and
study their impact on agriculture, sectoral reallocation, migration, firm performance, etc.
Kala et al. (2023) provide a brief overview of this literature. The seminal papers studying
the effects of climate change on agriculture and sectoral reallocation, the outcomes of interest

in this paper, include Costinot et al. (2016) and Conte et al. (2021) respectively.

I contribute to the literature in three ways. First, the long time span of the climate data
and the frequency of cyclone and flooding in Bangladesh provide an ideal setting to estimate
medium-term adaptation responses to climate shocks. Many studies exploit short term
variation in weather, as opposed to medium-term shifts in the propensity of climate shocks
(Guiteras (2009), Jessoe et al. (2018), Colmer (2021)). A caveat of this approach is that
short-term responses provide information about the impact of weather shocks, which may
be different from the response to medium to long-term shifts in climate risk. As mentioned
in Burke and Emerick (2016), exploiting longer-term shifts in climate risk provides a better

estimate of how agents react to sustained changes in shock propensity due to climate change.

Second, the existing literature on the economics of climate change has often focused on
using changes in precipitation and temperature as proxies for worsening climate conditions.
This includes Burke and Emerick (2016), who focus on US agriculture and Liu et al. (2021),



who focus on sectoral employment shifts and migration in India. While temperature and
precipitation changes are important mechanisms through which climate change will be ex-
perienced, another channel is the increasing likelihood of extreme weather events like floods,
droughts, and hurricanes. By relating the empirical results to the literature, I provide evi-
dence that extreme weather events do not necessarily have the same impact as changes in

temperature and precipitation.?

Finally, the existing literature has often focused on how a specific adaptation margin
reacts to an increase in climate risk. For example, Nath (2020) focuses on agriculture,
Colmer (2021) focuses on sectoral reallocation and while Peri and Sasahara (2019) focus
on migration as a response to climate shocks. I bring together two key decisions under
the same framework: (i) which sector to work in and (ii) if working in agriculture, which
crops to grow. In the model, an extension also incorporates migration as a third potential

channel of adaptation.?

Looking at the adaptation channels in isolation might ignore the
complementarities and linkages in decision making across the different channels, or how the

presence of a channel of adaptation affects the importance of others.

The rest of the paper is organized as follows. Section 2 describes the data sources and
section 3 presents the empirical results on the importance of the two adaptation channels.
Section 4 presents the structural model, followed by section 5 that parameterizes the model
and section 6, which uses the model to answer counterfactual questions and calculate the

value of adaptation. Section 7 concludes the paper.

2 Data

Agriculture census: I collect data from the Agriculture Census of Bangladesh for the
years 1984, 1996 and 2008 from the Zila series books published by the Bangladesh Bureau
of Statistics (BBS). The census provides information on land use by crop, net cultivated area,
share of irrigated land, number of agricultural holdings, etc. for all upazilas of Bangladesh.
To deal with changing boundaries of upazilas over time, I aggregate agriculture data to

upazilas as they existed in 1984, resulting in 460 upazilas.

Population census: I use population census data from the years 1981, 1991, 2001 and

3In their respective settings, Mueller et al. (2014) and Boustan et al. (2012) talk about the heterogeneous
effects across different types of climate shocks.

4T do not have empirical results on migration due to lack of data on origin of individuals in each upazila
or a share of residents who are migrants. For a study on migration in response to flooding in the context of
Bangladesh, see Patel (2024) here.


https://dev-patel.com/content/Floods.pdf

2011. T collect the data for 1981 and 2011 using the Zila series books published by BBS.
For 1991 and 2001 censuses, I use the 10% samples from IPUMS. The population census
has data on the age structure, sectoral employment, labour force participation, etc. at the
upazila level. To deal with changing boundaries of upazilas over time, I aggregate population

data to upazilas as they existed in 1981, resulting in 451 upazilas.

Water level data: Due to the history of flooding in Bangladesh, the country has a number

5 T collect

of stations along the main rivers that record the water level on a daily basis.
this data from Institute of Water Modelling (IWM) of Bangladesh, who shared the monthly
maximum and minimum water level records for 182 stations from across the country. I
use this data to construct monthly flood maps at the upazila level from January 1951 to
December 2020 that report flood level in meters. The methodology used to construct the

flood maps is described in more detail in section A.1 in the appendix.

Cyclone data: Data on cyclone landfalls from 1960 to 2020 is collected from the World
Bank.® T use the information on the cyclone path and windspeed to construct monthly
cyclone incidence at the upazila level. The methodology used to construct the cyclone shocks

is described in more detail in appendix section A.2.

Other data: The Household Income and Expenditure Survey (HIES) 2010 is used to obtain
expenditure shares on different commodities and is to parameterize the utility function.
Additional geographic and climate data used to construct monthly flood maps includes data
on elevation and rainfall. Elevation data comes from Shuttle Radar Topography Mission
(SRTM) while monthly rainfall data for Bangladesh comes from Dewan et al. (2022), who
use multiple sources to collect data from 1901 to 2018 at the level of a grid defined at
2 decimal places.” Finally, a road network map of Bangladesh is obtained from Logistics
Cluster, and used to implement the Fast Marching Method (FMM) to calculate bilateral

trade costs for upazilas.®

Table A1 and A2 in the appendix summarize the key statistics from the agriculture and
population census respectively. In the agriculture sector, there was a large increase between
1984 and 2008 in the share of land that is irrigated, and a decline in the average size of

the agricultural landholding. Aman rice remained a major crop across the three years, but

SWater level stations are a more accurate proxy for flooding in Bangladesh than rainfall. Due to its
geographic location as a delta of two major rivers, the country can experience flooding without any rain due
to upstream runoff (Philip et al., 2019).

6The dataset is called Cyclonic Storm Landfalls In Bangladesh, West Bengal And Odisha 1877-2016 and
can be accessed here.

"Each grid cell represents an area of roughly 1.11 x 1.11 kilometers.

8The road network map can be accessed here.


https://datacatalog.worldbank.org/search/dataset/0037840
https://dlca.logcluster.org/print-preview/4469

there was an increase in the share of land growing Boro rice, the variety grown in the winter
season. From the population census, we see an increase in population density of the country

and a decline in the share of labour employed in the agriculture sector.

3 Empirical results

In this section, I present the reduced-form results relating to the impact of an increase in
flooding and cyclone propensity along two adaptation channels: crop choice and sectoral
employment choice. For both channels, I use a panel approach to identify plausibly causal
estimates, in line with the recent climate economics literature (Dell et al., 2014). The panel
approach relies on the idea that controlling for the upazila and region-time fixed effects, the
variation induced by decadal shifts is quasi-random. To complement the panel approach,
I replicate the analysis using first differences, which works with decadal changes in the

dependent and independent variables instead of levels.

The cyclone and flooding data is at the monthly level, but the outcome variables are every
12 years in the case of agriculture census data or 10 years in the case of population census
data. To aggregate monthly climate shocks to yearly level, I use the maximum observation
within each year. For example, the highest monthly observation of flooding in an upazila for
1995 defines the flooding shock for the upazila for 1995. When working with crop seasons
instead of annual seasons, the maximum observation during the crop season is taken as
the shock (table A3 in the appendix shows the cropping seasons for the six major crops
in Bangladesh). The climate shocks are then averaged across the previous 10 or 12 years,
resulting in average flooding and cyclone propensity in the previous 10 or 12 year period.
Plots A3 and A4 in the appendix show the upazila level distribution of the average flood and
cyclone shocks over the previous 12 years for 1984, 1996 and 2008.

3.1 Crop choice and climate shocks

To identify the impact of increase in cyclone and flooding propensity on crop choice, I use

the specification in equation 1. The panel includes five main crops of Bangladesh: Aus rice,



Aman rice, Boro rice, Wheat and Jute.”

Sh landyc; = Bicropflooding, .; 19,4 1 +Beye.cropcyclone, ., 104 1 +VD s +H0uctaciteues (1)

Sh land, ., is the share of Net cultivated area' used to grow crop c in upazila u at time t.
flood,, .11 represents the average level of flooding (in meters) in upazila u during the season
of crop ¢ in the past 12 years, while cyclone, ., ; represents the average cyclone windspeed
(in 100 kmph) experienced by upazila u during the season of crop ¢ in the previous 12 years.
vp. are division-year fixed effects that control for unobserved region-specific confounding
factors over time, where divisions are the first unit of administration in Bangladesh. 6, .
are upazila-crop fixed effects and control for any time invariant characteristics for growing
crop c in upazila u, such as how productive an upazila is in growing a particular crop. ¢y
represents crop type-time fixed effects and control for changes in national or world prices
of different crops, changing preferences or changing production technology common to crop
types. Bficrop and Beye erop are the coefficients of interests that measure the extent to which
increases in average flooding and cyclone propensity changes land share devoted to each crop.

Standard errors are clustered at the level of upazila-year.

Table 1 presents results for equation 1.'* Column 1 includes Division-year fixed effects
while column 2 does not. Based on column 1, an increase in propensity of flooding by
0.1 meter during a crop’s season decreases the share of land used to grow the crop by 7.9
percentage points, while an increase in cyclone propensity by 10 kmph reduces the share
of land used to grow the crop by 2.3 percentage points. The share of land used to grow a
crop could be affected not just by flooding and cyclone propensity during the season of the
crop, but also their propensity outside the season.'? To further isolate the effect of in-season
climate shocks on crop choice, column 3 and 4 of table 1 controls for average flooding and
cyclone incidence outside the season of the crop over the previous 12 years. Focusing on

column 3 of table 1, the absolute value of the coefficient increases on the inclusion of these

9Potato is excluded as cropped area for Potato is not available in 1984. These 5 crops accounted for
79.4% of Gross cropped area in 1984, 82.6% in 1996 and 70.7% in 2008. These 5 crops along with Potato
are considered ‘major crops’ by Bangladesh Bureau of Statistics (BBS) in its annual publications.

10Net cultivated area is the total amount of land used for agriculture in a given year. This is different
than Gross cropped area, which is the sum of area planted across all crops.

UFollowing Burke and Emerick (2016), table A4 in the appendix reports the results of specification of
equation 1 in first-differences, instead of a panel specification.

12Two upazilas with the exact same characteristics, facing the same prices and with the same level of
flooding during Aman rice season could still have different land shares for Aman based on how severe the
flooding and cyclone shocks are during the seasons of other crops.



Table 1: Crop choice and climate shocks

Dependent Variable: Land share for crop in Net cultivated area
(1) (2) (3) (4)
flooding level (m) -0.794**  -0.741***  -0.864*** -0.832***
(0.108) (0.106) (0.109) (0.109)
cyclone windspeed (100 kmph) -0.234**  -0.187**  -0.342***  -0.189**
(0.096) (0.094) (0.101) (0.094)
flooding level out season (m) 0.326™*  0.310"**
(0.087) (0.089)
cyclone windspeed out season (100 kmph) -0.408***  -0.267***
(0.093) (0.082)
Division-year FE Yes No Yes No
Upazila-crop FE Yes Yes Yes Yes
Crop type-year FE Yes Yes Yes Yes
Observations 6,765 6,765 6,765 6,765

Note: The panel includes years 1984, 1996 and 2008. Standard errors clustered at the
upazila-year level in parentheses. Only those upazilas that had non-missing observa-
tions for all three years have been included. Observations are weighted by the average
Net cultivated area of the crop in the upazila across the three census years. * p<0.10,
** p<0.05, *** p<0.01

controls.'3

I test the robustness of the baseline results in table 1 in a number of ways. First, the
impact of the flooding and cyclones on crop choice may be nonlinear, and only kick in
after a certain level of intensity. To address this, I define binary indicators for flooding and
cyclone shocks. A crop in an upazila faces a flood in a particular year if the biggest flood
during the crop’s season in that year in the upazila is more than 0.5 meters - an often used
threshold for defining moderate flooding in Bangladesh (Islam et al., 2019). Similarly, I
define a cyclone based on whether the highest windspeed during the crop’s season exceeded
61 kmph, in line with the definition of hurricanes based on Yang (2008). I then average the
shocks over the previous 12 years to align cyclones and flooding with the agricultural census
data outcomes. The resulting variable represents the probability that a given upazila-crop
combination experienced a flood or cyclone in the past 12 years. Table A6 in the appendix
reports the regression results using these binary indicators, which are largely consistent with
those in table 1.

13The coefficients on flooding outside a crop’s season are positive in column 3 and 4 of table 1, but negative
on cyclone outside the season. One possible explanation is that cyclones lead to a reallocation of land toward
crops not included among the five main crops in table 1. To test this, I examine how the share of land
allocated to other crops responds to flooding and cyclone shocks. Table A5 in the appendix indicates that
while greater flooding propensity reduces land allocated to other crops, greater cyclone propensity increases
it. This suggests that flooding leads to reallocation among the five main crops themselves, whereas cyclones
shift land use toward other crops.



Second, I run specifications for all five crops individually, to check if particular crops
are more affected by flooding and cyclones. As can be seen in table A7 in the appendix,
Aman rice is the most affected crop among the five selected crops. This is unsurprising,
as Aman is grown from July to November, coinciding with both the flooding and cyclone
seasons (see figure A5). Indeed, Aman rice is the only crop that is grown in the middle of
the flooding season. Other crops could be exhibiting limited passthrough of climate shocks
either because the shocks are very small during the crop’s season'?, or that adaptation out
of those crops has already happened in upazilas exposed to those shocks, such that further
increases in climate shocks has limited effects. That is not the case with Aman rice, as it is

widely grown: 49% of Net cultivated area was used to grow Aman rice in 2008.

There are few papers in the literature identifying the impact of increasing climate risk
on crop choice, especially climate risk arising from cyclones and floods. Burke and Emerick
(2016) find a large negative impact of decadal changes in temperature and precipitation on
maize and soy yields in the US. However, they find limited adaptation in terms of the crops
farmers grow. Auffhammer and Carleton (2018) show in the context of India that areas
with higher crop diversity of planted area display measurably more drought resilience, but
not necessarily diversity increasing in response to drought risk. The estimates from table
1 empirically support the findings in Costinot et al. (2016), who use a general equilibrium
model to estimate that climate change would result in a 0.26% reduction in global GDP
through its effects on crop yields, but the reduction would be 0.78% if farmers could not

adjust their crops, emphasizing how critical crop adjustment is in mitigating climate change.

3.2 Sectoral employment and climate shocks

The second adaptation channel I study is structural change: if the propensity of flooding
or cyclones increases in an upazila, one way individuals can adapt is change the sector they
work in. A priori, the impact of climate shocks on sectoral employment is ambiguous.
On one hand is the “food problem” interpretation of Gollin et al. (2007), where developing
countries specialize in agriculture despite low productivity because of the importance of
food. If this interpretation is correct, then an increase in flooding or cyclone propensity will
reduce agriculture productivity, making more people work in agriculture due to the non-
homotheticity involved in consumption of agricultural goods. This effect will be exacerbated
in an environment of high trade costs, which would reduce the ability of an upazila to import

food from elsewhere. On the other hand is the relative productivity interpretation, where

14For example, wheat is grown and harvested from mid-November to March, thus avoiding both the
flooding and cyclone seasons.



individuals shift away from agriculture as it becomes less productive compared to the non-
agriculture sector. To estimate the effect of climate shocks on sectoral employment, I use

the following specification:

Sh agri employment,, ;, = B empflooding, ; 10.,—1 + Beye.empCyclone, ; 10,1 + vt + 0u + Euy
(2)

Table 2 shows the impact of an increase in propensity of flooding and cyclones on agricul-
tural employment.’ Since the population census data exists at 10 year intervals, flood,, ; 1
and cyclone, ; ; represent the average flooding (in meters) and average cyclone windspeed
(in 100 kmph) experienced by upazila u in the previous 10 years. 6, is upazila specific fixed
effect, controlling for time-invariant characteristics of an upazila. vyp, are division-year fixed

effect and control for unobserved region-specific confounding factors over time.

In column 1 of table 2, which includes both upazila and division-year fixed effects, while
an increase in propensity of cyclones by 10 kmph decreases the share of workers that work
in the agriculture by 1.5 percentage points, I find that an increase in the propensity of
flooding has a marginally positive, but statistically insignificant effect on share of workers in
agriculture. Using column 1 of table 2, which constructs the climate shocks based on binary
outcomes, a 10 percentage point increase in the probability of being hit with a cyclone

decreases agricultural employment share by 1.7 percentage points.

One interpretation of this result is that while an increase cyclone propensity worsens
outcomes for the agricultural sector, this need not be true for flooding. Unlike cyclones,
floods can have offsetting benefits: receding waters deposit nutrients and sediment, boosting
post-season productivity (Wright et al., 2015). The negative effects of flooding during the
season and positive effects outside the season could cancel each other out. Another difference
lies in the timing of flooding and cyclone shocks. An increase in flooding only affects one
growing season: that of Aman rice. It is possible for farmers to avoid the flood season
and switch to other crops. In contrast, as shown in figure A5 in the appendix, increases
in cyclone propensity would affect two distinct seasons: April-May and October-November.
This decreases the potential to transition to other crops, and could explain why workers

simply move out of agriculture as cyclone propensity goes up.

I find some evidence of this mechanism: table A10 in the appendix runs a specification

similar to equation 2, but with cropping intensity as the dependent variable. Cropping

15Table A8 in the appendix shows the results of the specification 2 in first differences, by taking differences
over 10 year intervals. Table A9 shows specification 2 with log of the agriculture employment share as the
dependent variable, instead of level of the share. Both alternative specifications yield estimates comparable
to 2.

10



intensity is calculated as the ratio of Gross and Net cultivated area, and is a measure of how
many crops per unit of land are grown in an upazila in a calendar year. Based on column
1 of table A10 in the appendix, an increase in cyclone propensity by 10 kmph implies that
0.176 fewer crops are planted per unit of agricultural land. However, increases in flooding
propensity does not lead to a statistically significant change in the number of crops planted
per unit of land. Second, I use additional data from the agriculture census to see if the
patterns are consistent with the result in table 2. If increase in cyclone propensity shifts
people out of agriculture but not flooding, I should also see agricultural land decline in a
similar way. Table A1l in the appendix shows that increase in cyclone propensity indeed

reduces total agricultural land, but not flooding.

Table 2: Agricultural employment and climate shocks

Dependent Variable: Agricultural employment share
(1) (2) (3) (4)

flooding level (m) 0.032 0.039
(0.036) (0.032)

cyclone windspeed (100 kmph) -0.152***  -0.072***
(0.033) (0.024)

flooding binary -0.016 -0.003
(0.018) (0.018)
cyclone binary -0.170*** -0.104***
(0.032) (0.025)
Division-year FE Yes No Yes No
Upazila FE Yes Yes Yes Yes
year FE No Yes No Yes
Observations 1,804 1,804 1,804 1,804

Note: The panel includes years 1981, 1991 and 2001 and 2011. Standard errors
clustered by upazila in parentheses. * p<0.10, ** p<0.05, *** p<0.01

Table 2 would suggest that the relative productivity interpretation holds, with people
moving out of agriculture as it becomes less productive compared to the non-agriculture
sector. Liu et al. (2021), which also focuses on decadal shifts in agricultural employment in
the context of India, find that an increase in temperature increases the share of workers in
agriculture, in line with the food problem interpretation. However, there is a difference in
the nature of the climate shocks being analyzed: the damage from flooding and cyclones can
take on extreme proportions, which is unlikely to happen with precipitation and temperature,
where the damage functions are flatter (Agnolucci et al., 2020). If agents are risk-averse,

the possibility of an extreme event would shift them away from crops where such events

11



are likely. While these second-order effects are potentially interesting in differentiating the

impact of different climate shocks, I do not pursue them in this paper.

4 Model

Section 3 demonstrates that switching crops and sectors is an important channel through
which individuals adapt to an increase in the propensity of climate shocks. This section
develops a quantitative general equilibrium model that incorporates decisions along these
two margins of adaptation. The model provides a framework to study the welfare impact of
adaptation, and incorporates differences across upazilas in terms of their productivity, trade
costs and heterogeneity across plots. There is no migration in the baseline model, but I

extend the model to allow for migration in section D.1 of the appendix.

There are N upazilas in the model, indexed by u,n. K, is the total amount of land in
upazila u and L, is the total population. There are ¢ € C' crops, with each upazila producing
its own unique variety of each crop. Both manufacturing and agricultural goods are tradable

subject to symmetric iceberg trade costs 7,,.

4.1 Consumer preferences

Representative consumers get utility from consumption and supply labour inelastically in the
labour market of the upazila. Consumer preferences incorporate a structure that combines
Cobb-Douglas consumption of agricultural and manufacturing goods, and CES aggregation

over crops and varieties:

o [e% 11—«
Uu - Cu,ACu,M
Im

N om—1 ¢ —1q =2
;ni om—1 1 UZE oqg—1
where Cy p = [ E cun"jw] . Cya= [ g (ac)7a Cy ]
n

Oc

N
ge=1 oc—1
and Cu,c = [ E Cug,cc i|

n

The upper nest is composed of Cobb-Douglas preferences over agricultural consumption
Cy,4 and manufacturing consumption C, ps. « represents the share of expenditure that is
allocated to agricultural goods. For each crop ¢ € C' and the manufacturing good, consump-

tion Cy. and C, ys are aggregated over varieties of the good from all other upazilas. o, > 1
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determines how substitutable manufacturing varieties are with each other, o, > 1 determines
substitutability across crops ¢ € C and o, > 1 determines how substitutable are different

varieties of each crop c. a. represent CES weights, with > _a. = 1.

Solving the representative consumers’ utility maximization problem delivers the associ-

ated expenditure in upazila u on each crop variety and manufacturing good variety:

l—om
Manufacturing: .., = (pu"’M> (1-a)Y,

Pu,M
un,c l-oe Pu c l-0q
Crops: Zeun = <];uc ) <m> a.Y, Ve (3)

where /., is total expenditure on the manufacturing good variety from upazila n in
upazila u, ., is total expenditure on the crop ¢ variety from upazila n in upazila u, Y, is
total income in upazila u and pys . is the price of crop ¢ produced by region n and sold in u.
This price depends on the iceberg trade cost and the price at source upazila py,c = TunPnc-

The associated price indices are given below:

_ 1—a pa
Pu — Pu,M Pu,A
l—om __ l—om
Pu,M - E :(pun,M)
n

Pi;{’“ = Z ac(ch)l_"“
ceC

Pz};oc = Z(pun,c)l_gc Ve

n

P, is the price index for crop c in upazila v and is an aggregate over prices of all varieties.
P, 4 is the agriculture price index and is an aggregate over price index of different crops.
P, is the price index of manufacturing sector in upazila v and P, is the overall price index,

which is Cobb-Douglas of the manufacturing and agriculture price index.

4.2 Production

Land in each region is divided into a continuum of plots of equal size. There are immobile
landlords who own the land and earn income from land rents. Production of each crop

requires a combination of land and labour, with share of each determined by crop specific

Ye-
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For each plot 7 in upazila u, the total return from growing crop c is given by
pu,c,uu,c(Ai,u,cKi,u)%lz‘l,;lc (4)

A; v.c represents crop-specific draw of agricultural productivity, which is independent and

identically Fréchet distributed across plots: F,.(a) = Pr{Ai.. < af = e_(Azyc) . The
productivity draw depends on an upazila-crop specific scale parameter A, ., which captures
the productivity of crop c¢ in upazila u. € > 1 is the shape parameter, which is an inverse
measure of heterogeneity of productivity draws across plots. The total return of each crop
depends on the price of the crop p,., the climate shock associated with the crop ¢ in w,
[y, the idiosyncratic productivity draw A, . and total land and labour input. I interpret
climate shocks p, . as capturing the long term shifts in the expectation of agents about
future damage of climate shocks on productivity, which agents take as given at the time of
cropping decisions.'® i, . € [0,1], and the higher the flooding and cyclone propensity, the
lower will be the value of (i, ., with the relationship captured by a damage function that will
be calibrated later. For tractability, I abstract from the case where the realization of the
shock fi,,. is different from the expectation of the shock.!” An implication of no uncertainty

is farmers taking prices of each crop as given at the time of their cropping decisions.

There is no market for land as land is owned by immobile landlords, but labour is hired
in the labour market of the upazila at upazila specific wage w,. The FOC for labour is given
by

(1 = Ye)Pu,ctbu,e(Aiu,e i) 15 = wy (5)

Combining equation 4 and equation 5 and using the fact that revenue net of labour costs
accrue to the farmer as rents, the rental return per unit of land from using the plot ¢ for
growing crop c is given by

1—7¢

1 1- Ve c
Tiu,e = A’4i,u,(:/yc(/JJu,cpu,c>’YC ( w ) A (6)

The landlord compares the return in equation 6 across crops and plants the one that

16Table A12 shows that agents decisions on crops are influenced not just by flooding and cyclone shocks
in recent years, but also the shocks further in the past, even after controlling for more recent shocks.

17See Allen and Atkin (2022) for a paper that studies the case where productivity is volatile and farmer
preferences are risk averse.
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offers the highest rent. They solve for the following maximization problem:

Max, 7 4.c (7)

There is also a manufacturing sector which is linear in labour and assumed to be un-
affected by climate shocks.'® A, 5 is the productivity of upazila u in the manufacturing
sector. The FOC of the manufacturing sector pins down the wage rate, and is assumed to

be unaffected by the climate shocks.

pu,MAu,M = Wy (8)

4.3 Crop choice

Solving the maximization problem in equation 7 using the Fréchet assumption, the land

share in each upazila u dedicated to growing crop c is given by:

0
Au,cﬁu,c
O )
1/6
where &, = [Z (Au,kﬁwk)e]
k

The share of land devoted in upazila u to crop ¢, m, ., will depend on the innate produc-
tivity of the upazila A, . and 3, ., which like in Sotelo (2020) can be interpreted as the return
per unit of efficiency land, as equation 6 implies r;, . = Ai,uvcﬁw.lg Given a set of prices
and wages, an increase in upazila-crop level productivity A, . will lead to a higher share of
land being used for that crop. Similarly, an increase in flooding or cyclone propensity for
crop ¢ will decrease fi,., leading to a decline in share of land used for the crop.?® @, is

an upazila specific summary statistic that summarizes the effect of prices, productivity and

18T assume that the non-agricultural sector is unaffected by climate shocks based on the results in table 2,
and the findings in Colmer (2021) and Albert et al. (2021) that the share of agricultural employment declines
in the face of higher temperatures and droughts respectively. This assumption relates to the relative impact
of climate shocks on the agriculture and non-agriculture sectors and does not necessarily imply no absolute
effect on the latter.

1—7¢
Ye

196%0 = ’Yc(,uu,cpu,c)% (1;ZC

2ONote that land shares for crop ¢ will also respond to increases in flooding and cyclone propensity for
crops other than ¢ in upazila u, an idea captured by columns 3 and 4 of table 1. An increase in flooding or
cyclone propensity for crop ¢’ # ¢, will lead to a larger land share being devoted for crop c.
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climate shocks of all other crops on share of land used for crop c.

Crop ¢ will be grown only on those plots where it offers the highest returns. The distri-
bution of productivities of plots that actually grow crop ¢ will be given by the conditional
distribution Pr[A; .. < a|AucBuc > AurpBurVk # ¢| , which using the properties of the

Fréchet distribution can be calculated as?!

Gucla) = exp{ - (BLZCL)G} Ve (10)

4.4 Sectoral employment

labour demand per unit of land can be derived from equation 5 and will be given by

- Ve e
li,u,c - ( ) Ai,u,c(pu,cluu,c)l/% (11)

Wy,

Note that equation 11 gives labour demand only if that particular plot is used to grow
crop c. The actual labour demand to grow crop c in upazila u will be given by summing labour
demand across all plots that actually grow crop ¢, for which the conditional distribution from

equation 10 needs to be used??:

1/'Yc
11—
1/7¢
lu,c = 71-u,c[(u ( Ai,u,c(pu,c,uu,c) /
ieTiuc>Tiuka

1—~\ @ 1
S o ( %) —I(1- )

Wy

(13)

Total labour used in growing crop c¢ in upazila u, [,., thus depends on the land used
for growing crop ¢ in upazila u, m,.K,, summary statistic ®,, and wage w,. I'(1 — %) is
the Gamma function. Total labour used to grow crop c¢ increases with the total land used
for crop ¢ and with the summary statistic ®, but decreases with the wage rate w,. Total

demand for labour in agriculture in upazila u, [, 4, is the sum of labour demand across all

6 _—60—1 0
21The associated PDF of equation 10 is 22u% — x exp{ - (L} = gucla) Ve

[
(Bu.c) Buca)
221¢ is useful to remember the mean of the conditional distribution in order to derive this:
o0 o, 1
/ agyc(a)da = xT'(1- =) (12)
0 51/,(: 0
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crops and can be calculated as follows:?3

o= lue= KU%F(l — %) > e % (1 ;7)

4.5 Total land rents

Based on equation 6, total rents for all plots that grow crop ¢ depend on the land used to
grow crop ¢, and the average return in those plots that actually decide to grow crop c in
upazila u. Total rents will be given by

1-=7¢

1 — Jc c
Tu,e = ’/Tu,cKu Aiuc’)/c(ﬂu,cpu,c)wlic < il ) A

1€ e >Tiuk VE Wy,

- 71-u,cf(u X Bu,c/ ag%C(a)da
0

1
= T, JC, @ (1 — 5)

Total return from land is simply given by K,®,I'(1 — %) , which is sum of total rents
across all crops. Total rents in an upazila thus depends on land K, and the summary statistic
(I)u~24

4.6 Market clearing

The total income of an upazila is the sum of labour income and income from land rents.

1
Y, = w,L, + K801~ )

For labour market clearing, we need the number of workers in agriculture and manufac-

turing to equal the total population of the upazila:

Z lu,c + lu,M = Lu (14)

where [,,57 in equation 14 represents the labour demand for the manufacturing sector. For

23Note that when the labour and land shares are equal across crops, such that 7. = v, total labour demand

in agriculture will boil down to K, 2«I'(1 — %) x (%)

24The T'(1 — %) shows up after taking the mean of productivities of plots in upazila u that actually grow
crop, which are also Frechet distributed based on equation 10.
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market clearing of the final goods, we need the labour and rental income from selling each

variety to equal the expenditure on each good by all upazilas. The market clearing equations

will be:
Manufacturing: w,l, pr = Z T M nu

! (15)
Crops: wylyc + Tye = Z TenuVe

4.7 Equilibrium

Given exogenous variables land K, labour L,, productivities { Ay ¢, Ay as Fvu.e, climate shocks
{1twe vue, trade costs {Tum bvum and parameters {«, o, Opm, 04, ac, 0, 7.}, an equilibrium is a
set of crop prices {pu.c}vuc, manufacturing goods prices {py s }tve and wages {wy vy, such
that (i) given prices and wages, consumers maximize utility according to equation 3 (ii)
given prices and wages, land and labour in each upazila is allocated to its most efficient
use, according to equation 9 and 13 and (iii) labour and product markets clear according
to equations 14 and 15. Section D.1 in the appendix extends above the model to allow for

migration.

5 Taking model to the data

In this section, I describe the parameterization of the model introduced in section 4. The
model will have N = 451, representing the upazila boundaries of 1981, and C' = 6 crops,
representing Aus rice, Aman rice, Boro rice, Wheat, Jute and Potato. Table 3 provides a

summary of calibrated/estimated parameters.

I draw demand side elasticities in the model from the literature. Following Caliendo and
Parro (2015), the elasticity of substitution across varieties within a crop, o, is set at 9.5
for all crops and elasticity of substitution across varieties of the manufacturing good, o,,,
is set at 5.5. For the elasticity of substitution across crops, I set o, = 2.5 following Sotelo
(2020). This is also in line with Farrokhi and Pellegrina (2023), who estimate an elasticity
of 3.1. T set @ = 0.6, which is the share of total income spent on agriculture, based on the
share of consumption expenditure on food in Bangladesh’s HIES (Household Income and

Expenditure Survey) 2010.

For upazila-crop specific productivities {Aye}vue, I use surveys by BARC (Bangladesh
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Table 3: Summary of calibration/estimation of parameters

Parameters Source/method for calibration
o (0.6) Share of expenditure on food in HIES 2010
om (5.5), 0. (9.5) Caliendo and Parro (2015)
0q (2.5) Sotelo (2020), Farrokhi and Pellegrina (2023)
0 (3) Sotelo (2020), Bergquist et al. (2022)

Calibrated to match the expenditure on each crop in
{actve HIES 2010

Calibrated to match share of upazila level
{ Aum bvu manufacturing employment in total manufacturing
employment in 2011

Indirect inference with logistic or exponential

{Muc}Vu,c functional form
Ve Calibrated using indirect inference
Fast Marching method using 2011 road network map
{Tun fvun + estimates from Pellegrina (2022)
Upazila crop specific estimates of productivity by
{Auc}Vu,c BARC
{Ly}vu Total employment in each upazila in 2011

Agricultural Research Council), who rate the suitability of each upazila for each of the major
crops based on 11 different parameters, such as soil permeability, soil salinity, soil nutrients,
etc.?® The data can be thought of as similar to GAEZ data used in Costinot et al. (2016),
but available at the level of upazilas and for the six major crops that are the focus of this
paper. Figure A7 in the appendix shows the relationship between calibrated productivities
and land shares for Aman rice and Wheat using a binned scatterplot. As can be seen in the
figure, there is a positive relationship between the productivity of the crop and the share of
land (Net cultivated area) devoted to the crop.?® @, which captures variance of productivity
draws across plots within an upazila, is set at 3. While Sotelo (2020) estimates a value of 1.7,
Bergquist et al. (2022) estimate a value between 1.8 and 4. For robustness, I also use 6 = 2
and € = 4 in calculating the value of adaptation in section 6. Finally, because there is no
unemployment in the model, I take total employment in each upazila in 2011 as a measure

of population of the upazila L,.

25The data can be found here.
26The data from Agriculture census 2008 was used to calculate land shares for Aman rice and Wheat in
figure A7.
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The climate shocks in the model . is a number between 0 and 1, with 1 representing the
case where there are no climate shocks. In the data however, I observe not the realizations of
iy but realizations of flooding (in meters) and cyclones (in kmph). Thus, a damage function
is needed to map realizations of climate shocks in the data to p,.. I assume that the pu,,
shock in the model at any given point of time t is multiplicative of the damage functions of

cyclone and flooding shocks:
Huct = ,uf(fuc,t) X ,uc(cuc,t)

Where pi( fuct) represents the flooding damage function and p.(cy.t) represents the cy-
clone damage function. In line with the definition of flooding and cyclone shocks in section
3, fuer and cy; capture medium term averages of flooding and cyclone incidence while
Huct captures perceived damage to crop c given those averages. Both these functions are
p: RY — [0, 1]. The climate literature has long discussed damage or hazard functions in the
context of climate shocks (See Prahl et al. (2016) for a review in the climate literature and
Nordhaus and Moffat (2017) for a survey in environmental economics). I work with 2 pa-
rameterizations of the damage functions. The baseline parameterization assumes a logistical

form to the damage function

1 1
X
1+ Cflfgc,t 1+ Ccyccic,t

Pt = (16)
In the damage function in equation 16, the parameters (s and (., regulate the extent to
which increases in flooding and cyclone propensity translate into perceived damage. Note
that they do not vary by crop, but different crops in an upazila can still have different g,
based on different average flooding and cyclone incidence during the crop’s season. When
both flooding and cyclone propensity are 0, fu,.; = 1 and there is no damage to output.
I also work with an alternative parameterization that assumes an exponential form to the

damage function.?”

The climate parameters (s and (g, along with the rest of the parameters such as land
share in production 7., crop-specific CES weights {a.} and manufacturing sector productiv-
ities {A, s} are calibrated internally. I calibrate a single value for ~., v which does not vary
by crop. The calibration is done using two loops. In the inner loop, for a given value of (y,
Ceye and v, {a.} are calibrated such that the share of expenditure on each of the six crops in

the model matches the expenditure share in the data.”® {A, ,/} is calibrated to match the

27Under exponential parameterization, the damage function is tuc,t = €XP(—Csifuc,t) X exp(—CoyeCucyt)-
28Tsolating the expenditure on rice, wheat, jute and potato in HIES 2020, rice accounted for 71.25% of
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share of upazila level manufacturing employment in total manufacturing employment in the
model to the share in 2011 in the data. The outer loop calibrates (y;, (. and v via indi-
rect inference, such that the distance between regressions coefficients using simulated data
match the coefficients in section 3.2 Parameters (f; and (., regulate the extent to which
increases in flooding or cyclone propensity translate into damage, and influence the extent
to which crop choice responds to increases in climate risk based on equation 9. They thus
influence the counterpart of By crop and Beye crop 0f equation 1 in the model simulated data.
~ directly affects the extent to which increases in flooding and cyclone propensity lead to
shifting of workers from agriculture into manufacturing. A higher labour share, or a lower =,
would imply a bigger shift of workers from agriculture to non-agriculture sectors. ~ directly

influences the counterpart of B¢ ¢pmp and Beyeemp of equation 2 in the model simulated data.

I perform the calibration using a grid search over different combinations of (y;, (cye and 7.
The calibrated value for the share of land in agricultural production function v = 0.4.3° The
calibrated value of climate shocks (f; = 2.25 and (.. = 0.5. The calibrated damage functions
for flooding and cyclones are displayed in figure 1. Conditional on there being no cyclones in
an upazila, an average flood propensity of 1 meter implies a i, of 0.31. Similarly, an upazila
with no flooding but an average cyclone propensity of 100 kmph implies a p,,. of 0.67. To get
a sense of what the calibration means in terms of p,,., figure A8 in the appendix plots the
calibrated climate shocks based on average flooding and cyclone incidence between 2000 and
2010 for Aman rice and wheat. For both crops, a number of upazilas have limited impact of
climate shocks, with p,. being close to 1 for most upazilas. A bigger share of upazilas have
substantive climate shocks for Aman rice than for Wheat, which is unsurprising given that
Aman season coincides with both flooding and cyclone seasons.

When working with exponential parameterization, I replace the functions in equation

31

16 with e~¢/* and e S and redo the calibration outlined above.?! The calibrated damage

expenditure, wheat 12.1%, jute 10.4% and potato 6.25%. The 71.25% share is apportioned to each variety of
rice based on share of production of each variety in 2008 Agricultural census. This leads to Aus share being
9.25%, Aman share being 33.5% and Boro share being 28.5%.

291 generate simulated data by solving the model using two sets of climate shocks: the average flooding
and cyclone incidence at the upazila-crop level in 2000-2010 vs the worst flood and cyclone shock in the
1960-2010 period. The outcome and climate variables are then differenced and a regression similar to table
A4 and A8 is run. (i, (eye and 7y are calibrated to match the regression in the model generated data to
coefficients in column 1 of table A4 and A8. The coefficient on flooding in table A8 column 1 is given 0
weight, in effect reducing the number of data coefficients to three.

30Farrokhi and Pellegrina (2023) have Cobb-Douglas technology in agriculture combining land and labour.
They estimate a labour share of 0.45, and thus a land share of 0.55, for traditional production technology.

31'With exponential parameterization, Cr1 = 1.5, (eye = 0.5 and . = 0.5. Note that the calibration with ex-
ponential parameterization also results in different calibrated values for CES weights {a.} and manufacturing
productivities {A, as} compared to logistic parameterization.
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functions with exponential parameterization are shown in appendix figure A6.

Figure 1: Calibrated damage functions (logistic parameterization)
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Finally, I parameterize the transport costs by applying the Fast Marching Method (FMM)
on a road network map of Bangladesh. FMM allows calculating the travel times between
any two upazilas of Bangladesh. To convert travel times into trade costs, I use the functional
form in Pellegrina (2022). Section A.3 in the appendix explains the steps taken for the FMM

procedure and to calculate trade costs in more detail.?

6 Baseline equilibrium and value of adaptation

I solve the baseline equilibrium with the model parameterized in section 5, but using the
average climate shocks from 2001 to 2010. The model delivers equilibrium prices {pucfvu.c
and {pyas fvu, which can be used to construct the object of focus in section 3: land shares for
each crop in each upazila {7}y, and the number/share of workers in agriculture in each
upazila {l, }v,. In the model extension in section D.1 where migration is allowed, the total

population in each location, {L, }v, is also determined in equilibrium.

6.1 Calculating the value of adaptation

To calculate the value of adaptation, I introduce alternative upazila-crop level climate shocks

of different intensities and correlatedness. Specifically, the three intensities are 1.5, 2, and

32Note that I am unable to back out trade costs from trade flows due to lack of within country trade data.
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2.5 times the average flooding and cyclone incidence during the 2001 to 2010 period. The
correlatedness varies from correlated (such that all upazila-crop combinations have the same
intensity), correlated at the upazila level (such that all crops within an upazila receive the
same intensity, but can vary across upazilas) to uncorrelated (such that all upazila-crop
combinations receive different intensities).** This leads to 9 unique sets of climate shocks.
Note that a doubling of cyclone and flooding propensity does not imply a double of climate
shock 4, .: the calibrated damage functions in figure 1 regulate the extent to which flooding

and cyclone propensity translate into damage to agricultural output.

For each set of alternative shocks, I solve two versions of the model. In the first version,
the economy is allowed to adjust freely. In the second version, labour {l,c, Ly }vu,. and land
use {7y pvuc 1s fixed as in the baseline equilibrium and no adaptation is allowed. Section D.2
in the appendix provides the additional equations necessary to solve the no adaptation version
of the model.>* For each of the nine combinations of alternative climate shocks, a unique
value of adaptation is defined based on how much worse welfare impact of counterfactual
climate shock is in the model without adaptation, versus model with adaptation.?® I define

welfare to be sum of real income across upazilas >, 2.
u

Table 4 shows the value of adaptation for alternative sets of climate shocks discussed
above. When the counterfactual shock is 2x 2000’s average flooding and cyclone incidence,
the welfare is 3.85% lower in the model without adaptation but only 2.98% lower with
adaptation, implying a value of adaptation of 29.2%. This means the welfare impact of
increase in climate risk is 29.2% worse in a world without adaptation, relative to a world
with adaptation. Another way of representing this is to say that adaptation offsets the

impact of increasing climate risk by roughly 23%.

The value of adaptation increases with the intensity of the future shocks but decreases
with their correlatedness. Allowing for no adjustment is costlier when the change in climate
shock with respect to the baseline shocks is higher, as the economy will be further from the
optimal allocation of land and labour. Correlated shocks imply lower adaptation value as
there are fewer options to adjust to. If Aman and Aus rice are both seeing a shock of similar
magnitude, there is little value in adapting away from one to the other. This intuition can

be seen in equation 9: abstracting away from price changes, an increase in {i,.} in equation

33When working with uncorrelated shocks, I vary the intensity across upazilas and/or crops, but maintain
the average same average intensity as the correlated shocks case.

34This method of estimating the importance of adaptation by fixing outcomes as in the baseline equilibrium
but using counterfactual climate shocks aligns with the method in Rudik et al. (2022).

35For example, if welfare in the baseline equilibrium is 100, 95 in the model with adaptation and 93 in the

model without adaptation, the value of adaptation is calculated as (%) x 100 = :—g x 100 = 40%.
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9 is proportionally the same for all crops will not change land shares.?¢

Table 4: Value of adaptation

Uncorrelated 23.6% 37.7% 7%

shocks
Correlated

at upazila 20.2% 32.1% 39.9%
level

Correlated 16.9% 29.2% 38.2%
shocks

1.5 x 2000’s avg | 2 x 2000’s avg | 2.5 x 2000’s avg
Intensity of the shock

In the model extension where migration is allowed, the baseline equilibrium involves
solving not just for prices {pue }vu,c and {puar pvu, but also the labour {L, }v, deciding to live
in each upazila. When calculating the value of adaptation in a model where migration is
allowed, version of the model without adaptation includes fixing not just labour and land
use, but also fixing the number of workers that live in each location.?” The chosen value
of migration elasticity is 2. In developing country contexts, Morten and Oliveira (2024)
estimate an elasticity of migration to real wages in Brazil of 1.9, while Tombe and Zhu
(2019) estimate a value of 1.2 to 1.6 in the context of China. Table 5 shows the value of
adaptation in a model where migration is allowed. In general, the value of adaptation rises
by 10 to 12 percentage points if migration is allowed in the model. The value of adaptation
now captures the adjustment margin of not just land use and labour allocation across sectors

and crops within an upazila, but also allocation of labour across upazilas.

The numbers in table 4 and 5 are in line with what earlier work has calculated, even
though the nature of climate shocks, the adjustment margins, counterfactual increases in
climate risk and modeling choices vary across papers. Using a dynamic model, Rudik et al.
(2022) find that migration and sectoral reallocation mitigates one-fourth of the negative
effects of climate change on welfare in the US. Focusing on temperature-driven reductions
in demand for agricultural labour in India, Colmer (2021) estimates that in the absence of
labour reallocation from agriculture to non-agriculture sector, local economic losses would
be 49 percent higher. The value of adaptation in table 4, which focuses only on crop changes

and sectoral reallocation, is lower than the estimate in Costinot et al. (2016). They find that

360f course, the same proportionate increase in flooding or cyclone shocks will still change land shares due
to non-linearity of the damage function.

37To keep numbers comparable to the model without migration, the object of welfare in the model where
migration is allowed is still defined based on ), };—Z, instead of the object that is equalized across locations
given in equation 18. This also helps compare the numbers to the version of the model with migration where
no adaptation is allowed, as the object in equation 18 is no longer equalized.
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Table 5: Value of adaptation with migration

Uncorrelated 34.3% 48.8% 58.3%

shocks
Correlated

at upazila 31% 43.6% 51.7%
level

Correlated 28.1% 41.1% 50.2%
shocks

1.5 x 2000’s avg | 2 x 2000’s avg | 2.5 x 2000’s avg
Intensity of the shock

global welfare losses from climate change are 0.26% of GDP, but 0.78% of GDP i.e. 3 times

larger, when farmers cannot reallocate production across crops.>®

6.2 Robustness checks to the value of adaptation

I test the robustness of the results in table 4 and 5. Table A13 shows the value of adaptation
if the assumed functional form is exponential and table A14 shows the value of adaptation
if the functional form is exponential and migration is allowed. The value of adaptation is
similar across the two functions, albeit a bit lower with the exponential functional form. In
the baseline equilibrium, # = 3. Table A15 and A16 show the value of adaptation when
0 = 2 and 6 = 4 respectively. In general, a higher # implies a larger value of adaptation
because crop choice responds more to increases in flooding and cyclone shocks, as can be
seen in equation 9. The importance of adaptation increases with 6 as the gap between the

frictionless equilibrium and the no adaptation equilibrium increases.

There is one drawback with the counterfactual shocks introduced in tables 4 and b5:
flooding and cyclone propensity is worsened under the alternative shocks only in upazilas that
had non-zero propensity of the shocks in the 2001-2010 period i.e. worsening happens along
an intensive margin. For any upazila with zero average flooding in 2000s, the alternative
shocks also have zero average flooding. To address this, I calculate value of adaptation under
a ‘worst case’ scenario, where the alternative climate shocks are the worst realization of the
shock that the upazila-crop combination saw between 1960 and 2010. I find that the value

of adaptation under the worst case scenario is 23.7%.%

38This is partly a function of how value of adaptation is defined. The absolute difference between adaptation
and no adaptation welfare, relative to baseline welfare, is comparable with Costinot et al. (2016): 0.87% of
baseline welfare here versus 0.52% of baseline GDP in Costinot et al. (2016).

39Under this scenario, welfare would be 9.95% lower without adaptation, but 8.05% lower with adaptation.
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6.3 Spatial heterogeneity in the value of adaptation

Upazilas do not gain equally from adaptation. To explore the extent to which value of
adaptation varies across upazilas, I focus on the counterfactual where flooding and cyclone
intensity at the upazila-crop level is 2x it’s 2000’s average, and such increases are perfectly
correlated across upazilas and crops. This counterfactual is the third row and middle column
in table 4.

Figure 2 plots the upazila level difference in welfare in the world with adaptation and
without adaptation, in response to counterfactual increases in flooding and cyclone propen-
sity. For Bangladesh as a whole, welfare is 3.85% lower in the model without adaptation
but only 2.98% lower with adaptation, relative to baseline equilibrium, implying a difference
of 0.87%. However, this number hides substantial heterogeneity across upazilas. As can be
seen in panel a of figure 2, most upazilas (95%) gain from adaptation, with roughly 5% of

upazilas being worse off in the world without adaptation.

What determines whether an upazila is better off with or without adaptation? The
key factor is the intensity of the counterfactual climate shock. Panel b of figure 2 plots
the difference in welfare in the model with adaptation and the model without adaptation,
relative to the baseline equilibrium, against the average percentage change in p, . for each
upazila. In general, the larger the decreases in average . due to increasing flooding and

cyclone propensity, the more valuable is adaptation for the upazila.

Figure 2: Heterogeneity in gains from adaptation in response to change in climate shocks

(a) Distribution of upazila level gains (b) Welfare gain vs change in climate shock
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7 Conclusion

I study the importance of adaptation in dealing with an increase in climate risk. Using
long-term data on flooding and cyclones in Bangladesh from 1960 to 2010, I find that an
increase in propensity of flooding and cyclones during a crop’s season shifts regions out of
those crops. However, while increase in cyclone propensity shifts workers out of agriculture

into the non-agriculture sector, increase in flooding does not.

I then develop a structural model that incorporates these two channels of adaptation
and calculate the value of adaptation i.e. in the face of increasing climate risk, how much
worse would welfare be if the two adaptation channels were shut off. The parameters of the
model are disciplined by the adaptation responses in the empirical section. I find that when
intensity of both flooding and cyclones doubles relative to the 2000s average, the value of
adaptation is 29.2%. In an extended model that allows for migration, the value of adaptation
goes up to 41.1%. The value of adaptation increases with the intensity of future shocks but

decreases with their correlatedness across crops and regions.

The paper highlights that agents adapt in various ways when facing increase in climate
risk, and such adaptation partly offsets the negative effects on welfare. A useful extension of
the paper could be to think meaningfully about uncertainty of future climate shocks, some-
thing I abstract from in this paper. Another extension could be to work on instruments for
adaptation. For example, what interventions can the governments make to ease transition of
farmers from high to low climate risk crops, or interventions to move them out of agriculture
and riskier regions? Identifying the design and nature of such interventions and evaluating

their efficacy could be a useful next step.
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A Data appendix

A.1 Construction of the flooding shocks

The water level data from IWM (Institute for Water Modelling) has data from 1951 to 2020
for 182 water level stations in Bangladesh. The left panel of figure A1 shows the location of
stations on a map. The data has the maximum and minimum water level recorded for each
month, along with the geolocation of each station. I take a number of steps to clean the raw
data. First, I remove anomalous observations based on large deviations from the mean for
every station-month-year combination. This removed 749 observations out of around 116700.
Second, I remove all observations for 5 specific stations whose observations were out of sync
with the surrounding stations for extended periods of time.** This leaves 177 stations with

115938 station-year-month level observations.

Figure Al: Station map and interpolation
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There are gaps in the water level records of these stations: with no gaps, there should be
148680 (177 x 12 x 70) observations between January 1951 to December 2020, which implies

close to 33000 missing observations.*! To impute missing values, I use the spatiotemporal

40This can happen because a cyclone or flood shock can affect the equipment used to measure the water
level, leading to wrong observations being recorded, or due to human error in reading the correct water level.

41 There are more observations missing in the 1951-1970 period, which is promising as I mainly use data
from 1971 onwards to construct the flood shock for the empirical exercise.
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relationship between stations. For each station-month-year observation, 5 nearby stations
are selected that (i) have data for the particular year-month and (ii) also have data in other
years for the same month when the station in question also has data. This allows me to use
the relationship between the station in question and the 5 selected stations in other years of
the same months to predict what the water level would have been in the current-year month.
I do this for all observations, irrespective of whether the data is missing or not, as long as
the panel to run the linear regression has at least 15 observations. The right panel of figure
A1l shows the relationship between the predicted maximum water level and the observed
maximum water level for observations where data is not missing. The figure suggests that

this method is reliable in filling missing observations.

To avoid mixing predicted and actual observations, only the predicted water level obser-
vations are used to construct flooding. I then transform these station-year-month records

into upazila-year-month level using the following steps:

1. For each month, a water surface image is created by interpolating maximum water
levels using inverse distance weighting onto a grid defined at 2-decimal precision in
latitude and longitude (approximately 1.11 x 1.11 km). Each grid cell uses data from

the four nearest stations for interpolation.

2. The level of rainfall, data for which is also available at a grid defined at 2 decimal

places, is added to the interpolated water surface level for each month.

3. Elevation for the grid cell is subtracted from the sum of 1 and 2.42

4. Steps 1-3 are repeated for each month from 1951-2020, producing monthly flood maps
at the grid level.

5. For each upazila, 1 average flooding across its grid points, setting negative values to

zero. This yields a upazila-year-month level flood measure in meters.

The left panel of figure A2 shows the flood map for August 2017, which was one of the biggest
floods in recent years. The map assigns a value of 1 to upazilas which had more than 0.5
meters of flooding. The map aligns well with the actual lood maps constructed at the time
by the Flood Forecasting and Warning Circle (FFWC) of Bangladesh (see figure 1 here).

42In addition, a correction of 0.46 m (1.5 ft) is applied as the water level stations are located 0.46 m below
the mean sea level. For more information, see here.
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A.2 Construction of cyclone shocks

To construct upazila-year-month level cyclone shocks, I use the Cyclonic Storms landfalls
database of the World Bank. The database has information on the path of each cyclone,
maximum windspeed and maximum radius that affected any part of Bangladesh between
1960 and 2020. While I use the information on cyclone path and radius from this database,
there seems to be coding errors for information on windspeed. For example, a large number
of cyclones are assigned a windspeed of either 35 or 65 knots. I instead use the windspeed
provided in databases of either JTWC (Joint Typhoon Warning Center) or BMD (Bangladesh

Meteorological Department).

Using information on the path of the cyclone, the maximum windspeed and maximum
radius, a map is created for each cyclone, with the cyclone shock in terms of windspeed at

the level of at a grid defined at 2 decimal places. This is done using the following steps:

1. T assume that each cyclone attains its maximum windspeed and radius at landfall, with

both the windspeed and radius declining linearly along the path of the cyclone.

2. For each cyclone, I create an inner and outer zone. The inner zone is based on the
radius in the Cyclonic Storms landfalls database. The outer zone is created based on
the maximum windspeed, with a cyclone with a higher windspeed having a larger outer
zone. Within the outer zone, the assigned windspeed goes from 100% of the inner zone

to 0% inner zone as distance from the eye of the cyclone increases.

The right panel of figure A2 shows the constructed map of cyclone Sidr that hit Bangladesh
in November 2007. There are two features to note about the map that shed light on the
construction of the cyclone shock. First, the the assigned windspeed and radius of the cyclone
decreases as the cyclone progresses on land. Second, the inner and outer zones are clearly
visible, with inner zones having a much higher assigned windspeed. I convert grid level data
on cyclone windspeed to upazila-year-month level by taking average over grids within each

upazila.
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Figure A2: Maps showing construction of flood and cyclone shocks

(a) Flood map of Aug 2017 (b) Map of cyclone Sidr: Nov, 2007
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A.3 Implementation of the Fast Marching Method to calculate

trade costs

To calculate trade costs between upazilas, I implement the Fast Marching Method (FMM)
on a road network map of Bangladesh.*® Primary roads (i.e. highways) are assigned a travel
speed of 48 miles per hours, secondary roads (i.e. all other roads) are assigned 24 miles
per hour, waterways 3 miles per hour and anywhere else on the map is assigned 2 miles per
hour. I build on the code in Allen and Arkolakis (2014) on how to implement the FMM.
The procedure gives the travel time (in hours) between any bilateral pairs of upazilas in

Bangladesh.

The functional form used to convert travel time (in hours) to trade costs is 7, =
So(travel time)® and the calibrated values of §; = 1.63 and §; = 0.076 are taken from
Pellegrina (2022). Additionally, trade costs within the upazila are set to be 1, so 7, = 1 if

U =n.

43The map used can be found here.

31


https://dlca.logcluster.org/display/public/DLCA/2.3+Bangladesh+Road+Network

B Additional tables and regressions

Table Al: Summary statistics (Agricultural census data)

Variable 1984 1996 2008

Land Share Irrigated 0.2 0.46  0.63

Average Landholding Size (in Acres) 201 152 1.26
Cropping Intensity 1.62 1.6 1.61

Share Aman Rice 0.59 059 0.49

Share Boro Rice 0.16 034 042

Share Wheat 0.07  0.08 0.03

Average Flood Level (m, previous 12 years) 029 031 0.34

Average Cyclone Windspeed (kmph previous 12 years) 241  4.18  4.96

Note: The table presents summary statistics for relevant agriculture census variables and
climate variables. For the agriculture census variables, the values are representative of
Bangladesh. For the climate variables, the values are averages across upazilas.

Table A2: Summary statistics (Population census data)

Variable 1981 1991 2001 2011

Population density (persons per Acre) 251  3.06 358 4.15
Average Household size 5.78 548 489 448

Agri employment share 0.61 0.55 0.53 047

Non-Agri employment share 0.39 045 047  0.53
Average Flood Level (m, previous 10 years) 0.3 032 033 0.31

Average Cyclone Windspeed (kmph, previous 10 years) 245  2.63 576  3.87

Note: The table presents summary statistics for relevant population census variables and climate
variables. For the population census variables, the values are representative of Bangladesh. For the
climate variables, the values are averages across upazilas.

Table A3: Cropping seasons for the six main crops

’ Crop ‘ Growing+Harvesting season
Aus rice Mid March to June
Aman rice End June to Mid November
Boro rice Mid November to Mid April
Wheat Mid November to March
Jute Mid March to June
Potato Mid September to Mid February
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Table A4: Crop choice

and climate shocks (first differences)

Dependent Variable:

A1, Land share for crop in Net cultivated area

(1) (2) 3) (4)
Ay flooding level (m) -0.435"*  -0.405"** -0.530™** -0.508***
(0.090)  (0.089)  (0.088) (0.088)
Ajy cyclone windspeed (100 kmph) -0.159* -0.059  -0.182* -0.052
(0.082)  (0.072)  (0.084) (0.071)
Ajoflooding level out season (m) 0.358*** 0.340***
(0.075) (0.080)
Ay cyclone windspeed out season (100 kmph) -0.122 -0.006
(0.075) (0.054)
Division-year FE Yes No Yes No
Crop type-year FE Yes Yes Yes Yes
Observations 4,510 4,510 4,510 4,510

Note: The panel includes years 1984, 1996 and 2008. Standard errors clustered at the upazila level in parentheses.
Only those upazilas that had non-missing observations for all three years have been included. Observations are

weighted by the lag of the area of the crop in the upazila. * p<0.10, ** p<0.05, *** p<0.01
g

Table A5: Crop choice and climate shocks (Other crops)

Dependent Variable:

Share of other crops in Gross cropped area

(1) (2)
flooding level (m) -0.176* -0.172%*
(0.057) (0.056)
cyclone windspeed (100 kmph)  0.076 0.197**
(0.080) (0.071)
Division-year FE Yes No
Upazila FE Yes Yes
year FE No Yes
Observations 1,353 1,353

Note: The panel includes years 1984, 1996 and 2008. Standard errors clustered by upazila
in parentheses. Only those upazilas that had non-missing observations for all three years
have been included. Observations are weighted by the average Net cultivated area of the
upazila across the three census years. * p<0.10, ** p<0.05, *** p<0.01
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Table A6: Crop choice and climate shocks (binary shocks)

Dependent Variable:

Land share for crop in Net cultivated area

(1) (2) (3) (4)

flooding binary -0.271*  -0.260**  -0.282**  -0.276"**
(0.051) (0.052) (0.052) (0.054)
cyclone binary -0.127  -0.328"*  -0.057 -0.151
(0.100) (0.115) (0.098) (0.106)
flooding binary out season 0.178* 0.170™*
(0.052) (0.052)
cyclone binary out season -0.4227*  -0.586"*"
(0.093) (0.108)
Division-year FE Yes No Yes No
Upazila-crop FE Yes Yes Yes Yes
Crop type-year FE Yes Yes Yes Yes
Observations 6,765 6,765 6,765 6,765

Note: The panel includes years 1984, 1996 and 2008. Standard errors clustered at the
upazila-year level in parentheses. Only those upazilas that had non-missing observa-
tions for all three years have been included. Observations are weighted by the average
Net cultivated area of the crop in the upazila across the three census years. * p<0.10,

% p<0.05, *F* p<0.01

Table A7: Crop choice and climate shocks (All crops individually)

Dep.variable:

Land share in Net cultivated area

Aus rice  Aman rice Boro rice  Wheat Jute
(1) (2) (3) (4) (5)

flooding level (m) 0.039 -0.318**  -0.968"  -0.499 0.183

(0.157) (0.108) (0.453)  (0.347) (0.170)
cyclone windspeed (100 kmph)  0.040 -1.242% 0.456*  -0.171 -0.148

(0.204)  (0.252)  (0.244)  (0.329) (0.134)
Division-year FE Yes Yes Yes Yes Yes
Upazila FE Yes Yes Yes Yes Yes
Observations 1,353 1,353 1,353 1,353 1,353

Note: The panel includes years 1984, 1996 and 2008. Standard errors clustered at the upazila level in
parentheses. Only those upazilas that had non-missing observations for all three years have been included.
Observations are weighted by the average area of the crop in the upazila across the three census years. *

p<0.10, ** p<0.05, *** p<0.01
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Table A8: Sectoral employment and climate shocks (first differences)

Dependent Variable: Aqp Agri employment share
(1) (2) (3) (4)
Ajp flooding level (m) 0.010 0.001

(0.032)  (0.031)
Aqg cyclone windspeed (100 kmph) -0.046** -0.047**
(0.022)  (0.022)

Ao flooding binary -0.011  -0.013
(0.018)  (0.017)
Ajp cyclone binary -0.060"*  -0.063**
(0.025)  (0.024)
Division FE Yes No Yes No
year FE Yes Yes Yes Yes
Observations 1,353 1,353 1,353 1,353

Note: The panel includes years 1981, 1991 and 2001 and 2011. Standard errors
clustered by upazila in parentheses. * p<0.10, ** p<0.05, *** p<0.01

Table A9: Sectoral employment and climate shocks (log of LHS)

Dependent Variable: log(Agricultural employment share)
(1) (2) (3) (4)
flooding level (m) 0.122  0.121%

(0.082)  (0.069)
cyclone windspeed (100 kmph) -0.207**  -0.090
(0.096)  (0.080)

flooding binary -0.002 0.017
(0.044)  (0.042)
cyclone binary -0.255™*  -0.167*
(0.085)  (0.073)
Division-year FE Yes No Yes No
Upazila FE Yes Yes Yes Yes
year FE No Yes No Yes
Observations 1,804 1,804 1,804 1,804

Note: The panel includes years 1981, 1991 and 2001 and 2011. Standard errors
clustered by upazila in parentheses. * p<0.10, ** p<0.05, *** p<0.01
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Table A10: Cropping intensity and climate shocks

Cropping intensity

(1) (2) (3) (4)

Dependent Variable:

flooding level (m) -0.097 -0.160
(0.134)  (0.110)

cyclone windspeed (100 kmph) -1.756***  -1.431***
(0.257)  (0.231)

flooding binary -0.012 -0.029
(0.067) (0.076)
cyclone binary -1.328"*  -1.646"**
(0.242) (0.236)
Division-year FE Yes No Yes No
Upazila FE Yes Yes Yes Yes
year FE No Yes No Yes
Observations 1,353 1,353 1,353 1,353

Note: The panel includes years 1984, 1996 and 2008. Standard errors clustered by
upazila in parentheses. Only those upazilas that had non-missing observations for
all three years have been included. Observations are weighted by the average Net
cultivated area of the upazila across the three census years. * p<0.10, ** p<0.05, ***
p<0.01

Table A11: Net cultivated area and climate shocks

log(Net cultivated area)

(1) (2) (3) (4)

Dependent Variable:

flooding level (m) -0.024 -0.166
(0.110)  (0.113)

cyclone windspeed (100 kmph) -0.494**  -0.446***
(0.164)  (0.140)

flooding binary -0.063  -0.094*
(0.052)  (0.054)
cyclone binary -0.545*  -0.479**
(0.237)  (0.208)
Division-year FE Yes No Yes No
Upazila FE Yes Yes Yes Yes
year FE No Yes No Yes
Observations 1,353 1,353 1,353 1,353

Note: The panel includes years 1984, 1996 and 2008. Standard errors clustered by
upazila in parentheses. Only those upazilas that had non-missing observations for
all three years have been included. Observations are weighted by the average Net
cultivated area of the upazila across the three census years. * p<0.10, ** p<0.05, ***
p<0.01
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Table A12: Crop choice and climate shocks (Dividing 12 year period)

Dependent Variable:

Land share for crop in Net cultivated area

(1) (2) (3) (4) ()
flooding_level_prev9tol2 -0.205*** -0.176™*  -0.211***
(0.046) (0.046) (0.050)
cyclone_windspeed_prev9tol2  0.054 0.041 0.023
(0.071) (0.074) (0.072)
flooding_level_prev5to8 -0.180** -0.116*  -0.109*
(0.061) (0.064) (0.060)
cyclone_windspeed_prev5to8 -0.179** -0.164**  -0.150***
(0.047) (0.046) (0.047)
flooding_level prev4 -0.694** -0.716*
(0.082) (0.080)
cyclone_windspeed_prev4 -0.051 -0.016
(0.065) (0.068)
Division-year FE Yes Yes Yes Yes Yes
Upazila-crop FE Yes Yes Yes Yes Yes
Crop type-year FE Yes Yes Yes Yes Yes
Observations 6,765 6,765 6,765 6,765 6,765

Note: The panel includes years 1984, 1996 and 2008. Standard errors clustered at the upazila-year
level in parentheses. Only those upazilas that had non-missing observations for all three years have
been included. Observations are weighted by the average area of the crop in the upazila across
the three census years. * p<0.10, ** p<0.05, *** p<0.01

Table A13: Value of adaptation (exponential damage function)

Uncorrelated 13.9% 92.3% 28%

shocks
Correlated

at upazila 11.5% 18.6% 23.4%
level

Correlated 9.5% 16.3% 21.4%
shocks

1.5 x 2000’s avg | 2 x 2000’s avg | 2.5 x 2000’s avg
Intensity of the shock

Table A14: Value of adaptation with migration (exponential damage function)

Uncorrelated 22.4% 30.6% 36.2%

shocks
Correlated
at upazila 20.3% 27.3% 32.2%
level

Correlated 18.6% 925.3% 30.1%

shocks
1.5 x 2000’s avg | 2 x 2000’s avg | 2.5 x 2000’s avg
Intensity of the shock
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Table A15: Value of adaptation (logistic damage function, 6 = 2)

Uncorrelated 20.3% 32.4% 40.3%

shocks
Correlated

at upazila 18% 28.4% 35.1%
level

Correlated 14.8% 25.5% 33.3%
shocks

1.5 x 2000’s avg | 2 x 2000’s avg | 2.5 x 2000’s avg
Intensity of the shock

Table A16: Value of adaptation (logistic damage function, 6 = 4)

Uncorrelated

25.4% 40.6% 50.7%

shocks
Correlated

at upazila 21.3% 34.1% 42.5%
level

Correlated 18.1% 31.2% 40.8%
shocks

1.5 x 2000’s avg | 2 x 2000’s avg | 2.5 x 2000’s avg
Intensity of the shock

C Additional figures
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Figure A4: Upazila level distribution of cyclone shocks (prev 12 years)
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Figure A5: Month wise flood and cyclone propensity (1960-2010)
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Figure A7: Crop shares and calibrated productivities
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Figure A6: Calibrated damage functions (exponential parameterization)
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Figure A8: Calibrated p,. with logistic damage function (2001-2010)
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D Model Extensions and additional derivations

D.1 Model with migration

In this section, I add migration to the model of section 4. Location preferences are added to

the utility function, which will now look like the following:

« l—«a
U’iu = Eiu u,ACu,M
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Apart from consumption of agriculture and non-agriculture composite, the utility for in-
dividual ¢ from living in upazila u also depends on the idiosyncratic preference shock e;,.
Individuals will draw preference shocks e;, across locations and choose to live in a loca-

tion that offers the highest utility. The preference shocks will be drawn from the following
Y
distribution Frechet F, .(¢) = Prle;, <¢e] =e” (<)

A, represents the dispersion of preference draws across workers in each location. A higher
A implies lower dispersion of shocks, which would make migration more responses to differ-
ences in real wages. In such a model, the share of workers that live in each location, using

the properties of the Frechet distribution, will be given by

S T/ (17)

Note that migration is based on real wages in equation 17, and not total income per
capita. Land rents accrue to landlords who are immobile. Based on equation 17, a higher
real wage would incentivize a bigger share of workers to live in the upazila. The object that

will be equalized across locations in equilibrium is the expected utility given by
- 1 Wy 3\ /A
W=r-(X ) (18)

Equilibrium of the model with migration is similar to the equilibrium in section 4.7,
with the additional equation that the total labour in each location {L,}v, determined in

equilibrium and pinned down by equation 17.

D.2 Counterfactuals with fixed crop and sectoral employment shares

This sections contains equations necessary to solve the counterfactual model where crop,
sectoral employment shares and labour in each upazila are not allowed to adjust and are
fixed at the baseline equilibrium. In a world where total population, crop shares and the
number of workers in each sectors is fixed, the return for a plot of land ¢ growing crop ¢ in

upazila u is given by

Wy

Pucluc 1=,
—Puc,bsMuc,bs (AiMCKiU)% liuc -

wu,bsliuc = TiucKiu
Puc,bsHuc,bs Wy, bs

where the subscript bs represents the value in the baseline equilibrium. Note that because
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we are fixing the number of workers in each sector/crop, the amount of labour used in each
plot will still be given by the FOC of the baseline equilibrium in equation 5 and l;ye = liycps-
We can boil down the above equation to the following

1—7¢

1- c c Puctuc Wy,
< L ) A (/Luc,bspuc,bs)l/%Aiuc a - (1 - %) = Tiuc (19)
Wy, bs Pue,bsHuc,bs Wy, bs

Equation 19 gives the return per unit of land in an economy where adaptation is not

allowed. The total rents from all plots growing crop ¢ in upazila u will be given by

1 — e\ 5 P w
Tue = Wuc,bsKu ( C) i (;U/uc,bspuc,bs)1/’yC |: ucfluc - - (1 - ’70)} Aiuc
1E€EAjue> A Vk Way, bs Puc,bsHuc,bs Wy, bs

1— e\ 5 Puclt w
= ( C) i (MuC,bspuqbs)l/ﬁC [ e - - (1 - Vc)] 7Tuc,bsl(u aguc(CL)da

Wu,bs DPuc,bsuc,bs Wy, bs i€ A ue>AjurVk

w P 1

_ |: Pucluc . n (1 . 76)] Wuc,bsKuLbs X F(l _ 5)

Puc,bs Huc,bs Way, bs Ve

The same solution for the distribution as in equation 10 is used above as the plots
that actually grow crop c stays the same as in the baseline equilibrium. This implies that
the summary statistic ®,, from the baseline equilibrium will be used to solve for the no

adaptation equilibrium.

With no adaptation, total labour demand for a given crop ¢ stays the same as in the
baseline equilibrium at l,.5sVc. With labour used fixed in each crop/sector at the number
of workers in the baseline equilibrium, total labour used in the manufacturing sector will
be given by [,ps and total revenues from them manufacturing sector will be given by

Durt Aunrlunps- Total income in the upazila is given by
Yu = wuLu + Z Tuc

The market clearing conditions in equation 15 will still continue to apply, and labour
market clearing in equation 14 will hold by design as labour use is fixed across sectors.
Under the counterfactuals where no adaptation is allowed, equilibrium will involve finding

prices and wages, given the allocations, prices and wages of the baseline equilibrium.
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